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Abstract

Three-dimensional (3D) ultrasound imaging has contributed to our understanding
of fetal developmental processes in the womb by providing rich contextual
information of the inherently 3D anatomies. However, its use is limited in clinical
settings, due to the high purchasing costs and limited diagnostic practicality.
Freehand two-dimensional (2D) ultrasound imaging, in contrast, is routinely used
in standard obstetric exams. The low cost and portability of 2D ultrasound render
it uniquely suitable for use in low- and middle-income settings. However, high level
of expertise is always involved and it inherently lacks a 3D representation of the
anatomies, which limit its potential for more accessible and advanced assessment.
Capitalizing on the flexibility offered by freehand 2D ultrasound acquisition, this
thesis presents a deep learning-based framework for optimizing the utilization
and diagnostic power of 2D freehand ultrasound in fetal brain imaging.

First, a localization model is presented to predict the location of 2D ultrasound
fetal brain scans in the 3D brain atlas. It is trained by sampling 2D slices
from aligned 3D fetal brain volumes, such that heavy annotations for each 2D
scan are not required. This can be used for scanning guidance and standard
plane localization.

An unsupervised methodology is further proposed to adapt a trained localiza-
tion model to freehand 2D ultrasound images acquired from arbitrary domains,
for example sonographers, manufacturers and acquisition protocols. This enables
the model to be used at the bedside in practice, where it can be fine-tuned with
just the images acquired in any arbitrary domains before inference.

Building upon the ability to localize 2D scans in the 3D brain atlas, a
framework is further presented to reconstruct 3D volumes from non-sensor-
tracked 2D ultrasound images using implicit representation. With this slice-to-
volume reconstruction framework, additional 3D information can be extracted
from the 2D freehand scans.

Finally, a semi-automatic model, trained only on raw 3D volumes without any
manual annotation, is presented to segment any arbitrary structures of interest
in 3D medical volumes, while only requiring manual annotation of a single slice
during inference. The model is tested on wide variety of medical imaging datasets
and anatomical structures, verifying its generalizability.

In the design of the framework presented in this thesis, three fundamental
principles, namely minimal human annotation, generalizability and sensorless
operation, are followed to optimize its seamless integration into the clinical
workflow. This may modernize freehand routine scanning and enhance its
accessibility, while maximizing the clinical information gained from routine scans
acquired as part of the continuum of pregnancy care.
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Abstract

Three-dimensional (3D) ultrasound imaging has contributed to our understanding of
fetal developmental processes in the womb by providing rich contextual information
of the inherently 3D anatomies. However, its use is limited in clinical settings,
due to the high purchasing costs and limited diagnostic practicality. Freehand
two-dimensional (2D) ultrasound imaging, in contrast, is routinely used in standard
obstetric exams. The low cost and portability of 2D ultrasound render it uniquely
suitable for use in low- and middle-income settings. However, high level of expertise
is always involved and it inherently lacks a 3D representation of the anatomies,
which limit its potential for more accessible and advanced assessment. Capitalizing
on the flexibility offered by freehand 2D ultrasound acquisition, this thesis presents
a deep learning-based framework for optimizing the utilization and diagnostic power
of 2D freehand ultrasound in fetal brain imaging.

First, a localization model is presented to predict the location of 2D ultrasound
fetal brain scans in the 3D brain atlas. It is trained by sampling 2D slices from
aligned 3D fetal brain volumes, such that heavy annotations for each 2D scan are not
required. This can be used for scanning guidance and standard plane localization.

An unsupervised methodology is further proposed to adapt a trained localization
model to freehand 2D ultrasound images acquired from arbitrary domains, for
example sonographers, manufacturers and acquisition protocols. This enables the
model to be used at the bedside in practice, where it can be fine-tuned with just
the images acquired in any arbitrary domains before inference.

Building upon the ability to localize 2D scans in the 3D brain atlas, a framework is
further presented to reconstruct 3D volumes from non-sensor-tracked 2D ultrasound
images using implicit representation. With this slice-to-volume reconstruction
framework, additional 3D information can be extracted from the 2D freehand scans.

Finally, a semi-automatic model, trained only on raw 3D volumes without any
manual annotation, is presented to segment any arbitrary structures of interest
in 3D medical volumes, while only requiring manual annotation of a single slice
during inference. The model is tested on wide variety of medical imaging datasets
and anatomical structures, verifying its generalizability.

In the design of the framework presented in this thesis, three fundamental
principles, namely minimal human annotation, generalizability and sensorless



operation, are followed to optimize its seamless integration into the clinical workflow.
This may modernize freehand routine scanning and enhance its accessibility, while
maximizing the clinical information gained from routine scans acquired as part
of the continuum of pregnancy care.
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1.1 Motivation

Central nervous system (CNS) abnormalities are one of the most common classes

of congenital diseases (i.e. diseases that are present from birth) [1]. For example, in

the UK, the prevalence of neural tube defects is 1-2 per 1000 births [2]. Many of

the abnormalities can be diagnosed early by medical imaging, making it essential

for monitoring fetal growth. Relying on pulses of high-frequency sound waves,

two-dimensional (2D) ultrasound imaging is safe to use even for the fetuses, who

are young and vulnerable. Together with its cost-effectiveness, real-time acquisition

capabilities and portability, freehand 2D ultrasound is routinely used for monitoring

fetal growth and assessing fetal anatomy. In the UK, at least two ultrasound scans

are recommended during pregnancy, normally taking around half an hour per session

[3]. In the scanning session, as illustrated in Fig. 1.1, the sonographer needs to

1



2 1.1. Motivation

Figure 1.1: Illustration of freehand ultrasound scanning. The sonographer manually
adjusts the position of the ultrasound probe (blue arrow) based on the feedback from the
2D scans (green arrow) displayed on the screen in real time (red arrow).

manually navigate the ultrasound probe. The screen will display the corresponding

2D scans in real time and he or she needs to identify different anatomic landmarks

of the fetal brain from the planes and then use these landmarks to determine the

standard planes of view [4]. Different biometric measurements are finally collected

from these views to monitor the fetal brain development. The detailed protocol

for fetal brain scanning is reviewed in Chapter 2.1.

Two-dimensional ultrasound is the preferred choice for fetal brain scanning in

clinical practice. However, more sophisticated diagnosis still relies on magnetic

resonance imaging (MRI), which is more expensive, resource-demanding and not

suitable for all pregnancies, and hence limiting its utilization and accessibility in

resources-constrained settings. Although some modern ultrasound equipment, such

as 3D and 4D machines, may also provide more detailed diagnostic information, when

compared to the basic 2D ultrasound, they are not usually available, especially in

the low- and middle-income countries (LMIC) [5]. The goal of this thesis, therefore,

is to capitalize on the flexibility offered by freehand 2D ultrasound and maximize its
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diagnostic potential, which may benefit the obstetric services in different settings.

In order to achieve that, several factors that limit the potential and use of 2D

ultrasound need to be first identified:

(i) High level of expertise is always involved in the scanning, which relies on

in-depth understanding of fetal anatomy and experience in ultrasound imaging.

This requires a significant amount of training and shortage of adequately

skilled personnel may form a barrier for its use [6].

(ii) Each 2D ultrasound image is limited to representing a cross-sectional view of

the 3D anatomy, which inherently fails to capture rich contextual volumetric

information.

Addressing these challenges is not trivial due to the unique properties of 2D

ultrasound images, when compared to images acquired from other medical imaging

modalities. For example, computerised tomography (CT), by design, captures the

anatomy in 3D during scanning, while other 2D imaging modality, such as X-ray,

captures a projectional view, but not a cross-sectional view, of the 3D body.

In order to address the aforementioned limitations and optimize the potential and

utilization of 2D ultrasound for fetal brain imaging, this thesis presents several deep

learning-based components, comprising of an end-to-end framework to assist the

acquisition of 2D ultrasound fetal brain images and the extraction of volumetric and

structural information from them. The proposed framework is able to localize 2D

ultrasound images in the 3D brain atlas, which may assist the freehand navigation

during the scanning. With the localized images, the proposed framework further

reconstructs a 3D volume, from which different 3D structures and regions can

be segmented semi-automatically.

To maximize the impact of the framework and its utilization at the bedside,

three fundamental principles are followed:

Minimal Human Annotation (MHA). In the era of deep learning, big data

is critical to the performance of the models. Specifically, training a deep neural
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network requires a lot of data and their corresponding manual annotations for the

task of interest, for example ImageNet [7]. However, in the medical imaging field,

obtaining data manually annotated by domain experts is costly and challenging.

Therefore, whenever possible, the training (and inference) pipelines of the work

presented in this thesis are formulated as unsupervised or self-supervised [8] learning

problems, substantially reducing the burden on expert annotators to manually

produce labels, when compared to conventional supervised learning.

Generalizability (G). In practice, medical images are acquired from different

scanners (i.e. cross-vendor variability) with different acquisition protocols. Together

with other sources of variation, such as patients’ demographics, the trained models

usually fail to generalize to the diverse distributions, due to the limited coverage

of the training data, and, hence, can suffer a catastrophic drop in performance

when applied to data from a different domain. Therefore, this thesis focuses on the

generalizability of the proposed models, to ensure that they have the potential to

be utilized in practice, beyond medical research applications.

Sensorless Operation (SO). The major advantages of 2D ultrasound are its

cost-effectiveness and portability. In order to retain these strengths, the proposed

framework only requires image information, and does not need any positional

information from an external sensor. This would facilitate their direct application

to most of the existing 2D scanning devices, which are available in most obstetric

care units, without modification. Specifically, the proposed framework should be

genuinely software-based, where addition of external sensor is not prohibited and

may contribute to further improvement. Nevertheless only image information is

already sufficient to achieve satisfactory performance.
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1.2 Thesis Contribution

The main contribution of this thesis is a deep learning-based framework for optimiz-

ing the utilization and diagnostic power of 2D freehand ultrasound in fetal brain

imaging. The framework, as summarized in Fig. 1.2 is composed of four components,

namely plane localization (Chapter 3), unsupervised domain adaptation (Chapter

4), slice-to-volume reconstruction (Chapter 5) and semi-automatic segmentation

(Chapter 6). This section outlines each of their major contributions and overviews

their mutual relationships and dependencies on their roles in the framework. The

contributions will also be linked to the three aforementioned fundamental principles

(Section 1.1), as superscriptMHA, G, SO.

Chapter 3 - 3D Localization of 2D Images. As the first component of the

framework, PlaneInVol is proposed to predict the plane location of 2D ultrasound

fetal brain scans in a 3D brain atlas. PlaneInVol can be used for scanning guidance

and standard plane localization. It provides the following novel contributions: Firstly,

PlaneInVol is genuinely sensorlessSO (i.e. in both training and inference stages),

which is particularly important for fetal imaging. Fetal motion is independent

and uncorrelated with the freehand positioning of the probe. A tracking sensor,

therefore, can only record the probe position but not the plane position due to

the relative motion between the fetus and the probe. Many related approaches

(reviewed in Chapter 2.6) rely on sensor tracking in either training or inference

stage, limiting their applicability in point-of-care setting. Secondly, PlaneInVol

is trained by sampling 2D slices from aligned 3D fetal brain ultrasound volumes,

resembling the idea of self-supervised learning, such that heavy annotations for each

2D scan are not requiredMHA.

Chapter 4 - Adaptive Localization of 2D Images. Since PlaneInVol is trained

with 2D slices sampled from 3D ultrasound volumes, there is no guarantee that the

trained model will have equally good performance on native freehand 2D ultrasound

images, which can be acquired from machines from different manufacturers and with
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different acquisition protocols. In this chapter, this limitation will be addressed

by the proposed AdLocUI, a framework that Adaptively Localizes 2D Ultrasound

Images in the 3D brain atlas. Specifically, a novel domain adaptation methodology

is presented to adapt a trained localization model (e.g. PlaneInVol) to freehand

2D ultrasound images acquired from arbitrary machinesG. Since the domains (e.g.

sonographers, manufacturers and acquisition protocols) can have many different

variations and it is impossible to collect manual annotation for each of them, an

unsupervised domain adaptation frameworkMHA is proposed, where the trained

network can be fine-tuned by AdLocUI with just the images of the target domain

before inferenceG.

Chapter 5 - Volumetric Reconstruction from 2D Images. In this chapter,

ImplicitVol is proposed to reconstruct 3D volumes from non-sensor-tracked 2D

ultrasound images. In Chapter 3, PlaneInVol is presented to predict the location of

2D ultrasound fetal brain scans in the 3D brain atlas, which is used by ImplicitVol

for images’ location initialization. ImplicitVol will then jointly refine the images’

locations and learn the volumetric reconstruction. Most prior works focused on

volumetric reconstruction from 2D ultrasound images rely on sensor tracking in

either training or inference stages, while ImplicitVol is genuinely sensor-freeSO.

In addition, ImplicitVol is the first study that relies on implicit representation

for the ultrasound volumetric reconstruction task.

Chapter 6 - Volumetric Segmentation from a Single Slice. Building upon

the ability to reconstruct a 3D volume from 2D ultrasound fetal brain images by

ImplicitVol as proposed in Chapter 5, a more general problem regarding 3D

medical volumes will finally be investigated, namely semi-automatic segmentation.

In this chapter, Sli2Vol is proposed to segment any arbitrary structure of interest

(SOI) in 3D volumes while only requiring manual annotation of a single slice.

Training Sli2Vol requires only raw volumes, but not any manual annotation, and

during inference, any arbitrary SOIs in 3D volumes can be segmented by only
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manually annotating a single slice within the volumeMHA. It will be demonstrated

that a single trained Sli2Vol model can work on wide variety of datasets and

anatomical structures, without any parameter-tuningG. To the best of my knowledge,

this is the first study to undertake cross-domain evaluation on such large-scale and

diverse benchmarks for semi-automatic segmentation approaches, which shifts the

focus to generalizability across different devices, clinical sites and anatomical SOIs.

1.3 Thesis Structure

There are seven chapters in this thesis. In this chapter (Chapter 1), the motivation,

contribution and structure of this thesis are introduced. Chapter 2 includes the

literature review of the relevant topics. The contribution chapters (Chapter 3-6)

present the components of the proposed framework for optimizing the utilization

and diagnostic power of 2D freehand ultrasound in fetal brain imaging. Finally,

the works are concluded in Chapter 7 and the limitations and potential future

works are discussed.

In each contribution chapter (Chapter 3-6), the motivation and contribution of

the proposed model will first be introduced, followed by the technical details of

the methods. The experimental details, including the dataset and experimental

setup, are then described, followed by the experimental results. Finally, the

chapter will be concluded by summarizing the findings and relating them to the

overall framework proposed in this thesis.

1.4 Publications

The works presented in this thesis have been published on (or submitted to) the

following conferences and journals:
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Chapter 3 Yeung, P.H., Aliasi, M., Papageorghiou, A.T., Haak, M., Xie, W.

and Namburete, A.I.,: Learning to Map 2D Ultrasound Images into 3D Space with

Minimal Human Annotation., Medical Image Analysis, vol. 70, pp.72-86, May 2021.

Chapter 4 Yeung, P.H., Aliasi, M., Haak, M., the INTERGROWTH-

21st Consortium, Xie, W. and Namburete, A.I.,: Adaptive 3D Localization of 2D

Freehand Ultrasound Brain Images., International conference on Medical Image

Computing and Computer Assisted Intervention (MICCAI), 2022.

Chapter 5 (under review) Yeung, P.H., Hesse, L., Aliasi, M., Haak, M.,

the INTERGROWTH-21st Consortium, Xie, W. and Namburete, A.I.,: Sensorless

Volumetric Reconstruction of Fetal Brain Freehand Ultrasound Scans with Deep

Implicit Representation., submitted to Medical Image Analysis.

Chapter 6 Yeung, P.H., Namburete, A.I., and Xie, W,: Sli2Vol: Annotate

a 3D Volume from a Single Slice with Self-Supervised Learning., International

conference on Medical Image Computing and Computer Assisted Intervention

(MICCAI), 2021.
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2
Literature Review

In this chapter, the relevant literature on topics that are closely related to the

work presented in this thesis is reviewed. It starts with summarizing obstetric

ultrasound scanning and comparison between the 2D and 3D ultrasound. After that,

several related topics of deep learning are reviewed. The methods for computer-

aided ultrasound scanning and slice-to-volume registration for ultrasound and other

medical imaging modalities are finally discussed .

Contents
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2.7.1 Conventional Approaches . . . . . . . . . . . . . . . . . 44
2.7.2 Deep Learning Approaches . . . . . . . . . . . . . . . . 45

2.1 Obstetric Ultrasound Scanning

Ultrasound has been widely used in obstetric care since the 1970s [9]. Unlike X-ray

and CT, ultrasound is non-ionizing and much safer, making it well-suited for fetal

scanning. Also, ultrasound is generally much cheaper and portable than MRI, which

makes it more suitable to be used in different settings. Normally, minimum of two

standard ultrasound scanning sessions, one performed between 11 weeks to 14 weeks

of gestation and the other performed between 18 weeks to 20 weeks of gestation,

are needed [3]. For the first session, the nuchal translucency and the crown rump

length are measured to estimate the chance of the fetus being affected by anomaly,

such as Down’s syndrome and Edwards’ syndrome. The second session involves

more detailed examination of fetal anatomy, including the head, abdomen, femur

and spine, to monitor the fetal growth and assess the health condition of the fetus

[10].

2.1.1 Ultrasound Scanning of Fetal Brain

A major part of the scanning session focuses on fetal brain examination, which

will be discussed in detail in this section. In order to ensure that the screening

results are consistent and reproducible, some organizations, such as Public Health

England, have published guidelines for fetal ultrasound scanning [3]. Normally,

during 18 to 20 weeks of pregnancy, a session of transabdominal ultrasound scanning

is undertaken and several biometric parameters related to fetal head/brain, namely

head circumference (HC), atrium of the lateral ventricle and transcerebellar diameter

(TCD) are manually annotated and measured with digital callipers [3]. The standard

approach is to first identify different anatomic landmarks of the fetal brain. The

sonographer will then use these landmarks to determine the standard planes of
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Figure 2.1: Location of the standard planes of view of the fetal brain. (a) Biparietal
diameter (BPD) plane; (b) transthalamic (TT) plane; (c) transcerebellar (TC) plane.
Adopted from [1].

view (Fig. 2.1), namely the transventricular (TT) plane, the transcerebellar (TC)

plane and the biparietal diameter (BPD) plane [11]. The biometric measurements

collected from these standard planes are correlated with brain development and

potential anomalies by checking the normal range of values at a particular age on the

fetal growth chart or tables [12]. HC is normally used for gestational age estimation

during 13-25 weeks [12] and studies [13, 14] have suggested that TCD is also a

reliable biomarker for such task. Besides, Vinkesteijn et al. [15] suggested that

reduced TCD was observed in fetuses with chromosomal abnormalities. In addition,

ventriculomegaly (i.e. enlargement of the lateral ventricle), which is potentially

associated with variety of neuropsychiatric disorders, can be diagnosed by measuring

the atrium of the lateral ventricle during ultrasound scanning [16, 17].

Besides those quantitative measurements, sonographers or clinicians may also

rely on qualitative evaluation by inspecting different anatomic structures, such

as the lateral ventricles, cavum septi pellucidi (CSP), cerebellum and cisterna

magna, within the standard planes to check for anomalies [1]. For instance, the

CSP can be identified in the TT plane from as early as 15 weeks of gestation and its

absence or enlargement shown in the ultrasound images may indicate abnormal brain

development and diseases, such as septo-optic dysplasia, holoprosencephaly and

middle interhemispheric variant [18–20]. The cerebellum and cisterna magna can be

visualized in the TC plane and CNS abnormalities, for example meningomyelocele

and encephalocele, may be reflected by the absence or abnormal size or shape of
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these two structures [21]. These are all qualitative screenings that are suitable for

most pregnancy cases, Paladini et al. [1] highlighted the need for more detailed

fetal neurosonography for diagnosis of complex malformations. Detailed fetal

neurosonography focuses on the qualitative assessment of a set of additional planes of

view, for example the transfrontal plane, the transcaudate plane and the parasagittal

plane. Basically, sonographers will align the ultrasound probe to various biomarkers

of the fetal head to identify those planes and then assess the anatomic structures and

their characteristics, including their presence, shape, size and texture, in these planes.

Although the detailed fetal neurosonography may provide richer diagnostic

information to the clinicians, the principle of the scanning is the same as the basic

screenings. They both rely on (i) moving the ultrasound probe to identify biomarkers

of the brain and hence the approximate location of the desired plane of view and

(ii) fine-tuning the probe position to obtain the optimal view for diagnosis. In other

words, finding the desired and accurate plane during scanning is an important part

in clinical ultrasound fetal brain imaging. However, this process requires adequate

understanding of fetal anatomy as well as knowledge and experience of ultrasound

imaging, which may involve significant amount of training and may not be available

in many settings. In addition, although criteria for manually locating the standard

planes are broadly defined [11], determining whether a particular view is optimal

involves subjective judgement and, hence, inter-operator variability is inevitable.

These limitations may be overcome by developing an automated tool for localizing

different planes in the 3D space, which is one of the contributions of this thesis.

2.1.2 Obstetric Ultrasound in Low- and Middle-Income
Countries

The cost-effectiveness and portability of ultrasound imaging enable it to be used in

low- and middle-income countries (LMIC). When compared to high-income countries,

hardware maintenance and repair are more difficult, posing extra challenges for

more bulky imaging devices, such as CT and MRI [22]. World Health Organization
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recognized the importance and potential of ultrasound imaging in primary healthcare

services by aiming to meet 90% of global needs of medical imagining with ultrasound

and X-ray [23]. While X-ray is ionizing and not suitable for most obstetric

needs, ultrasound imaging becomes an indispensable option. Application, such as

gestational age prediction, is particularly useful in LMIC [5], especially when the

last menstrual period is unknown or unreliable, which cannot be used to derive

the age. Accurate gestation age prediction is important for reducing inductions

for post term labor [24] and distinguishing between pre-term babies and babies

with low birth weight [25].

Despite the safety and potential advantages of ultrasound screening, it is still a

debatable topic for its routine usage in LMIC, mainly due to the resources concern

[26]. Specifically, having routine obstetric ultrasound may distract resources from

other healthcare services and, hence, causes disruption. For example, radiographers

are needed when performing ultrasound scanning, which may disrupt their operation

of X-ray scanning [27] One solution is to train lay providers, such as midwives

and nurses, for using ultrasound. Numerous studies [25, 28, 29] have suggested

that those health providers are capable to deliver obstetric ultrasound scanning

after intense training. Nevertheless, Henwood et al. [30] emphasized that continual

education and training should be followed, which can be resource-demanding in

LMIC. Remote learning is, therefore, a potential means to reduce the cost of

educational programs and training supervision [31]. Telecommunications may also

facilitate teleconsultation and remote ultrasound imaging, which may further ease

the shortage of human resources in LMIC [22, 32].

One of the potential contributions of this thesis is to localize 2D ultrasound

images in a 3D fetal brain atlas. It can be easily developed as an interactive

training framework to provide guidance and feedback to lay providers when they

are performing freehand ultrasound scanning. The other contribution, namely

volumetric reconstruction from 2D ultrasound images, may also facilitate offline

and secondary examination [33, 34], which is suitable for teleconsultation.
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2.2 Comparison between 2D and 3D Scans

While the scanning protocols introduced in Section 2.1 are all 2D-based, 3D

ultrasound imaging has emerged in some commercial ultrasound system, which makes

3D obstetric scanning possible. In this section, the current clinical applications,

limitations and potential of these two modes of ultrasound imaging are compared.

2.2.1 Current Clinical Application for Fetal Brain Imaging

Most of the current standard clinical ultrasound tests rely on 2D imaging [3, 10].

As reviewed in Section 2.1, 2D fetal ultrasound is used for measuring biometric

parameters, such as the HC and TCD, as well as facilitating qualitative assessment

of different cross-sectional views of the fetal brain. On the other hand, although 3D

ultrasound images of the head may be collected in some of the scanning sessions,

they are mainly used for non-diagnostic purposes, including visualization of fetus’

appearance for psychological purposes, such as improving maternal-fetal bonding

[35]. Some studies [36–38] suggested that clinically, 3D ultrasound of the fetal

head may also identify fetal facial abnormalities, for example cleft lip and palate.

Nevertheless, the application of 3D ultrasound for fetal brain imaging is still in

the research stage [39, 40] and it is not widely accepted for clinical and diagnostic

purposes.

2.2.2 Limitations and Potential

For 2D ultrasound scanning, a substantial amount of time is spent on finding

the standard planes and desired views in 3D space for evaluation and biometrics

measurement. Pistorius et al. [41] pointed out that scanning and assessment

time could be significantly reduced by 2
3 by using 3D ultrasound. Even though

analysis of 3D ultrasound images may take longer time, the overall scanning and

analysis is still faster for 3D ultrasound. This is an important consideration when

ultrasound is used in busy hospitals and clinics with high patient throughput [42].
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(a) Butterfly iQ (b) GE Voluson E8

Figure 2.2: Examples of some commercial ultrasound systems. (a) Two-dimensional
ultrasound images can be acquired by portable ultrasound probe and analysed on a
phone. (b) Acquiring and analysing 3D ultrasound images usually require bulkier and
more complicated hardware system.

This may also be useful in LMIC, as introduced in Section 2.1.2, where different

resources, including time, are limited.

During 2D ultrasound scanning, clinicians can only save a limited number of

fetal brain images. On the other hand, 3D ultrasound allows them to store the whole

brain volume and navigate through any random planes of view for offline analysis

[33]. There are several advantages of having access to 3D images. Firstly, clinicians

can re-interpret the image at any time and view a structure at different orientations

by navigating through oblique planes. Dückelmann et al. [43] suggested that this

allowed the clinicians to look at different views in different modes, such as thick

slice 3D rendering, when necessary, and may provide much richer information for

analysing the brain structures. Secondly, compared to 2D images, saved 3D images

are easier to be used for secondary examination by a clinical colleague not involving

in the scanning, which may lead to more objective and reliable diagnosis [33, 34].

There are also different studies suggesting the diagnostic potential of 3D

ultrasound. Merz et al. [39] found that 3D ultrasound was a more useful tool than
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2D ultrasound in detecting and evaluating the severity of fetal defects, such as

agenesis of the corpus callosum. 3D ultrasound can also facilitate extraction of

volumetric measurements, which may be used for growth analysis and assessing

abnormalities [40]. Vinals et al. [44] used 3D ultrasound to evaluate posterior

fossa and obtained different biometrics, such as the surface area of cerebellar

vermis. They suggested that such evaluation may potentially be used for early

diagnosis of vermian anomalies.

In addition, automated analysis techniques targeting 3D ultrasound fetal brain

images are being developed, for instance, models to predict gestational age [45,

46] and extract standard planes from 3D images [47]. In summary, 3D ultrasound

has great potential to provide higher degree of flexibility and more information

to clinicians during diagnosis.

Cost and size are another important consideration when comparing 2D and

3D ultrasound. The cost of a medical ultrasound system varies according to

its functionalities. A commercial system from quality brands with 3D scanning

capabilities normally costs more than £10,000. High-tier systems, such as GE

Voluson E10 and Siemens S2000, with more advanced features may cost more than

£100,000 [48]. With much simpler hardware requirement and probe design, some

handheld medical 2D ultrasound systems, such as Butterfly iQ and GE Vscan, cost

around £1,500 to £3,000 [49]. These handheld systems are about the size and

weight of a mobile phone or tablet computer, which makes them highly portable

(Fig. 2.2a). On the contrary, 3D ultrasound system, such as the GE Voluson E8

(Fig. 2.2b), is 1.3-meter tall with the weight of 120kg. The much higher cost and

bulkier size may limit the uptake of 3D ultrasound in some settings, for example

small hospital in remote regions.

One of the potential contributions of this thesis is to reconstruct 3D ultrasound

image of fetal brain from a sequence of 2D images acquired at different orientations.

This may bridge the advantages of both 2D and 3D ultrasound, by reserving the

cost-effectiveness, portability and routine usage of 2D ultrasound, while possessing

the aforementioned potential and flexibility of 3D ultrasound.
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(a) Step 1

(b) Step 2, stride equals 1

Figure 2.3: Computation of convolutional layer. (a) and (b) show two consecutive
computational steps, with stride equals 1.
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2.3 Convolutional Neural Network

This thesis is about computer-aided medical image analysis and processing, which

can be categorized as a sub-field of computer vision. Since 2012, the field of computer

vision has been revolutionized by convolutional neural network (ConvNet). It is a

subclass of multi-layer perceptron (MLP), where the sharing of kernel parameters

enables ConvNet to be robust to translation of objects in the image and less prone

to overfitting when compared to MLP, gaining it great success.

The first ConvNet-typed network was neocognitron [50], a hierarchical network

with multiple layers. It was inspired by human visual system, where local features

were extracted at earlier stages, which were gradually integrated into global features

at later stages.

ConvNet is most commonly used for processing data in the form of regular grid

structure, for example images (i.e. 2D grid of pixels) and volumes (i.e. 3D grid of

voxels). With an input image of dimensions of height H, width W and channel C,

it will pass through the convolutional layers, where matrix multiplication is taking

place, followed by non-linear activation, normalization and pooling. Normally, a

series (e.g. N) of such computation will result in a feature map of dimensions of

height H
2N , width W

2N and number of features F , which can be used for different

downstream tasks, for example classification and segmentation.

In this section, the basic building blocks of ConvNet will be introduced, followed

by different representative ConvNet architectures. The supervised training of

ConvNet will be presented finally.

2.3.1 Basic Building Blocks

Convolutional Layer. The convolutional layer is the core component of ConvNet.

When an input image is fed into a ConvNet, it will pass through a series of convolu-

tional layers (and other layers). By convention, the output from a convolutional

layer is called the features. The convolutional layer is composed of a set of learnable

filters of dimensions k × k × di × do, where k is the spatial dimensions of the filters
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(i.e. receptive field), di and do are the input and output depth, respectively. For

example, a convolutional layer of dimensions 3 × 3 × 16 × 64 will process input

features with depth 16 to output features with depth 64. When an input image or

its features pass through a convolutional layer, the filters slide through the whole

input image/features, where scalar product is computed to output the features’

value at each pixel location. Two hyperparameters, namely stride cs and padding

cp, need to be defined by the user. Stride refers to the step size of the filters.

If the stride is small, the receptive field will significantly overlap. Adjusting the

stride can control the degree of overlapping. Padding refers to concatenation of

some values at each border of the input. For example, zero-padding of 3 means

concatenating the input with 3 rows/columns of zeros at each border. The spatial

dimensions of the output features are controlled by the spatial dimension of the

input, cs and cp, using the following formulae:

Hout = Hin + 2cp − k

cs

+ 1 (2.1)

Wout = Win + 2cp − k

cs

+ 1 (2.2)

where Hin, Hout, Win, Wout are the input and output height and width, respectively.

Fig. 2.3 demonstrates the computation of a convolutional layer. The input

dimension is 5 × 5 × 1. With the filters of dimension 3 × 3 × 1 × 1, according to

Eqs. (2.1) and (2.2), the output features will have the dimensions of 3 × 3 × 1. In

practice, di and do are usually much larger than 1 and increase across layers, which

enables the extraction of increasing amount of features. When compared to MLP,

the number of filter weights is much lower, due to parameter sharing. This is based

on the assumption that different regions at the image share some similarities, which

can be identified with the same filter. Therefore, the filters can be reused, simply

by sliding them through the whole image. During training, the weights of the filters

are updated through backpropagation, which will be introduced later in this chapter.

Non-linear activation. The computation of convolutional layer only linearly

transforms the input. To learn the more complex non-linear relationships between
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(a) Sigmoid, 1
1+e−x (b) Tanh

(c) ReLU, max(0, x) (d) Leaky ReLU, max(αx, x)

(e) ELU, β(ex −1) for x < 0 and x for x ≥ 0

Figure 2.4: Examples of common non-linear activation functions.
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the input and the output, non-linear activation usually follows the convolutional

layer. The family of non-linear activation functions is big and still expanding. Some

common ones are plotted in Fig. 2.4 and introduced as follows:

• Sigmoid (Fig. 2.4a): Sigmoid is usually used in the output layer of ConvNet

when the output is probability-based (i.e. from 0 to 1), given that:

Sigmoid(x) = 1
1 + e−x

(2.3)

is within the range of 0 and 1. The major drawback of Sigmoid is the vanishing

gradient problem as x is getting closer to 1 or 0, the gradient of the function

will approach 0, making the training much slower and more difficult, especially

if the ConvNet is deep. Also, Sigmoid is non-zero centered, meaning that

the output from it is always moved to either positive or negative values.

This makes the training of the network more computationally expensive

[51]. Therefore, Sigmoid is seldom used with the hidden convolutional layers

nowadays.

• Tanh (Fig. 2.4b): Hyperbolic tangent (Tanh) is similar to Sigmoid, except

that it ranges from -1 to 1. Although it is zero centered, it also suffers from

the vanishing gradient problem as Sigmoid does. Therefore, although Tanh

was used with the hidden convolutional layers in early version of ConvNet,

such as LeNet [52], it is rarely used for this purpose nowadays.

• ReLU [53] (Fig. 2.4c): Rectified linear unit (ReLU) is one of the most popular

activation functions used with the hidden convolutional layers. Despite its

simplicity,

ReLU(x) = max(0, x) (2.4)

the vanishing gradient problem, as encountered by Sigmoid and Tanh, is

much less severe for ReLU because the gradient is always 1 when x is larger

than 0. In addition, its simple computation, without calculating divisions or

exponential, speeds up the whole training process.
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• Leaky ReLU (Fig. 2.4d): One problem of ReLU is that when x is negative,

the gradient is always 0, which will affect the training of the ConvNet. Leaky

ReLU retains small negative output values when x is negative by

Leaky ReLU(x) = max(αx, x) (2.5)

where 0 < α < 1 is a hyperparameter. This allows non-zero gradients even

when x < 0.

• ELU [54] (Fig. 2.4e): Similar to leaky ReLU, exponential linear unit (ELU)

also allows non-zero gradients when x is negative:

ELU(x) =
β(ex − 1), if x < 0
x, otherwise

(2.6)

where β is a hyperparameter. When compared to ReLU, the negative part of

ELU may push the mean output values closer to 0, which can speed up the

training and decrease the bias shifts.

• Sinusoidal: Sinusoidal (i.e. periodic) is not a common activation function

of ConvNet. Nevertheless, it achieves much better performance when it is

used for implicit representation (Chapter 5) as it is more capable of modeling

complex natural signals with fine details and, hence, their spatial and temporal

derivatives [55].

• Softmax: Softmax is usually used in the output layer of ConvNet for multi-

class classification problems. With an input of a vector of n elements, softmax

will output a value from 0 to 1 for each input element, which can be interpreted

as its probability, by:

Softmax(xi) = exi∑
j e

xj
(2.7)

where xi is the ith element of the input vector. The sum of the output values

of all elements equals to 1.
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(a) Batch Normalization (b) Layer Normalization

(c) Instance Normalization (d) Group Normalization

Figure 2.5: Examples of common normalization layers. H, W, F and B represent the
height, width, number of features and batch, respectively. Figures recreated from [56]

Normalization. In 2015, Ioffe et al. [57] proposed batch normalization

(Fig. 2.5a) for accelerating deep network training by reducing internal covariate

shift. It was suggested that during training, the continuous update and, hence,

shift of distribution of each layer’s parameters make the training more difficult. By

standardizing the mini-batch inputs of each layer to have approximately zero mean

and unit variance, higher learning rates and less deliberately-designed initialization

of parameters can be used for training deep ConvNet, accelerating the training and

leading to convergence of better solutions [56]. Debate about the contributions of



26 2.3. Convolutional Neural Network

batch normalization is still going on, but there are several more popular assumptions

trying to explain the success of it. Santurkar et al. [58] suggested that batch

normalization smooths the optimization landscape during the training, which

makes the gradient more predictive and, hence, leads to faster and more stable

training. Qiao et al. [59] studied it from the angle of elimination singularities.

It was suggested that batch normalization prevents the model from approaching

elimination singularities (i.e. points along the training trajectory where neurons

become deactivated). Getting too close to them may affect the training time and

cause adverse effects to the model performances.

Inspired by batch normalization, Ba et al. [60] proposed layer normalization

(Fig. 2.5b). Instead of computing the mean and variance over a mini-batch of

inputs, they are computed along the feature dimension, such that the normalization

is independent on the mini-batch size. It was originally proposed for recurrent

networks and is now used in most Transformer-typed networks [61]. Similarly, Wu

et al. [62] further proposed group normalization (Fig. 2.5d), which is also applied

along the feature dimension. The main difference is that features are divided into

g (i.e. a hyperparameter) groups, where each group is normalized separately. It

was designed for computer vision tasks, such as object detection and segmentation,

where small batch size is usually used due to memory constraint. For a special case

when g = 1, it is called instance normalization (Fig. 2.5c). Fig. 2.5 summarizes

different types of normalization and how the means and variance are computed.

Pooling. Pooling can reduce the spatial dimensions of the features. With fixed

and limited computational memory, this may create budget for increasing the depth

of the features. Pooling scales the input features by different functions, for example

max (Fig. 2.6a) or average (Fig. 2.6b). The spatial dimension of the output features

can be controlled by the kernel size and stride of the pooling operation. In

Fig. 2.6, a pooling of kernel size of 2 × 2 and stride of 2 is demonstrated. Since

information will be lost after pooling, having large kernel size or stride is not

recommended and may lead to degradation of performance.
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(a) Max Pooling

(b) Average Pooling

Figure 2.6: Examples of common pooling computation.
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Figure 2.7: The architecture of LeNet [52].

2.3.2 Popular ConvNet Architectures

Since the first emergence of ConvNet, many different architectures have been

proposed. Nevertheless, there are some popular architectures that are the milestones

of the development of ConvNet, which will be introduced as follows:

• LeNet [52]: LeNet, as proposed in the 1990s, marked the first success

of ConvNet. As shown in Fig. 2.7, the input image is first passed through

convolutional layers, followed by subsampling (i.e. similar to pooling operation

to decrease the spatial dimension of the feature maps) and Tanh non-linearities.

Similar operation repeats again, before the feature maps are flattened and

passed through some fully connected layers for classification. LeNet was tested

on MNIST, a handwritten digits dataset. Despite the fact that it was not

tested on more real-world settings due to the computation limitations at that

time, LeNet formed a basis for the design of modern ConvNet architectures.

• AlexNet [64], VGGNet [65] and GoogLeNet [63]: AlexNet marked

the next breakthrough of ConvNet, where it achieved a significant margin

of improvement on the ImageNet Challenges [7], thanks to the boost of

computation power enabled by hardware (i.e. GPU) advancement and the

availability of large amount of labelled data. When compared to LeNet,
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Figure 2.8: Inception module of GoogLeNet [63].

there are several modifications on the architecture, including having more

convolutional layers; having a much larger kernel size (11 × 11) and strides of

4 at the first convolutional layer; using ReLU instead of Tanh as the hidden

non-linearities and replacing subsampling with max pooling. Building upon

AlexNet, various networks have been proposed, which achieved even better

performance on the ImageNet Challenges. VGGNet [65] replaces convolutional

kernels of variable sizes (i.e. 3×3, 5×5 and 11×11 kernels) in the AlexNet with

2 or 3 convolutional layers of fixed size (i.e. 3×3 kernels) as the building block.

Max pooling follows each building block to decrease the spatial dimensions of

the feature maps by half. Using this systematic design, different versions of

VGGNet with different depths have been proposed, which also reduces the

number of trainable parameters when compared to AlexNet due to the smaller

convolutional kernel size. GoogLeNet [63], on the other hand, uses variable

convolutional kernel size as AlexNet. However, the convolutional kernels of

variable sizes are used within the proposed Inception Module (Fig. 2.8). It

was suggested that such design is better to capture features of different sizes.

Intuitively, when compared to AlexNet, VGGNet is deeper, while GoogLeNet

is wider.

• ResNet [66]: If the depth of VGGNet keeps increasing, the training may be-

come unstable and eventually cause adverse effect to the network’s performance.
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Figure 2.9: Residual unit of ResNet [66].

He et al. [66] proposed residual unit (Fig. 2.9), where skip connection is placed

across every two convolutional layers to bypass convolutional computations.

By using residual units as the building block, gradients can be back-propagated

more easily by easing the vanishing gradient problem and the resulting

ConvNet (i.e. ResNet) can reach the depth of hundreds of convolutional

layers. ResNet led to another boost of performance of ConvNet and residual

unit is a standard component of most of the ConvNet architectures nowadays.

• Fully Convolutional Network (FCN) [52] and UNet [67]: While the

aforementioned ConvNets were proposed for classification tasks, pixel-level

prediction, for example semantic segmentation and image reconstruction, is

also very common. To serve this purpose, FCN [52] was proposed, which

is composed of two parts. The first part, similar to the aforementioned

ConvNets, downsamples the input image through convolutional and pooling

operations, resulting in feature maps with much smaller spatial dimensions.

Instead of passing them through fully connected layers, the feature maps

are passed through series of upsampling (or transposed convolutional) and

convolutional layers, gradually restoring the spatial dimensions of the feature

maps. Finally, they are passed through a 1 × 1 convolutional layer to output

per pixel prediction. Building upon FCN, Ronneberger et al. [67] proposed

UNet (Fig. 2.10) for biomedical image segmentation. When compared to

FCN, features from different levels of the downsampling and upsampling parts

are concatenated through multiple skip connections. Low- and high-level
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Figure 2.10: A simplified schematic of the architecture of UNet [67].

information can therefore be fused better before making the prediction, which

generally leads to better performance in semantic segmentation. UNet is very

popular in the field of medical image analysis and is one of the most commonly

used baseline models for comparison.

2.3.3 Supervised Training of ConvNet

Intuitively, training a ConvNet in a supervised manner is an iterative process. For

every iteration, the network tries to make predictions on the training inputs. The

loss function informs the network how “wrong” the predictions are, which can

then guide the update of the network’s parameters through back propagation. In

this section, different components involved in supervised training of ConvNet will

be introduced.

Loss Function. Supervised learning requires paired training data in the form

of {xi, yi}, where xi is the input data and yi is the corresponding label, which is

usually obtained by manual annotation. When xi is passed through a ConvNet,

ψ(·; θ), parameterized by θ, the prediction is defined as ŷi:

ŷi = ψ(xi; θ) (2.8)

The goal is to minimize the prediction error, namely the difference between yi and ŷi,

which is quantify by the loss function, L. Depending on the task, L can be of different
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forms. For example, for regression problem, mean least-square error cab be used:

L (ŷ,y) = 1
N

N∑
i = 1

(ŷi − yi)2 (2.9)

whereN is the number of data of the whole dataset or within a mini-batch, depending

on the type of optimization used, which will be introduced in the following section.

If the loss is big, the difference between the ground-truth label and prediction is big,

meaning that the performance of the network is not good. This not only provides

an indicator of how good the ConvNet performs, but also helps the optimization of

the network by providing a direction for its parameters to be updated, which will

be introduced in the following section.

Optimization. With the loss function, each ConvNet parameter, θj, can be

updated by gradient descent:

θnew
j = θold

j − α
∂L

∂θj

(2.10)

where α is the learning rate, which is a hyperparameter. For naïve gradient

descent, L is calculated on the entire dataset for one optimization step, which is not

efficient. Therefore, stochastic gradient descent for mini-batch is proposed, where

L is calculated on a mini-batch of data for one optimization step. However, due

to the much smaller sample size of a mini-batch, the variance may become higher.

Therefore, momentum, γ is proposed to dampen the fluctuation of the update of

the parameters during optimization. Specifically, v is defined as

vt = γvt−1 + α
∂L

∂θj

(2.11)

where θj is updated by

θnew
j = θold

j − vt (2.12)

Optimization is a very active research area. In recent years, different optimization

techniques, such as Adam [68] and AdamW [69], have been proposed and used for

optimizing ConvNet.
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(a) Original (b) Grayscale (c) Gaussian noise

(d) Blur (e) Flip (f) Contrast

(g) Crop (h) Rotate

Figure 2.11: Common image augmentation. Examples created by Albumentations[70]

Data Augmentation. One of the drawbacks of training a deep ConvNet is the

large amount of training data required. However, in reality, it is very costly and

sometimes impossible to obtain large amount of data. In practice, one technique that

is often employed when training a deep ConvNet is image augmentation. Specifically,

an image is artificially modified to create a new variation. As illustrated in Fig. 2.11,

some common modifications include geometric augmentations (e.g. rotation and

flipping), color and contrast augmentations (e.g. RGB to grayscale) and noise and

blurring augmentations (e.g. Gaussian noise and blur). Several augmentations

can be combined, which may theoretically create infinitely different variations of

the training images. Nevertheless, excessive augmentations may harm the final

performance. For example, if an image is too blurry or rotated to an extent that is

not realistic, using it to train a ConvNet may pose adverse effect to it when it is
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tested on other non-augmented images. Therefore, in practice, augmentations are

some hyperparameters to be tuned during training.

This section presented the standard supervised training pipeline of ConvNet. In

this thesis, other forms of training and learning are involved, which vary from the

standard supervised pipeline. For example, in Chapter 3, 4 and 6, the label, y, is not

obtained from manual annotation, but generated from the data itself. In Chapter 5,

not only the weights of the network, but also the input will be optimized through

back propagation. The details will be presented in the corresponding chapters.

2.3.4 Self-Attention

Self-attention is getting more popular and commonly used with ConvNet recently.

It is a kind of learnable weighting mechanism, which was first proposed for the

task of neural machine translation [71, 72]. Before self-attention was proposed,

machine translation was achieved by sequence-to-sequence learning [73], where an

encoder network processes the input sentence into a fixed-length feature vector and

an decoder network processes this feature vector to output a sentence in the target

language. Normally, recurrent neural networks (RNN), for example long short-term

memory (LSTM) [74] or gated recurrent units (GRU) [75], are used as the encoder

and decoder network. One of the drawbacks is that the fixed-length feature vectors

generated by the encoder may not be a good representation of the whole input

sentence, especially when it is long. Instead of just inputting a fixed-length feature

vector to the decoder, Bahdanau et al. [71] proposed to use feature vectors of

every word of the input sentence during decoding. When the decoder outputs a

word, the input it receives would be a previous hidden state plus the weighted sum

of the feature vectors of every word of the input sentence. A learnable attention

layer is used to assign weights to feature vectors of different words of the input

sentence according to the previous hidden state of output and current position in

the output sentence. Vaswani et al. [72] incorporated an attention mechanism
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in the encoder part for neural machine translation. This eliminates the need of

RNN-typed encoder and may enable the learning of more complicated relationships

between words in the input sentence, which is important for translation. The

proposed model generates 3 feature vectors, key, query and value, to represent

each input word/vector. By computing a scaled dot-product of these three sets

of vectors, it is equivalent to generating an updated feature vector for each input

word/vector by combining weighted information of every input word/vector. Wang

et al. [76] applied a similar idea in computer vision problems by treating images

and videos as spatial and temporal sequences of pixels. The proposed network

extracts the feature of a location in an image or video by computing a weighted sum

of features at all positions, which is the same as computing a scaled dot-product

of the key, query and value vectors as proposed in [72].

Besides neural translation, the attention mechanism has been applied to different

computer vision and medical imaging studies. Jetley et al. [77] proposed to use

global features (i.e. output of the fully connected layer after the feature extractor

network) as the query vector and compute an attention map by comparing with

local features (i.e. different positions in the feature maps generated at different levels

of the feature extractor network). The attention map generated in this way may

indicate which part of the image contributes more significantly to the prediction,

which is similar to object detection even though only image-wise labels are used as

supervision. Schlemper et al. [78, 79] applied similar concepts in training a model

for ultrasound standard plane detection and segmentation, which may be able to

focus on and indicate regions with representative anatomical landmarks during

prediction. In this thesis, self-attention and related mechanisms are manipulated in

Chapter 3 and 6.

2.4 Deep Learning - Self-Supervised Learning

One of the main reasons for the current success of deep ConvNet in computer

vision is the availability of large labelled datasets, such as ImageNet [7] and COCO
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Figure 2.12: The general pipeline and learning objective of self-supervised learning.
Using large amount of unannotated data to train a model using some proxy tasks, the
model can then be fine-tuned by small amount of annotated data for the target task, such
as image classification.

[80], for supervised learning. However, human annotations are often expensive.

This is even more problematic in the field of medical imaging, where annotating

images requires extensive anatomical knowledge. Therefore, as explained in Chapter

1.1, one of the fundamental principles that motivates the works proposed in this

thesis is to use minimal human annotation. One way to achieve this is to employ

self-supervised learning, where the supervision is coming from the data itself. As

shown in Fig. 2.12, the fundamental idea of self-supervised learning is to train a

model, on some proxy tasks, to learn a good intermediate representation of an

image and its objects by using unannotated data. The model can then be fine-tuned

with a small amount of annotated data and adopted in the target tasks.

The most straightforward example of a self-supervised learning technique is an

autoencoder [81], where an encoder-decoder network is trained to regenerate the

input Fig. 2.13. The encoder will first convert the high-dimensional input to a low-
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Figure 2.13: The architecture of an autoencoder. The encoder will first convert the
high-dimensional input to a low-dimensional representation, which will then be used by
the decoder to reconstruct the input.

dimensional representation, which will then be used by the decoder to reconstruct

the input. Since information would be lost during encoding, the encoder needs to

learn the most representable features of the input such that these low-dimensional

features can still be used to reconstruct the high-dimensional input by the decoder.

The learned encoder can be used to initialize another model for related tasks. Since

the output of the autoencoder is the input itself, no human annotation is needed.

Vincent et al. [82] extended this idea by inputting data corrupted by noise to the

autoencoder and it was trained to output the uncorrupted input data. The aim

is to let the model learn a better representation of the data that captures more

useful and meaningful information. While autoencoder-based techniques rely on

data reconstruction as the learning objective, a number of self-supervised learning

studies investigated its use for context prediction [83–85], which was inspired by the

skip-gram model [86] in natural language processing, as the learning objective. By

using a specific word in the sentence as the input, skip-gram model [86] is trained

to predict the words around it in the sentence. Applying this idea to computer

vision, Doersch et al. [83] trained a model to predict the relative location of a pair

of patches sampled from an image. The idea is that in order to correctly predict
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the relative position of different parts of an object, for example eyes and mouth

on a face, the model must first know what a face looks like, which is equivalent

to learning a good representation of the face. Kim et al. [84] made the task even

more challenging by training a model to recover the arrangement of shuffled patches

sampled from an image, which was similar to solving jigsaw puzzles. Gidaris et

al. [85] randomly rotated the input image and trained a model to predict the

rotation. Besides spatial information, colorization, a process that adds color to an

image, can also be used to supervise learning of image features [84, 87, 88]. By

inputting a grayscale image or single-channel image to the model and predicting

the colorization of the image, the model may be able to learn features, such as

blue sky and brown wood, along with the class labels.

Nevertheless, predicting low-level features (i.e. colorization or pixels’ value) may

be easily affected by the low-level noise of the image, which is undesirable because

the goal of self-supervised learning is to learn a high-level representation of the input.

Instead of learning to predict features in the low-level image space, Oord et al. [89]

formulated self-supervised learning as making prediction in the high-level latent

space. By inputting a part of the image to the model, it needs to learn to differentiate

features of the remaining part of the image from features extracted from other

images [90]. Since the learning and loss are based on high-level features, the learned

representation would be more robust to low-level perturbations and artifacts. One

of the main contributions of those studies [89, 90] is the proposal of using contrastive

loss for self-supervised learning. Specifically, the contrastive loss “pull together”

the features of an image and its augmented version (i.e. positive pair), while “push

apart” the features of that image and other different images. Using similar idea,

different frameworks, for example SimCLR [91], MoCo [92] and PIRL [93], were

proposed and achieved state-of-the-art self-supervised learning performance.

With additional temporal information, video data (a set of 2D images in a

sequence) may provide even richer source of supervision when compared to a static

2D image. Misra et al. [94] trained a model to predict whether the input video clip

was in correct temporal order by sampling tuples of frames from videos and shuffled
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some of them to form positive and negative training data. Lee et al. [95] extended

the idea of perturbing the video sequence by shuffling the frames and training

a model to sort the sequence of the input frames that were temporally shuffled.

Besides frames sequence, visual tracking can be another form of supervision. Wang

et al’s work [96] built upon the idea that tracking two patches within the same

video, for example track of a cat, should have a closer representation in the deep

feature space than two random patches from two different videos, for example

a cat and a bicycle. This representational difference of distance in the feature

space can be used to supervise the learning.

Consistency of prediction can be used as a source of supervision as well. Zhou

et al. [97] proposed a method using cycle consistency to supervise a model that

learns to predict dense visual correspondence across different object instances.

With two synthetic object instances, s1 and s2 (synthetic images taken at different

orientation of a 3D CAD car), a model can be trained to predict the dense visual

correspondence of two real object instances, r1 and r2 (real images of different cars

at different orientation), using the condition of consistency that the correspondence

flow from s1 to r1 to r2 to s2 is the same as that from s1 to s2, which is known

when s1 and s2 are synthesized. Chen et al. [98] used cycle-consistency loss to

train a model to align images (i.e. geospatial images collected from satellites) to

noisy annotations, such as misaligned annotations of buildings and railway. One

of the ideas of the proposed method is that correct annotation is unique and the

transformation from a noisy annotation to any further perturbed annotations,

back to the correct annotation should be consistent, regardless of the perturbation

applied. As the noise of the annotations is random, the model may gradually

learn how to align the noisy annotations to the correct objects in the satellite

images, which may show unique features.

Self-supervised learning is heavily manipulated in this thesis. In Chapter 3 and

6, the proposed frameworks are trained with supervision generated from the raw

data, resembling the idea of self-supervised learning. In Chapter 4, the proposed

unsupervised cycle consistency is inspired by Zhou et al.’s work [97] as introduced
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earlier.

2.5 Deep Learning - Unsupervised Domain Adap-
tation

As explained in Chapter 1.1, two of the fundamental principles that motivate this

thesis are to use minimal human annotation and enhance generalizability. One

closely related area of research is unsupervised domain adaptation. The objective

of unsupervised domain adaptation is to train a model using data from a labelled

source domain and apply the model to test on data from an unlabelled target

domain. In many scenarios, collecting annotations of one domain is much easier than

collecting annotations of another related domain. One classical example is to train

a model using photo-realistic simulations [99], which may be easily generated and

labelled. The model trained by just the simulated images may not generalize well to

corresponding real images, due to the different data distribution in the source domain

(synthetic images) and target domain (real images) [100]. In the field of medical

imaging, domain shift can be observed in several forms, including cross-modality

variability due to the innate difference between different imaging modalities, and

cross-vendor variability due to different post-processing protocols venders may apply

[101]. As manual annotation of medical images is an expensive process, requiring a

significant amount of time and expertise, there is strong incentive for investigating

unsupervised domain adaptation. These methods aim to utilize existing annotated

medical images to train a model on tasks involving unlabelled target images.

The goal of unsupervised domain adaptation in deep learning is to learn data

features that are domain-invariant [102]. With the aligned feature space of both

source and target domains, a classifier or decoder trained with labelled data of the

source domain can be used on data of the target domain. Many of the state-of-the-

art works applied this concept through adversarial learning by minimizing both the

loss of the task, for example the classification or segmentation loss, and the domain

divergence error [103]. Ganin et al. [104] proposed a gradient reversal layer, which
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is used to reverse the gradient of the domain discriminator during training so that

it is maximized while the label classifier loss is minimized as usual. This fools the

model and encourages the feature extractor to generate domain invariant features

during optimization. While [104] used the same feature extractor for both source

and target domains, Tzeng et al. [105] proposed training the source and target

feature extractor separately. A feature extractor and classifier were trained using the

labelled source data. Then a target feature extractor was trained such that a domain

discriminator could not differentiate between features extracted by the source feature

extractor and features extracted by the target feature extractor. Finally, the target

feature extractor and source classifier were combined to test on data from the target

domain. Although these two works adopted different approaches during training,

the fundamental principle of learning feature extractor(s) that extract features from

source and target domain to a shared feature space is the same.

Another closely related approach incorporates the generative component of

generative adversarial networks (GAN) [106]. In [107], a generator conditioned on

the source images and noise vector generated synthetic target images. A classifier

was then trained to predict class labels of both source and synthetic images,

while the discriminator was trained to predict the domain labels of target and

synthetic images. Hoffman et al. [108] extended the concept of the CycleGAN

[109] to unsupervised domain adaptation. Instead of just training one generator to

synthesize target images from source images, another generator which generated

source images from (synthetic) target images was also learned. By doing so, cycle

consistency can be employed as a loss to regularize the training. Recent studies

[110, 111] adopted similar ideas to unsupervised domain adaptation. Nevertheless,

the core idea is similar that synthetic images generated from a generator are used

to confuse the domain discriminator so that features extracted from the source

and target domain are indiscriminate with respect to domains but discriminative

with respect to the main task.

Most of the aforementioned pipelines, especially the ones involve GAN, are

complicated and difficult to train and reproduce. In addition, most of them were
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proposed for and demonstrated on classification task only. In Chapter 4, a novel

unsupervised domain adaptation mechanism, based on cycle consistency, is proposed,

which achieves significantly better performance than other baseline unsupervised

domain adaptation methods on a regression (i.e. 3D localization) task.

2.6 Computer-aided Ultrasound Scanning

As introduced in Section 2.1, the standard approach of fetal ultrasound scanning is

to first determine the standard planes of view, which is not a trivial task. Therefore,

numerous methods have been proposed for automated standard plane detection for

2D fetal ultrasound. Earlier studies [112–114] proposed to use the Adaboost classifier

or support vector machine classifier to detect key anatomical landmarks in a sequence

of 2D ultrasound images. Presence and orientation of the detected landmarks were

used to identify an image as either a standard or non-standard plane of view.

Recently proposed methods employed ConvNet for standard plane detection.

Chen et al. [115] fine-tuned a pretrained CaffeNet model [7] to detect the standard

planes in ultrasound fetal abdominal images. Baumgartner et al. [116] further

trained a ConvNet model to classify fetal ultrasound images into 14 categories,

including different types of standard plane images and background images. Using

an attention mechanism, Schlemper et al. [78] proposed a ConvNet model that may

simultaneously perform standard plane detection and weakly supervised structure

localization using only image-level class label for training. Some studies further

utilized reinforcement learning for the task, which may better simulate the search

process of manual scanning [117, 118]. A recent study [119] extended standard

plane detection to a guidance system using an external motion sensor.

Spatio-temporal information of 2D ultrasound videos has also been explored

for standard plane detection. Chen et al. [120] and Huang et al. [121] presented

different multi-task recurrent neural network models that can utilize the temporal

information of consecutive sequences in ultrasound videos to provide extra contextual

clues for the detection task. Gao and Noble [122] used image-level labels to train a
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two-stream spatio-temporal ConvNet to recognize fetal heart frames and localize

the heart in freehand fetal ultrasound videos.

When 3D ultrasound scanning is available, if conventional biometrics, such as

HC and TCD (Section 2.1), needs to be measured, one of the most straightforward

ways is to identify the standard planes of view (i.e. cross-sectional views) from

the acquired 3D volumes. Hence, a slightly different task from the aforementioned

standard plane detection for 2D fetal ultrasound is standard plane localization in

3D volumes, which aims at identifying the standard planes within a given volume.

Several studies have suggested different methods for this task. Ryou et al. [123]

proposed to exploit sharp boundary information in the 3D ultrasound volume to

detect the fetal region-of-interest (ROI) and then classify head and body slices within

the ROI using a transfer learning ConvNet. The standard head and abdominal

planes are automatically selected by incorporating prior clinical knowledge about

the position of the standard plane within the two structures. Li et al. [47] presented

a ConvNet that is able to output the transformation required to move the plane of

the input 2D cross-sectional image of a 3D fetal brain ultrasound volume towards

the standard plane of view. Such prediction is computed iteratively during inference.

Recent studies [118, 124] proposed different reinforcement learning frameworks for

standard plane localization in 3D MRI and ultrasound volumes. These reinforcement

learning frameworks provide feedback from the environment (i.e. the 3D volume)

during the search for the standard planes, which mimics the navigation performed by

experienced operators when they are locating the target view planes in the volumes.

In this thesis (Chapter 3 and 4), a more general task is investigated, where the

plane location of a 2D ultrasound scan is predicted in a predefined 3D anatomical

atlas. This can be easily adapted to standard plane detection by simply identifying

the standard planes in the predefined 3D anatomical atlas.
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Figure 2.14: Illustration of slice-to-volume registration. Slice-to-volume registration is
the process of aligning 2D images into a shared 3D coordinate system. Adopted from
[125].

2.7 Slice-to-Volume Registration

Image registration is the process of aligning two or more images into a shared

coordinate system. Slice-to-volume registration is a sub-class of this problem, where

the images to be registered are 2D and the target coordinate system is 3D, which

is directly related to the topic of this thesis, namely bridging the gap between 2D

and 3D ultrasound imaging. As shown in Fig. 2.14, slice-to-volume registration is

achieved by estimating the transformation, Θ, of a reference plane to its actual

position in the 3D space. Several applications in medical imaging rely on slice-to-

volume registration which have been extensively reviewed in [125]. For the scope

of this thesis, this section will focus on tomographic 2D image (i.e. ultrasound

or slice from MRI) in the application of motion correction and volume reconstruction.

2.7.1 Conventional Approaches

One of the major applications of slice-to-volume registration in medical imaging is

motion correction of fetal MRI. Due to the movement of the fetus during image

acquisition, inter-slice motion artifacts may corrupt the overall quality of the

acquired 3D MRI volume. Alansary et al. [126] summarized a general framework

for slice-to-volume registration for this specific task. Motion correction of a set

of motion-corrupted images is the first step of this framework, where one image

is selected as the initial reference and slices of the remaining images in the set

are aligned to it. The reference is updated incrementally. Similarity between
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the reference image and motion-corrupted images is measured by an objective

function and its purpose is to guide the optimization of transformation parameters

through gradient descent. Different objective function, including mutual information

[127], cross-correlation [128, 129] and mean square difference [130], were used in

different studies for registration.

With the motion-corrected images, volume reconstruction is achieved through a

series of post-processing steps, for example data interpolation to fill the missing

voxels, reducing blurring [127, 128], outlier removal [131] and bias correction [129].

Similar approaches have also been applied for 3D ultrasound volume reconstruction

from 2D freehand scanned slices, Wen et al [132] further incorporated positional

information from a motion sensor attached to the ultrasound probe to slice-to-volume

registration. When 3D positional information is available, volumetric reconstruction

is usually much simpler and is referred as compounding. Karamalis et al. [133]

performed that of a freehand ultrasound sweep by finding line-plane intersection

between ultrasound slices. Kainz et al. [131] developed an algorithm for fast

volume reconstruction using GPU acceleration, which made online application of

3D ultrasound volume reconstruction possible during clinical scanning. Despite

the effectiveness reported in these studies, the proposed approaches usually involve

complicated pipelines, which are difficult to reproduce and highly specific to the

task and data concerned [125]. This makes the comparison of these techniques very

difficult.

2.7.2 Deep Learning Approaches

Thanks to the current success of deep learning in computer vision, some studies

proposed the use of ConvNet for slice-to-volume registration. Hou et al. [134, 135]

attempted to train a deep model to predict the rotations and translations of 2D slices

sampled from a 3D MRI volume, which was aligned to an atlas coordinate system.

They firstly corrected manually a set of motion-corrupted MRI volumes. Then, these

volumes were aligned to an atlas so that they were in the same coordinate system.
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Slices were randomly sampled from these aligned volumes and a model was trained

to predict their position in the atlas coordinate system. Geometric loss, which

minimizes both rotation and translation, was used in the training. With this learned

model, slices from motion corrupted MRI volume can be registered to an aligned

space. They further utilized slice-to-volume registration from [131] to process the

output from the learned model to give the final reconstructed image. A similar deep

learning pipeline was utilized for standard plane localization in 3D ultrasound [47].

During the training, in addition to geometric loss, image loss was used. Image loss

captures the difference between slices sampled from the groundtruth position and

predicted position. During inference, a slice sampled from the predicted location

was fed to the model iteratively until the prediction converged.

In this thesis, Chapter 3 is inspired by [134, 135] to propose a network trained

by 2D slices sampled from 3D ultrasound volumes. Chapter 4 adapts the trained

network to native 2D ultrasound images by proposing a novel unsupervised domain

adaptation mechanism.
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3D Localization of 2D Ultrasound Images

This first contribution chapter proposes PlaneInVol, a ConvNet for predicting the

position of 2D scans in a 3D brain atlas for fetal brain ultrasound. PlaneInVol

is trained by sampling 2D slices from aligned 3D fetal brain volumes, resembling

the idea of self-supervised learning, such that heavy annotations for each 2D scan

are not required. The trained network takes a set of arbitrary number of images

as input, and output the predicted 3D location of each individual 2D scan. The

work presented in this chapter has been published in:

Yeung, P.H., Aliasi, M., Papageorghiou, A.T., Haak, M., Xie, W. and

Namburete, A.I.,: Learning to Map 2D Ultrasound Images into 3D Space with

Minimal Human Annotation., Medical Image Analysis, vol. 70, pp.72-86, May 2021.
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3.1 Introduction

The goal of medical image analysis is to extract anatomical information from the

images, which can be used for diagnosis, monitoring and treatment planning. In

order to achieve this, the very first task is often ensuring that the image captures

the regions and structures that are going to be analyzed and their positions and

orientations are known. This generally applies to most medical image analysis

tasks of different imaging modalities. For example, in MRI neuroimaging, the

brain volumes are generally registered to a predefined 3D anatomical atlas before

analysis and comparison, while in CT abdominal imaging, this can be easily

controlled by adjusting the position of the machines and the patients before scanning.

Comparatively, it is more challenging for the task investigated in this thesis, namely

2D ultrasound fetal neuroimaging, given its uniqueness:

• Unlike CT and MRI images that include the complete 3D anatomy, each

2D ultrasound image only captures 2D cross-sectional view of an inherently

3D anatomy. Identification and localization of the views and structures are,

hence, more challenging.
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• The orientation and position of the fetus is relatively arbitrary and unknown

to the observer before scanning. The potential arbitrary fetal motion during

the scanning may further complicate the whole process.

Conventionally, sonographers are trained to identify and locate the cross-sectional

views of 2D ultrasound images by mentally reconstructing the 3D anatomy [42].

However, this requires a significant amount of training and involves subjective judge-

ment and, hence, inter-operator variability is inevitable, which may further affect

the subsequent analysis and diagnosis that directly relies on the acquired 2D images.

In this chapter, a ConvNet, PlaneInVol, is proposed to predict the corresponding

location of 2D ultrasound fetal brain images, including both standard and non-

standard planes, in a pre-defined 3D reference coordinate system (i.e. 3D fetal brain

atlas). As such, the following contributions are presented:

(i) The localization of 2D ultrasound images of fetal brain in 3D space is defined

as a self-supervised learning problem. Using 2D slices sampled from only

a small number (i.e. 50) of aligned 3D volumes as training data, which are

processed by the proposed preprocessing pipeline (i.e. Section 3.2.1), it is

demonstrated that PlaneInVol trained in such manner may generalize to

actual 2D ultrasound images and videos (Fig. 3.1).

(ii) Inspired by the idea of relation networks [136, 137], a new ConvNet architecture

that takes an arbitrary number of input images as a set is proposed. It is

demonstrated that this is a better utilization of available information and

leads to improved performance. This setting is particularly suitable for 2D

freehand ultrasound scanning, where a large but indeterminate number of 2D

images are usually available.

(iii) PlaneInVol is first benchmarked on a synthetic dataset, where 2D slices are

sampled from 3D volumes, and hence the groundtruth location of these slices

is known. It is shown that the proposed model consistently outperforms a

strong baseline described in [134, 135]. In addition, PlaneInVol is tested on
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Figure 3.1: Pipeline of the proposed work. During training, 2D slices sampled from
aligned 3D volumes are augmented and used to train the proposed ConvNet, PlaneInVol.
The trained network can be used to predict the 3D location of arbitrary number of 2D
images.

real 2D ultrasound images and videos with annotations from two experienced

clinicians and medical professionals. The proposed model also outperforms

the strong baseline [134, 135] and achieves comparable performance to human

annotation.

3.1.1 Standard Planes Detection and Localization

In Chapter 2.6, the works about automated standard plane detection for 2D fetal

ultrasound have been reviewed. Despite their effectiveness in detecting standard

plane images, all of the above methods can only predict whether the image is

acquired at a standard plane, but not the exact location of the image in the

corresponding 3D space. Furthermore, a large amount of annotated data is required

to train the model. Instead of training a classification model, in this chapter, a

regression model is learned to predict the location of 2D ultrasound images of

the fetal brain in a predefined 3D anatomical atlas. This is a more general task,

which can be easily adapted to standard plane detection by simply identifying the
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standard planes in the predefined 3D anatomical atlas. The model can further

provide information about the relative position between the current plane and any

standard or oblique planes of interest. Also, 2D images sampled from 3D volumes

that are aligned to a predefined 3D anatomical atlas [138] are used so that the

locations of images are automatically known and no further human annotation is

needed, which is originally the major obstacles for training a localization network.

A slightly different task, namely standard plane localization in 3D volumes, has

also been discussed in Chapter 2.6. Despite the excellent performance achieved by

the reviewed methods, they require 3D volumes as the input, either directly or by

having information extracted from the volume as a feedback during the localization

process. This may limit their practical application because as reviewed in Chapter

2.2, most of the current standard clinical tests rely on only 2D ultrasound, and 3D

ultrasound is not always available in many settings due to its cost and clinicians’

preference [1]. On the other hand, the proposed method, PlaneInVol, just relies

on 2D ultrasound images and it can be easily used with 2D ultrasound scanning to

localize any standard or oblique planes of interest.

3.2 Methods

3.2.1 Training Data Generation

As introduced in Chapter 2.3.3, supervised learning requires paired training data in

the form of {xi, yi}, where xi is the input data point (i.e. 2D ultrasound image of fetal

brain) and yi is the label (i.e. the 3D location of the input image). Conventionally,

the label is obtained by manual annotation, and the goal is usually to learn a

function that maps the input sample x to a corresponding output label y. However,

annotating the location of a random 2D ultrasound image of the fetal brain in the 3D

space is very challenging. Therefore, 2D slices are artificially sampled from aligned

3D ultrasound volumes of the fetal brain, results in theoretically infinite number of

data pairs {xi, yi}. Despite the volume alignment is semi-automatic (minimal effort

is required from manual correction), the training for the proposed model resembles
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Figure 3.2: Overview of the proposed network, PlaneInVol. It consists of 4 sequential
modules, namely (a) Feature Extraction, (b) Comparison, (c) Attention and (d) Prediction,
which are represented by the grey blocks in the figure.

self-supervised learning, in the sense that training labels can be generated from the

data itself. Three main steps are involved in generating the training data, {xi, yi}:

(I) The raw 3D volumes are firstly aligned to a predefined 3D anatomical atlas,

R3
atlas, with the method proposed in [138], followed by a manual correction

step. For every aligned 3D volume, V ∈ Rh×w×d, where h, w and d are the

height, width and depth of the 3D volume respectively, there is an associated

binary mask of skull, B ∈ {0, 1}h×w×d. The masks are generated by the

ConvNet model proposed in [139].

(II) Following the sampling scheme adopted by [134, 135], 2D images and their

corresponding 2D binary masks are sampled from the aligned 3D volumes,

V, and 3D binary mask, B. In order to generate 2D images that are evenly

distributed in a 3D volume, the surface normal of the sampling planes should

be evenly spaced on the surface of a unit sphere [134], and this can be achieved

by Fibonacci sphere sampling of polar coordinates, p(ϕ, θ), where ϕ and θ are

the azimuth and elevation angles respectively. Assuming m surface normals
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are sampled, {ϕi}m
i=1 and {θi}m

i=1 can be calculated by:

ϕi = 2π(i− 1)
(
√

5 + 1)/2
(3.1)

θi = cos−1 (2(1 − i)
m

) (3.2)

By defining the surface normal by Eq. 3.1 and 3.2, the coordinate of the

centre point of the sampling plane as well as the in-plane rotation (i.e. plane

rotation about its surface normal), 2D images can be sampled from the 3D

volumes.

(III) The sampled 2D images are randomly processed by one of the three proposed

ways during training, namely (i) masking the 2D images by the convex hull of

the associated sampled 2D binary masks to remove most of the extracranial

contents, (ii) masking the 2D images by 2D circular masks with arbitrary

size larger than the associated sampled 2D binary masks to remove part of

the extracranial contents or (iii) not masking the 2D images at all to keep

all the extracranial contents. While (i) and (ii) prevent the model from

making predictions based on the background (i.e. extracranial structures) of

the images, (iii) tries to minimize the influence of the shape and size of the

binary masks, which are normally unavailable during inference, towards the

prediction. Also, since 2D images are artificially sampled from 3D fetal brain

volumes, they may look differently compared to the actual 2D images, in

terms of resolution, intensity and noise. Extensive data augmentation is used

to make the model more generalizable, including geometrical transformation,

scaling, contrast modification, and addition of random noise.

These three pre-processing steps are only required during training, but not for

inference when the trained network is being employed to actual 2D images.
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3.2.2 Model Architecture

The input to the proposed network, PlaneInVol, is a set containing an arbitrary

number of 2D images, I = {Ii}N
i=1, Ii ∈ Rh×w, where N, h and w are the number

of images, height and width of image, respectively. The output is the set of

corresponding predicted locations L = {Li}N
i=1, where Li ∈ R3×3, referring to the

3 Cartesian coordinates (i.e. x, y, z) of the 3 landmarks that define the predicted

plane. Following the approach proposed in [134, 135], the centre, the bottom

right and left corners of a plane are used as the landmarks to define the predicted

plane. In order to simulate the motion of an actual ultrasound scan, during

training, a constraint is imposed to the N input images such that the distance

between two consecutively sampled slices (i.e. Ii and Ii+1) should be smaller than

a predefined value, which is 20 pixels.

PlaneInVol consists of 4 sequential modules: Feature extraction (Fig. 3.2a): a

feature encoder (i.e. a shared ConvNet backbone) is used to generate a fixed-length

feature vector, vi, to represent each input image. Comparison (Fig. 3.2b): the feature

vectors for each image are compared pairwise to compute the relationship between

every pair of input images, which is further represented by the set of comparison

feature vectors, {cij}N,N
i=1,j=1. Attention (Fig. 3.2c): an attention mechanism is

applied on the set of feature vectors to weight the contribution of each pairwise

relationship. Prediction (Fig. 3.2d): while generating a summarization feature

vector of every input image for prediction of position in 3D space, the affinity matrix,

is used to weight the comparison feature vectors. Each module is described in more

detail below.

Feature extraction (Fig. 3.2a)

A feature extractor (i.e. a shared ConvNet backbone) is used to generate a fixed-

length feature vector, vi ∈ R1×512, for each input image, Ii. A common feature

encoder (i.e. shared weights) is used for all input images, such that the feature

extraction is invariant to the permutation and number of input images. This
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Figure 3.3: The processing unit of the Comparison module (Fig. 3.2b). A pair of feature
vectors, vi and vk, are concatenated and passed to the comparison network, f(·; θcomp),
to output a comparative feature vector, cik.

is a desirable property for ultrasound images analysis due to the randomness

of freehand image acquisition.

Here, the feature extractor, e(·; θfeat), parameterized by θfeat, is based on the

VGG-16 network architecture [65]. With an arbitrary number, N , of 2D input

images, I = {Ii}N
i=1, Ii ∈ Rh×w, the output from this module is:

[v1, v2, ..., vN ] = [e(I1; θfeat), e(I2; θfeat), ..., e(IN ; θfeat)] (3.3)

where e(·; θfeat) is shared between different Ii.

Comparison (Fig. 3.2b)

The set of feature vectors, {vi}N
i=1, is compared pairwise in this module. Instead

of directly predicting the location of the image from its corresponding feature

vector (i.e. each image position is predicted independently of all others) as proposed

in [134, 135], it is proposed in this thesis that it will be beneficial for each input

image to also consider its relative position with respect to other images, as all

images are different planes of the brain of the same fetus and, hence, likely to be

inter-correlated. This is achieved by combining the feature vector to generate a

comparative feature vector, cij, of every input image pair, Ii and Ij.

This comparison is implemented in two steps, which are summarized by the

processing unit as shown in Fig. 3.3. Firstly, concatenation between vector pairs

is computed, which can be formally expressed as:

[m11, m12, ..., mNN ] = [(v1 ∥ v1), (v1 ∥ v2), ..., (vN ∥ vN)] (3.4)
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Figure 3.4: The processing unit of the Attention module (Fig. 3.2c). The dot product
between a pair of embedded feature vectors, qi and kk, gives rise to Aik.

where ∥ is the concatenation operator and {mij}N,N
i=1,j=1, mij ∈ R1×1024 is the set

of concatenated feature vectors.

Secondly, the set of concatenated feature vectors is passed as input to the

comparison network, f(·; θcomp), parameterized by θcomp. The comparison network

is a fully connected layer that merges the information of the two feature vectors

into a comparative feature vector:

[c11, c12, ..., cNN ] = [f(m11; θcomp), f(m12; θcomp), ..., f(mNN ; θcomp)] (3.5)

where {cij}N,N
i=1,j=1, cij ∈ R1×512 is the set of comparative feature vectors.

Attention (Fig. 3.2c)

Different comparative feature vectors, cij, may contribute differently to the final

prediction of plane position. It is proposed to compute the relative contribution

of each pairwise comparison by using an attention module [72]. The module will

learn to assign more attention (i.e. a higher scalar weight) to comparisons with

higher relational contribution and vice-versa. Contribution means the extent of any

type of relationship, for example the similarity between a pair of images, which

is related to the final prediction and hence can be learned by the model from the

loss. The output of this attention module will be an affinity matrix, A.



3. 3D Localization of 2D Ultrasound Images 57

Figure 3.5: The processing unit of the Prediction module (Fig. 3.2d). The summarization
feature vector, si, is computed by {Aik}N

k=1 and {cik}N
k=1. It is then processed by the

prediction network, g(·; θpred), to output the set of predicted locations Li.

Fig. 3.4 displays the processing unit of the Attention module. To compute

the affinity matrix, A ∈ RN×N , the dot product between pairs of feature vectors,

{vi}N
i=1, in an embedding space is computed as follows:

A (i, j) = q(vi; θattI)k(vj; θattII)T (3.6)

where q(·; θattI) and k(·; θattII) are embedding networks (i.e. multilayer perceptrons),

parameterized by θattI and θattII , respectively, that map the feature vectors into an

embedding space, R1×256.

Prediction (Fig. 3.2d)

Fig. 3.5 shows the processing unit of the Prediction module. To compute the final

prediction of each input image, the prediction module uses the affinity matrix, A,

to weight the comparative feature vectors, {cij}N,N
i=1,j=1, to compute a summarization

feature vector, si ∈ R1×512, for every input image, Ii. The summarization feature

vector, si, gathers information from all images, weighted by the learned contribution
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towards the prediction of Ii and is computed as follows:

si =
∑N

j=1 A(i, j)cij∑N
j=1 A(i, j)

(3.7)

The set of predicted locations {Li}N
i=1,Li ∈ R3×3, is obtained by passing the set

of summarization feature vectors, {si}N
i=1, to the prediction network, g(·; θpred),

parameterized by θpred:

[L1, L2, ..., LN ] = [g(s1; θpred), g(s2; θpred), ..., g(sN ; θpred)] (3.8)

In summary, the predicted location, Li, of image, Ii, is derived from si and hence the

weighted sum of cij for all j. In other words, when predicting the location of image

Ii, information of all images within the same space, {Ij}N
j=1, will be considered.

Furthermore, their relative contribution and degree of relationships with Ii will be

taken into account by the affinity matrix, A.

3.2.3 Loss Function

During training, the mean least-square error is applied as the loss function (L):

L
(
L̂,L

)
= 1
N

N∑
i = 1

(L̂i − Li)
2 (3.9)

where L̂ and L are the ground-truth and predicted locations, respectively.

3.3 Experiment

3.3.1 Dataset

The 3D ultrasound fetal brain volumes (160 × 160 × 160 voxels at a resolution of

0.6×0.6×0.6 mm3) were obtained as part of the INTERGROWTH-21st study [140],

which were collected using a Philips HD9 curvilinear probe at a 2–5 MHz wave

frequency. For each 3D volume, there is at least one associated 2D image taken

at the standard TT plane routinely used for biometric and structural assessment.
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aaaaaaaaaaaa
Experiment

Dataset
INTERGROWTH

(3D Volumes)
INTERGROWTH

(2D TT Plane Images)
Video of Freehand

Brain Scanning

Training ✓(21 weeks
& 18-22 weeks)

Testing
Sections 3.3.4 and 3.4.1 ✓(21 weeks)
Sections 3.3.4 and 3.4.1 ✓(18-22 weeks)
Sections 3.3.5 and 3.4.2 ✓
Sections 3.3.6 and 3.4.3 ✓
Sections 3.3.7 and 3.4.4 ✓
Sections 3.3.8 and 3.4.5 ✓(21 weeks)

Table 3.1: Summary of different experiments and the corresponding dataset.

Both the 2D images and 3D volumes were acquired following strict requirements to

ensure that the image quality satisfied pre-defined criteria [141]. For instance, the

fetal skull occupied at least 50% of the image, and the image was not affected by

fetal or maternal movements. Fetal anomaly ultrasound scan is recommended to be

undertaken between 18 to 21 gestational weeks and some flexibilities are allowed for

this age range [3]. In this study, images were selected from fetuses with gestational

age ranging from 18 to 22 gestational weeks. Each image was masked and aligned

to a coordinate space as described in Section 3.2.1. A summary of training and

different experiments and their corresponding dataset is presented in Table 3.1.

3.3.2 Training Details

In this study, a baseline model (only slight modification based on network archi-

tecture proposed by [134, 135]) was re-implemented to compare its performance to

the proposed model, PlaneInVol. The exact network architectures of the baseline

model and PlaneInVol are presented in Table 3.2. Optimization was achieved using

the ADAM algorithm [68] with mini-batches of size 32. The initial learning rate

was set to 10−4, which was decreased by half when errors plateaued.

Fifty and fifteen 3D volumes acquired at 21 gestational weeks were selected for

training and validation, respectively. For each 3D volume in each training epoch,

50 evenly distributed normals were sampled using the Fibonacci Sphere Sampling
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Module Baseline Model Proposed Model Output Size

Feature
Extraction

Input Layer N × 160 × 160 × 1
conv, 3 × 3, 64

N × 80 × 80 × 64conv, 3 × 3, 64
max pool, 2 × 2, stride 2

conv, 3 × 3, 128
N × 40 × 40 × 128conv, 3 × 3, 128

max pool, 2 × 2, stride 2
conv, 3 × 3, 256

N × 20 × 20 × 256conv, 3 × 3, 256
conv, 3 × 3, 256

max pool, 2 × 2, stride 2
conv, 3 × 3, 512

N × 10 × 10 × 512conv, 3 × 3, 512
conv, 3 × 3, 512

max pool, 2 × 2, stride 2
conv, 3 × 3, 512

N × 5 × 5 × 512conv, 3 × 3, 512
conv, 3 × 3, 512

max pool, 2 × 2, stride 2
Fully Connected Layer N × 512

({vi}N
i=1)

Comparison
- Pairwise Feature N × N × 1024

Concatenation {mij}N,N
i=1,j=1

- Fully Connected Layer N × N × 512
{cij}N,N

i=1,j=1

Attention
- Embedding Networks × 2

(i.e. Fully Connected Layers)

N × 256
(q(vi; θattI))

N × 256
(k(vj ; θattII))

- Dot Product N × N
(A)

Prediction
- Weighted Average N × 512

({si}N
i=1)

Fully Connected Layer
N × 9

(Resize to N × 3 × 3,
{Li}N

i=1)

Table 3.2: Network architectures of the baseline model and the proposed model,
PlaneInVol. For the feature extraction module and the final layer of the prediction
module, the baseline model and PlaneInVol have the same architecture, but they do not
share weights (i.e. they are trained separately).

method as described in Section 3.2.1. Along each normal, 15 planes perpendicular

to the normal, with average spacing of 2.4 mm were chosen (Fig. 3.10a). For

each plane, four 2D slices (160 × 160 pixels), with random in-plane rotation were

sampled. Therefore, in total, there were 150, 000 and 45, 000 images for each
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training and validation epoch, respectively.

Since an infinite number of different 2D slices can be sampled from a 3D volume

in principle, this feature was used to introduce random variation to the sampling

parameters for each training epoch. Therefore, the 150, 000 training images were

expected to be different for every epoch. This kept the number of training data for

each training epoch relatively small as compared to [134, 135], while the number of

different images used for the whole training was much larger. This was regarded as

a type of data augmentation, which may prevent the model from overfitting while

having a reasonable amount of varied training data for each epoch.

3.3.3 Evaluation metrics

Three evaluation metrics were used to evaluate and compare the performance of

the models. First, Euclidean distance (ED) between all the coordinates of the

predicted and ground-truth planes is computed as follows:

ED(P̂,P) =
∑h, w

i=1, j=1 dist(p̂ij, pij)
h · w

(3.10)

where P̂ and P are the predicted and ground-truth planes and dist(p̂ij, pij) =

|p̂ij − pij|2 computes the Euclidean distance between the two points, p̂ij and pij,

where p̂ij and pij are the (x, y, z) coordinates of the pixel ij on P̂ and P respectively.

Secondly, plane angle (PA) between the predicted and ground-truth planes

are computed as follows:

PA = cos−1(n̂ · n) (3.11)

where n̂ and n are the surface normals of the predicted and ground-truth planes,

respectively. Smaller ED and PA suggest that the ground-truth and predicted

planes locate closely to each other, which may represent more accurate prediction.

Thirdly, normalized cross-correlation (NCC) [142] between the input image and

image sampled from the predicted plane is computed. Larger values suggest higher

similarity between the two images and more accurate prediction of plane position.
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3.3.4 Comparison with Baseline Model

Images sampled from 3D volumes were used to quantitatively evaluate the perfor-

mance of different models. The proposed model, PlaneInVol, and the baseline

model were compared using the evaluation metrics introduced in Section 3.3.3. In

addition, in order to investigate the individual contribution of the newly proposed

modules, namely the Comparison module (Section 3.2.2) and the Attention module

(Section 3.2.2), ablation study has been conducted by removing the Attention

module of the proposed network and applying equal weighting to every comparative

feature vector, cij (i.e. replacing the affinity matrix, A, with a matrix of ones).

Sensitivity to Input Image Support

Since PlaneInVol makes a prediction for each image by grouping information of all

input images, prediction accuracy may be sensitive to the number of input images.

Therefore, different numbers, N ∈ {1, 2, 4, 8, 16, 32, 64, 128}, of input images were

tested to investigate on how changing the number of input images may affect the

prediction of the proposed model.

Application to Broader Gestational Age Range

Trained on images at 21 gestational weeks, images within a broader gestational age

range (i.e. 18 to 22 gestational weeks) were tested to evaluate the generalizability of

the models to different ages. For different ages, a slight change of brain anatomical

structure is expected [41].

As a comparison, images of the whole gestational age range (i.e. 18 to 22

gestational weeks) were used to train a different set of models to verify if a single

model can be used on a broad gestational age range.
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3.3.5 Relationship between Plane Location and Accuracy
of Prediction

In Section 3.3.4, 2D images have been sampled at different locations in each 3D

volume. The results of the images sampled from the 15 fetal brain volumes in

Section 3.3.4 were further analyzed to investigate how accurate the proposed model,

PlaneInVol, is in predicting images in different regions of the 3D brain. Specifically,

the accuracy of prediction of images sampled along different directions and at

different distances from the centre of the brain were studied. Fig. 3.10a shows how

planes were sampled from the 3D volume along one normal using the Fibonacci

Sphere Sampling method as described in Section 3.2.1.

3.3.6 Real 2D Image Acquisition of Standard TT Plane

Real 2D images taken at the standard TT plane were tested. These images were

acquired with the 15 3D test volumes in Section 3.3.4. For each 2D image, plane

location was predicted by PlaneInVol and annotated by 2 individual experts

separately. Using the predicted plane locations, the corresponding 2D images were

sampled from the associated 3D volume. Variations, measured by the evaluation

metrics introduced in Section 3.2.1, were estimated between the 3 different sets of

predictions and annotations. They were further analyzed by one-way analysis of

variance (ANOVA) to verify whether the difference between them is statistically

significant or not.

3.3.7 Video of Freehand Fetal Brain Scanning

In addition to the single standard plane images as described in Section 3.3.6, 4

videos of 2D scans acquired from 4 subjects with gestational age between 19 to 21

weeks during fetal exams of the brain were also tested. The videos were acquired by

sweeping the ultrasound probe along different directions during scanning. Therefore,

the videos were composed of 2D views corresponding to different locations of the
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fetal brain, which may or may not be a standard plane. Every video was treated

as a set of 2D images for testing. Using the predicted plane locations, 2D slices

were sampled from the 3D atlas volume. The video frames and the corresponding

sampled 2D atlas slices were compared qualitatively, in terms of structures present

and image orientation.

3.3.8 Impact of Learned Attention

As mentioned in Section 3.2.2, the affinity matrix, A, weights the contribution of

each pairwise comparison of the set of input images. To verify that the Attention

module (Fig. 3.2c) actually learns to assign meaningful weights, the results of the

slices sampled from the 15 fetal brain volumes in Section 3.3.4 were further analyzed.

Using N = 4 input images (for easier comparison and visualization), the normalized

attention,
∑4

j=1 A(i,j)∑4
i=1

∑4
j=1 A(i,j)

, associated to each input image was investigated.

3.4 Results

3.4.1 Comparison with Baseline Model

This section includes the results of the two experimental settings (Section 3.3.4 and

3.3.4). For both settings, all three evaluation metrics indicated that the performance

of the proposed models surpassed that of the baseline model.

For each 3D volume, 3000 2D images were sampled in the same way as described

in Section 3.3.2. Two settings were investigated, namely variation on number of

input image (Section 3.3.4) and generalization to a broader gestational age range

(Section 3.3.4).
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(a) (b)

(c)

Figure 3.6: Results of sensitivity to input image support. The accuracy of the baseline
model (green), the proposed model, PlaneInVol (blue), and the proposed model without
Attention module (orange) is shown. The three graphs show the mean results (± standard
deviation) of (a) Euclidean distance, (b) plane angle and (c) normalized cross correlation
between groundtruth and prediction for different numbers of input images.

Sensitivity to Input Image Support

Fifteen 3D fetal brain volumes with gestational age of 21 gestational weeks were

used for evaluation, yielding at total of 45, 000 2D test images. Different numbers,

N ∈ {1, 2, 4, 8, 16, 32, 64, 128}, of input images were tested.

The results of this experiment are presented in Figs. 3.6a to 3.6c. Since the

number of images would not affect the prediction of the baseline model, results of

the baseline model were the same for different number of input images.

For the proposed models, both with and without the Attention module, perfor-

mance increased with the number of input images by as much as 17%, 7% and 5%

as indicated by ED, PA and NCC, respectively. This may be reasonable because the

proposed models make a prediction for each image by grouping information of all

input images. More input images may provide more information for the prediction.
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(a) (b)

(c)

Figure 3.7: The result distribution of PlaneInVol. Result distribution of (a) Euclidean
distance, (b) plane angle and (c) normalized cross correlation at 21 gestational weeks
with N = 4 and N = 64 are shown.

Also, the ablation study suggested that the Comparison and Prediction modules,

which are responsible for grouping information of all input images, may primarily

lead to improvement when compared to the baseline model by around 19% (ED),

8% (PA) and 15% (NCC). The addition of the Attention module, which assigns

weights to the grouping of information, contributed to further improvement by an

extra 5% (ED), 2% (PA) and 5% (NCC). Although such further improvement may

appear to be marginal as shown in Figs. 3.6a to 3.6c, it is statistically significant

for every number of input images and evaluation metric concerned (p<0.05, t-test).

In addition, all three evaluation metrics showed that the performance of the

proposed models surpassed that of the baseline model by as much as 23% (ED),

11% (PA) and 21% (NCC) and when the number of input images increased, the

improvement was more significant. It was observed that the gain in accuracy nearly

saturated when the number of inputs exceeds 32 and therefore in Figs. 3.6a to 3.6c,

the results for N ∈ {64, 128} were omitted for clearer visualization. The result
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(a) (b)

(c)

Figure 3.8: Results of application to broader gestational age range. The accuracy of the
baseline model (green), the proposed model, PlaneInVol (blue), and the proposed model
without Attention module (orange) is shown. The three graphs show the mean results (±
standard deviation) of (a) Euclidean distance, (b) plane angle and (c) normalized cross
correlation between groundtruth and prediction for different gestational ages.

distribution of N = 4 and N = 64 is further displayed in Fig. 3.7, which shows that

although increasing the number of input images may not have a significant impact

on reducing outliers, it shifted the distribution towards better performance.

Application to Broader Gestational Age Range

Fetal brain volumes with gestational age of 18 gestational weeks (50 volumes), 19

gestational weeks (34 volumes), 20 gestational weeks (57 volumes), 21 gestational

weeks (15 volumes) and 22 gestational weeks (9 volumes) were used for testing

in this experiment.

The results of the first part of this experiment are summarized in Figs. 3.8a

to 3.8c. Using models trained on images with gestational age of 21 weeks, The
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(a) (b)

(c)

Figure 3.9: Results of application to broader gestational age range by models trained
with all gestational ages. The accuracy of the baseline model (green), the proposed model,
PlaneInVol (blue), and the proposed model without Attention module (orange) is shown.
The three graphs show the mean results (± standard deviation) of (a) Euclidean distance,
(b) plane angle and (c) normalized cross correlation between groundtruth and prediction
by models trained with images of all gestational ages for different gestational ages.

models were tested on images with gestational age ranging from 18 to 22 weeks.

Two observations can be obtained: firstly, for all ages, predictions made by

the proposed models were more accurate than those made by the baseline model

by as much as 23% (ED), 11% (PA) and 21% (NCC). Also, predictions made by

the proposed model without the Attention module were slightly less accurate than

the complete version of the proposed model, PlaneInVol. The slight improvement

caused by the incorporation of the Attention module is statistically significant

for every age and evaluation metric concerned (p<0.05, t-test). Secondly, it was

observed that in general, predictions on images at younger gestational ages were

less accurate by as much as 51% (ED), 26% (PA) and 13% (NCC). A potential

explanation is that fetuses during the second trimester are undergoing rapid neuro-
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development [41]. Therefore, brain structures of fetuses at younger gestational

ages may look quite different from those of fetuses of gestational age of 21 weeks,

which are the images that the models were trained on.

The results of the second part of this experiment are summarized in Figs. 3.9a

to 3.9c, where the models have been trained and tested on images of the whole

gestational age range (i.e. 18 to 22 gestational weeks). When compared to the

results of models trained on images of a single age, two observations can be obtained:

firstly, predictions made by the proposed models were more accurate than those

made by the baseline model by as much as 21% (ED), 16% (PA) and 9% (NCC).

Also, predictions made by the proposed model without the Attention module were

slightly less accurate than the complete version of the proposed model, PlaneInVol.

The slight improvement caused by the incorporation of the Attention module is

statistically significant for every age and evaluation metric concerned (p<0.05,

t-test). Secondly, predictions made by models trained on images of the whole

gestational age range were less accurate when compared to those made by models

trained on images of just 21 weeks. This may be reasonable because images of

different gestational ages were registered to different atlases as brain structures

presented at different gestational ages may look quite different. For a single age,

every plane location in the atlas space corresponds to a unique set of 2D image

features. However, when a single model is trained with images of different gestational

ages, it is equivalent to combining different unique atlas spaces into one and every

plane location in this combined atlas space corresponds to multiple sets of 2D image

features, each belongs to a specific age and hence they can be quite different to each

other. This may be a more difficult and ambiguous learning task when compared

to training models on images of a single age. Therefore, one single model trained

on images of a broad gestational age range may have poorer performance when

compared to models trained on a single age.
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(a) (b)

(c) (d)

Figure 3.10: Plane location and accuracy of prediction. (a) shows how planes were
sampled from the 3D volume along one normal of the unit sphere. Mean results (±
standard deviation) of (b) Euclidean distance, (c) plane angle and (d) normalized cross
correlation between groundtruth and prediction for images sampled from different locations
of the 3D brain volumes are computed. Each curve in the figure indicates the mean results
of one normal of the unit sphere and the blue shadow around it is the standard deviation
of the results. Slices perpendicular to it and at different distance away from the centre of
the 3D brain volumes were sampled and tested.

3.4.2 Relationship between Plane Location and Accuracy
of Prediction

The results of finding the relationship between plane location and accuracy of

prediction are presented in Fig. 3.10. Similar to the sampling procedure as introduced

in Section 3.3.2, for each 3D volume, 50 normals evenly distributed on the unit

sphere were chosen and each of them was represented by a colored curve in Fig. 3.10.

In Fig. 3.10, values on each colored curve indicate the mean results, while the

blue shadow around the curve is the standard deviation of the results. Along each

normal and at different distance away from the centre of the 3D brain volumes,

planes perpendicular to the normal were sampled.

Firstly, suggested by all three evaluation metrics, the performance of the proposed
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ED (voxels) PA (rad) NCC
M1 v.s. M2 9.12 ± 4.01 0.126 ±

0.055
0.867 ±
0.093

M1 v.s. Model 11.36 ± 3.26 0.179 ±
0.095

0.841 ±
0.096

M2 v.s. Model 11.44 ± 5.02 0.180 ±
0.120

0.837 ±
0.080

P value (one-way
ANOVA)

0.257 0.227 0.639

Table 3.3: Comparison with manual annotation on real 2D images taken at the standard
TT plane. Mean results (± standard deviation) and one-way ANOVA results between
first manual annotation (M1), second manual annotation (M2) and prediction by the
proposed model, PlaneInVol, are displayed. P values of the one-way ANOVA suggests
the comparable performance by PlaneInVol and human annotations.

model in predicting images sampled along different directions (i.e. different lines

in Fig. 3.10) were similar. The Euler distance, plane angle and normalized cross

correlation were around 10 voxels, 0.20 rad and 0.75 respectively, which were similar

to the overall result presented in Figs. 3.8a to 3.8c. In other words, the performance

of PlaneInVol does not depend on the geometric orientation of the images sampled,

which is desirable because during 2D freehand ultrasound scanning, images along

different directions may be acquired.

Secondly, as suggested by ED (Fig. 3.10b) and NCC (Fig. 3.10d), when the

images were farther away from the centre of the 3D brain volumes, the accuracy of

the prediction dropped. This is reasonable because in general, images farther away

from the centre, especially those near the edge of the brain, contain fewer indicative

structures and hence are less informative and it is more difficult to predict their 3D

location [134, 135].

3.4.3 Real 2D Image Acquisition of Standard TT Plane

Real 2D images taken at the standard TT plane were tested. Table 3.3 summarizes

the variations between the plane locations predicted by the proposed model,

PlaneInVol, and manually annotated by 2 individual experts. Although the mean

values of the three evaluation metrics may suggest that the variation between the
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Figure 3.11: Visualization of manual annotation comparison. Six examples of native
and masked 2D scans taken at the standard TT plane (first column); slices sampled from
the corresponding 3D volume using the first manual annotation (second column), second
manual annotation (third column) and PlaneInVol’s prediction (fourth column); slices
sampled from the 3D atlas using PlaneInVol’s prediction (fifth column) and the position
of the aforementioned slices in the 3D atlas space (sixth column). Frame color of the
images (second to fifth column) corresponds to the planes as shown in the 3D atlas space
(sixth column).
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two sets of manual annotation is smaller than that between the model prediction

and the manual annotations, p values of 0.257, 0.227 and 0.639 as calculated by

the one-way ANOVA pointed out that it was failed to reject the null hypothesis,

and there is no difference between the three groups of comparison, suggesting the

comparable performance by PlaneInVol and human annotations.

It is understandable that the result obtained by the one-way ANOVA may not

be convincing enough due to the limited amount of test images. Therefore, the 15

test images were further analyzed independently. While for most cases, the model

prediction closely matched both (case 1 and 2 in Fig. 3.11) or either (case 3 in

Fig. 3.11) set(s) of the manual annotation, it was found out that only three cases

exhibited significant difference (i.e. more than 30% difference) between the model

prediction and both sets of the manual annotation. They are presented as cases 4

to 6 in Fig. 3.11. It is evident that both the appearance (fourth column) and 3D

location (sixth column) of the sampled slices using the proposed model’s prediction

differ significantly with those sampled from the manual annotations (second and

third column). However, the slices sampled from the 3D atlas using the prediction by

PlaneInVol (fifth column) actually look much more similar to the input standard

plane image (first column) than the slices sampled from the 3D volume (fourth

column). In other words, the large variation between the model prediction and the

manual annotations in these three cases is mainly due to the misalignment between

the three volumes and the atlas. The three volumes were checked again and it was

verified that the poor volume quality makes perfect alignment to the atlas space

extremely challenging.

3.4.4 Video of Freehand Fetal Brain Scanning

Fig. 3.12 shows the results of four video examples. It can be observed that the

video frames and the corresponding slices sampled from the atlas present similar

anatomical structures in the same orientation. Also, the predicted plane locations

generally match with the motion of the probe when acquiring the videos, which
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Figure 3.12: Results of four video examples. For each example, the upper row shows
multiple frames of the video, which were input to the proposed model, PlaneInVol. Using
the predicted plane locations, corresponding slices were sampled from the 3D atlas, which
were shown in the middle row. The prediction plane location of each input video frame in
the 3D atlas was displayed in the bottom row.

were roughly along the longitudinal axis (videos 1 and 2 of Fig. 3.12) and the

sagittal axis (videos 3 and 4 of Fig. 3.12), respectively.

It may be noted that the anatomical structures in the upper hemisphere of

some of the video frames (e.g. video 2 of Fig. 3.12) are not clearly discernible.

This is due to the interaction between the ultrasound wave and concave fetal skull,

which results in the anatomical structures presented in the hemisphere near the

ultrasound probe (i.e. upper part of the video frames) generally being less visible

[46]. On the other hand, the atlas represents both hemispheres. Therefore, the

upper hemisphere of some of the video frames and that of their corresponding

atlas slices may look different.

It was demonstrated in Section 3.4.2 that the accuracy of prediction decreases
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when the input 2D image locates farther away from the centre of the brain. Fig. 3.13

shows two sets of consecutive frames which capture the external areas of the

supratentorial region of the fetal brain. It can be observed that the slices sampled

from the 3D atlas using the predicted plane location show completely different

structures from their corresponding input frames and the predicted locations for

consecutive frames do not show a smooth transition, which both further verify that

the performance of PlaneInVol would decline when the input 2D images capture

areas farther away from the centre of the brain, which present very limited structural

features.

3.4.5 Impact of Learned Attention

The results of the slices sampled from the 15 fetal brain volumes in Section 3.4.1

were further analyzed to verify that the Attention module (Fig. 3.2c) actually learns

to assign meaningful weights. Fig. 3.14a shows that the learned attention decreases

with the increasing sampled slices’ distance from the centre of the fetal brain. If

the learned attention is interpreted as the weighting of contribution of the pairwise

comparison of input images, as mentioned in Section 3.2.2, Fig. 3.14a may verify

that the Attention module of the proposed model, PlaneInVol, actually learns to

assign meaningful weights, because in general, regions closer to the centre of are

more likely to contain richer structural information, and hence more indicative

towards the final prediction. This can be visualized in Figs. 3.14b and 3.14c, where

the images with blue and gray frames (i.e. sampled farther away from the centre)

present less indicative structural information than the images with red and green

frames (i.e. sampled closer to the centre). Therefore, the attention weight assigned

to the images sampled farther away from the centre of the 3D volume, which quantify

their degree of contribution towards the final prediction, is smaller in general.
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Figure 3.13: Examples of suboptimal prediction. Predicted locations of consecutive
frames, which capture the external areas of the supratentorial region of the fetal brain,
are completely different and do not show a smooth transition.

3.5 Conclusion

In this chapter, PlaneInVol is proposed to predict the position of 2D ultrasound

fetal brain scans in 3D atlas space. Instead of purely supervised learning that

requires heavy annotations for each 2D scan, the model is trained by sampling 2D

slices from 3D fetal brain volumes, and target the model to predict the inverse of

the sampling process, resembling the idea of self-supervised learning.

PlaneInVol is benchmarked on 2D slices sampled from 3D fetal brain volumes

at 18-22 weeks of gestational age. Using three evaluation metrics, namely, Euclidean
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(a)

(b)

(c)

Figure 3.14: Attention visualization. (a) displays the relationship between the mean
normalized learned attention (± standard deviation) and the sampled slices’ distance from
the centre of the fetal brain. (b) and (c) are two sets of attention visualization example.
The 3D positions of the images are shown in the 3D fetal brain simulation on the left.

distance, plane angles and normalized cross correlation, which account for both the

geometrical and appearance discrepancy between the groundtruth and prediction,

in all these metrics, PlaneInVol outperforms a baseline model by as much as 23%,

when the number of input images increases. It is further demonstrated that the

proposed model generalizes to (i) real 2D standard transthalamic plane images,

achieving comparable performance as human annotations, as well as (ii) videos

of 2D freehand fetal brain scan.

The methodology presented in this chapter may facilitate better identification and

localization of different ultrasound scans clinically, and hence lead to more accurate
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and objective image acquisition and the analysis of fetal growth and development.

The proposed model, PlaneInVol, will be further applied and studied in the coming

chapters, specifically for unsupervised adaptation to different ultrasound machines

(Chapter 4) and volumetric reconstruction from 2D ultrasound images (Chapter 5).



4
Adaptive 3D Localization of 2D

Ultrasound Images

Following from the previous chapter, in which PlaneInVol is proposed to predict

the position of 2D ultrasound fetal brain scans in the 3D brain atlas, this chapter

extends that by presenting AdLocUI, a framework that Adaptively Localizes

2D Ultrasound Images in the 3D brain atlas. Specifically, AdLocUI adapts a

trained localization model (e.g. PlaneInVol) to freehand 2D ultrasound images

acquired from arbitrary domains (e.g. sonographers, manufacturers and acquisition

protocols) in an unsupervised manner. The work presented in this chapter has

been published in:

Yeung, P.H., Aliasi, M., Haak, M., the INTERGROWTH-21st Consortium,

Xie, W. and Namburete, A.I.,: Adaptive 3D Localization of 2D Freehand Ultrasound

Brain Images., International conference on Medical Image Computing and Computer

Assisted Intervention (MICCAI), 2022.
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4.1 Introduction

In practice, ultrasound images are acquired by different machines and with different

acquisition parameters at different clinical sites. Since there is no worldwide

standardization on the quality assurance of ultrasound images [143], different

manufacturers may adopt their own and patented image formation and post-

processing algorithms when designing their machines, leading to different quality

and characteristics of the acquired images. During clinical scanning, different

sonographers may have their preferred acquisition protocols and parameters, further

enlarging the variations between different acquired ultrasound images, even though

they are capturing the same cross-sectional plane of interest.

In Chapter 3, PlaneInVol is presented to predict the position of 2D ultrasound

fetal brain scans in the 3D brain atlas. PlaneInVol is trained on 2D slices sampled

from aligned 3D fetal brain volumes, which may look differently from the actual

2D images, in terms of resolution, intensity and noise. Although extensive data

augmentation (Chapter 3.2.1) is used to make the model more generalizable and it

is demonstrated qualitatively that PlaneInVol also work on several native freehand

2D ultrasound sequences (Chapter 3.4.4), there is no guarantee that PlaneInVol is

able to generalize to images acquired from arbitrary domains (e.g. sonographers,

manufacturers and acquisition protocols), given that the data augmentation applied

is impossible to capture all the variations in every domain. This significantly limits

the application of PlaneInVol at the bedside.
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In order to optimize its potential and applicability in practice, a 2D ultrasound

image localization network (or PlaneInVol) should satisfy the following criteria:

(i) Ease of training: Training PlaneInVol should require as little manual anno-

tation as possible, due to the practical challenges of collecting large amount

of manually annotated data with high quality from medical professionals.

(ii) Ease of generalization: The trained PlaneInVol should be able to generalize

to images acquired from arbitrary domains easily. If extra steps are needed to

adapt the trained PlaneInVol to those images, the time and data required

for the adaptation should be minimal.

In this chapter, the goal is to achieve both criteria by presenting AdLocUI, a

framework that Adaptively Localizes 2D Ultrasound Images in the 3D brain

atlas. This chapter makes the following contributions: first, a framework for the

aforementioned localization task is proposed. It is demonstrated that a single model,

trained with minimal manual annotation (i.e. co-alignment of a set of 3D volumes),

can be fine-tuned in an unsupervised manner. This is verified by demonstrating

the approach through adapting the model to 3 different datasets of ultrasound

images, acquired from diverse machines and acquisition protocols differing from

those of the training data. Second, a novel way to fine-tune the trained model to

adapt to the target domain 2D ultrasound images is proposed, which utilizes the

fact that the overall displacement of a sequence of images in the 3D anatomical

atlas is equal to the displacement from the first image to the last in that sequence.

As the third contribution, it is shown, with ablation studies, that the introduction

of the proposed fine-tuning step leads to a significant improvement on localization

accuracy when compared to naïve PlaneInVol, and PlaneInVol fine-tuned by

popular unsupervised domain adaptation algorithms [104, 144, 145].
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4.1.1 Unsupervised Domain Adaptation

The task considered in this chapter is a typical domain adaptation problem, namely

adapting a model trained on source domain data (i.e. 2D slices sampled from 3D

volumes) to target domain images (i.e. native 2D freehand images acquired from

different machines). In practice, it is very difficult to obtain the ground-truth plane

location for the target domain images to fine-tune the model in a supervised manner.

Therefore, the task is formulated as an unsupervised domain adaptation problem.

As reviewed in Chapter 2.5, unsupervised domain adaptation considers the

setting where no ground-truth task label is available for the target domain data. A

few representative unsupervised domain adaptation works are introduced in this

section, which will be used as the baselines to compare with AdLocUI in this chapter:

• Multiple Kernel Maximum Mean Discrepancies (MK-MMD) [145]:

A ConvNet is first trained with the source domain data. It is then fine-

tuned with the source and target domain data. The ConvNet architecture

is divided into three parts. The first three convolutional layers extract low-

level and, hence, more general features, which should be common across

different domains. Therefore, those layers are frozen during fine-tuning. The

remaining convolutional layers extract higher-level features and, hence, are less

transferable. Those layers are updated during fine-tuning. For the following

fully connected layers, they should be specific for different domains. The

Hilbert space embeddings of representations of those layers are, therefore,

matched by MK-MMD. Intuitively, although there is no label for the target

domain data, the statistics of the embeddings of their representations are

forced to match with each other by MK-MMD.

• Deep CORAL [144]: The concept of Deep CORAL is very similar to MK-

MMD [145]. The ConvNet is also fine-tuned by unlabelled target domain data

by minimizing the features’ statistics between different domains. Nevertheless,

a new loss (i.e. CORAL) is utilized to minimize the second-order statistics

of both domains’ features at the last fully connected layer. It was argued
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that this may facilitate the optimization and can be used in different network

architectures more naturally [144].

• Domain-Adversarial Neural Network (DANN) [104]: The idea of

DANN is to generate features that cannot be distinguished between source

and target domains. During training, a ConvNet is trained to extract features

that are discriminative for the task of interest, but indistinguishable between

the two domains. To achieve this, the ConvNet is composed of three parts.

The feature extractor will generate features from the input images. The

features will then pass through the label predictor which is responsible for the

prediction of the task of interest. It is just a normal feed-forward classifier

(i.e. a few fully connected layers). During training, the features will also pass

through the domain classifier via a newly proposed gradient reversal layer.

The job of the domain classifier is to predict whether the input is from the

source or target domains. Using back propagation to minimize the domain

classification loss, the gradient reversal layer reverses the gradient and, hence,

makes the distributions of the features of the two domains more similar. This

makes them indistinguishable between the source and target domains, while

the network is still able to achieve the task of interest through the feature

extractor and label predictor. After the training, the domain classifier will

be abandoned and only the feature extractor and label predictor are kept for

prediction during inference.

4.2 Method

In Section 4.3.1, the problem setting considered in this chapter is first formulated,

namely, adaptively localizing 2D ultrasound neuroimages in the 3D anatomical

atlas. Next, the corresponding steps of the proposed framework, AdLocUI, namely

training (Section 4.2.2), fine-tuning (Section 4.2.3) and inference (Section 4.2.4) are

introduced. The whole pipeline is summarized in Fig. 4.1.
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Figure 4.1: Pipeline of AdLocUI. During training, 2D slices, Si, sampled from co-aligned
3D volumes are used to train a regression ConvNet (e.g. PlaneInVol) to predict the
locations, Li, and displacement Dik, of the 2D slices in the 3D anatomical atlas. The
ConvNet is then fined-tuned in an unsupervised manner with 2D freehand ultrasound
images, Ii, based on the proposed cycle consistency. The fine-tuned ConvNet can then
be used to localize Ii of the same domain (i.e. acquired with the same machines and
protocols) in the predefined 3D anatomical atlas.

4.2.1 Problem Setup

Each ultrasound acquisition from different machines is considered as a different

domain. In general, given a sequence or set of m 2D ultrasound images, I =

{I1, I2, . . . , Im}, acquired from any domain, the goal is to predict their locations,

LImg = {L1,L2, . . . ,Lm}, in a predefined 3D anatomical atlas, R3
atlas.

This problem is formulated in 3 stages (Fig. 4.1). In training, a regression Con-

vNet, ψ(·; θ), parametrized by θ, is trained with n 2D slices, S = {S1,S2, . . . ,Sn},

sampled from the corresponding plane locations, LS = {L1,L2, . . . ,Ln}, of a set

of 3D ultrasound volumes co-aligned in R3
atlas. In this chapter, the regression

ConvNet, ψ(·; θ), is largely based on PlaneInVol (with some modifications that

will be described in Section 4.2.2), but it can also be a ConvNet with any arbitrary

architectures. Therefore, in the remaining of this chapter, it will just be referred as

ConvNet for generalizability. After that, ψ(·; θ) is retrained (i.e. fine-tuned) with

S and I, using cycle consistency in an unsupervised manner. ψ(·; θ) can then
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be used on I or images of the same domain as I during inference.

For clarification, in Chapter 3, both the 2D images and 2D slices are referred as

I, where in this chapter, they have to be differentiated. Therefore, 2D slice sampled

from the 3D training volumes is referred as S and the target domain 2D ultrasound

image is referred as I.

4.2.2 Training with Sampled 2D Slices from 3D Volumes

Conventionally, training ψ(·; θ), requires paired training data (i.e. {Ii,Li}), where

Li (parameterization of L is detailed below) needs to be manually annotated, which

is very challenging and time-consuming. In Chapter 3, PlaneInVol is proposed to

use 2D slices, S, sampled from aligned 3D ultrasound volumes, as the training data.

Therefore, the corresponding plane locations, LS, of the 2D slices are automatically

known, voiding the need for further manual annotation. The same strategy is

adopted in this chapter.

Data preparation pipeline. Similar to Chapter 3, a set of 3D ultrasound

volumes is affinely registered to a common predefined anatomical atlas, R3
atlas, either

manually, or by alignment algorithms such as [138], followed by minor manual

correction. This is the only manual annotation required by AdLocUI. 2D slices,

S, were then randomly sampled from the aligned volumes, using Fibonacci sphere

sampling of polar coordinates [135], on the fly during training. The details were

described in Chapter 3.2.1.

Training objectives. With a set of n paired training data, {Si,Li}n
i=1, a regression

ConvNet, ψ(·; θ), is trained. ψ(·; θ) is composed of 3 parts, namely the encoder

ψenc(·; θenc), location prediction ψloc(·; θloc) and displacement prediction ψdisp(·; θdisp).

When compared to PlaneInVol proposed in Chapter 3, the displacement prediction,

ψdisp(·; θdisp), is a new component introduced in this chapter. First, S are randomly
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augmented by scaling, in-plane translation, contrast adjustment and random noise.

A feature vector, vi, is then generated by the encoder part, ψenc(·; θenc), for each Si:

[v1, v2, ..., vn] = [ψenc(S1; θenc), ψenc(S2; θenc), ..., ψenc(Sn; θenc)] (4.1)

Similar to PlaneInVol as proposed in Chapter 3, the feature vectors, {v1,v2, . . . ,vn},

are used to predict the plane locations, LS, by the location prediction part,

ψloc(·; θloc):

[L̂1, L̂2, ..., L̂n] = [ψloc(v1; θloc), ψloc(v2; θloc), ..., ψloc(vn; θloc)] (4.2)

where ˆ indicates predicted values. Unlike PlaneInVol, Li and the displacement,

Dik, between each pair of slices, Si and Sk, in R3
atlas are simultaneously predicted

by the displacement prediction part, ψdisp(·; θdisp):

[..., D̂ik, ..., D̂nn] = [..., ψdisp(vi,vk; θdisp), ..., ψdisp(vn,vn; θdisp)] (4.3)

Parameterization of L and D. Following the practice as described in Chapter

3.2.2, the plane location, Li ∈ R3×3, is parameterized by three anchor points (i.e.

their x, y and z coordinates), namely the top right, top left and bottom right corners,

of Si. The displacement, Dik, from Si to Sk, in R3
atlas is therefore parameterized

as (Li − Lk). There are other parameterization methods, such as Euler angles

and quaternions [134, 135], which is not the focus of this chapter and may be

investigated in the future work.

Training loss (Lt). Since L̂ and D̂ are simultaneously predicted, it can be

represented as a multi-task learning problem and weighted mean least-squared

error (MSE) is used as the loss function:

Lt = wL · MSE
(
L̂,L

)
+ wD · MSE

(
D̂,D

)
(4.4)

where wL and wD are the weights of the respective MSE loss.
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4.2.3 Fine-tuning with 2D Ultrasound Images

The trained ConvNet, ψ(·; θ), can then be fine-tuned with a new set of m 2D

ultrasound images, I, acquired from any domain. The retraining relies on cycle

consistency and uses both the training data (i.e. {S,LS}) and the new set of images,

I, without further manual annotation.

Cycle consistency. Although the plane locations, LImg of the new I are unknown,

by cycle consistency, it is known that the overall displacement, D, of a sequence of

images in R3
atlas must be equal to D from the first image to the last of that sequence.

For example, as illustrated in Fig. 4.1, the overall displacement (i) Si → I1 (i.e.

Di1), and I1 → I2 (i.e. D12), and I2 → I3 (i.e. D23), and I3 → Sk (i.e. D3k) is

equal to (ii) Si → Sk (i.e. Dik). While every D in (i) is unknown, Dik in (ii) is

known from the original training data. Therefore, the cycle consistency loss (Lc)

can be constructed with this equality to retrain ψ(·; θ):

Lc = MSE
(
D̂i1 ⊗ D̂12 ⊗ D̂23 ⊗ D̂3k, Dik

)
(4.5)

where ⊗ depends on the choice of the parameterization of D and, hence, ⊗ is

simply subtraction in this chapter (similar to the derivation of D from L described

in Section 4.2.2). When predicting two consecutive displacements (e.g. D12 and

D23), the common image involved (i.e. I2) is augmented differently, which coincides

with the recent self-supervised and unsupervised learning studies [89, 91, 146] that

emphasize the importance of data augmentation.

Fine-tuning loss (Lf). Since the goal of AdLocUI is to predict the corresponding

plane location, LImg, of I, relying solely on the cycle consistency loss, Lc, (i.e.

supervise only on D) may diverge the prediction or even fall into trivial solutions

[97]. Therefore, the original training loss, Lt (Eq. 4.4), is added to regularize the

retraining. The overall fine-tuning loss, Lf is:

Lf = wc · Lc + Lt (4.6)
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where wc is the weight of the cycle consistency loss, Lc.

4.2.4 Inference

The fine-tuned ConvNet, ψ(·; θ), can be used on the set of 2D ultrasound images,

I, or other 2D ultrasound images of the same domain (i.e. acquired from the

same machine with the same acquisition protocols) to predict their corresponding

locations, LImg, in the predefined 3D anatomical atlas, R3
atlas:

[L̂1, L̂2, ..., L̂m] = [ψ(I1; θ), ψ(I2; θ), ..., ψ(Im; θ)] (4.7)

4.3 Experiment

4.3.1 Experimental Setup

AdLocUI and other baseline approaches were first trained with 2D slices, S, sampled

from 50 3D volumes acquired by Philips HD9 (Training in Fig. 4.1). The training

dataset and details follow those described in Chapter 3.3.1 and 3.3.2. The trained

networks were then fine-tuned and evaluated (Fine-tuning and Inference in Fig. 4.1)

on both volume-sampled 2D images and native 2D freehand images. The training

and testing images were acquired from different clinical sites and machines, simu-

lating the cross-domain variance observed in reality. AdLocUI was compared with

PlaneInVol (Chapter 3) and that fine-tuned by popular unsupervised deep domain

adaptation methods, namely MK-MMD [145], DANN [104] and CORAL [144],

as introduced in Section 4.1. The implementation details of different approaches

are summarized in Table 4.1.

For MK-MMD [145], DANN [104] and CORAL [144], their respective loss,

Lr, replaced Lc of Eq. 4.6:

Lf = wr · Lr + Lt (4.8)
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Approaches PlaneInVol AdLocUI
Encoder
ψenc(·; θenc) Refer to Table 3.2
Location prediction
ψloc(·; θloc)

Displacement prediction
ψdisp(·; θdisp) -

(FC - ReLU)×3

FC size from
512 to 256 to 9

Training
hyperparameters

- - wL = 1
- wD = 0.5

- Batch size of 80
- Learning rate of 0.0001
- lr halved when errors plateaued
- Early stop when errors further plateaued
- ADAM optimization

Fine-tuning
hyperparameters

- wr for MK-MMD[145] loss = 10
- wr for CORAL[144] loss = 1
- wr for DANN[104] loss = 1

- wc = 1

Other details - Python 3.7, pytorch 1.9
- Nvidia GTX 1080ti, 12GB memory

Table 4.1: Implementation details of different approaches.

where wr is the weight of Lr. With some hyperparameters tuning, the wr of each

baseline methods are summarized in Table 4.1.

For volume-sampled 2D images, two different settings were considered, both

corresponding to realistic scenarios. Firstly, it was the scenario where the same set

of images was used for fine-tuning and then testing. This is relevant when offline

analysis is performed, where there is sufficient time for fine-tuning with the test

images before final analysis. Secondly, it was the scenario where different sets of

images (from the same domain) were used for fine-tuning and testing. This was

achieved by using half of the testing 3D volumes for fine-tuning and the other half

for testing. This setting corresponds to online prediction, for example scanning

guidance, where a set of example images were acquired in advance for fine-tuning.
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4.3.2 Testing Dataset

Volume-sampled testing images. AdLocUI and other baseline approaches were

tested on 2D slices sampled from 17 aligned 3D volumes (resize and crop to

160 × 160 × 160 voxels at a resolution of around 0.6 × 0.6 × 0.6 mm3) acquired by

GE Voluson E10, which were different from the training volumes (Philips HD9).

The volumes were acquired at the Leiden University Medical Center, between 19

and 21 gestational weeks and aligned to the same common 3D atlas as the training

data to ensure consistent evaluation. 3000 slices were sampled from each testing

volume uniformly. Although they are not native 2D freehand ultrasound images,

domain shift still exists and the availability of ground-truth enables more complete

quantitative analysis.

Native 2D freehand images. Images from video sequences of 2D freehand

ultrasound brain scans, acquired by GE Voluson E10 (4 sequences, 829 2D images in

total) and Voluson E8 (3 sequences, 531 images in total) from two different clinical

centers, were tested and analyzed. Each image was cropped to 160 × 160 pixels.

4.3.3 Evaluation metrics

Volume-sampled testing images. Following Chapter 3.3.3, the Euclidean

distance (ED) between the coordinates of the predicted and ground-truth planes

in the R3
atlas and the dihedral plane angle (PA) between them were used as the

evaluation metrics when testing on volume-sampled testing images.

Native 2D freehand images. As the ground-truth locations were not available

for native 2D freehand images, it was not possible to achieve the same detailed

quantitative analysis as the volume-sampled images. Therefore, another quantitative

test was proposed. As the acquisition of the video sequences was smooth and
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Table 4.2: Evaluation results (mean±standard deviation) on volume-sampled 2D images
on two settings, 4.2a and 4.2b, evaluated by Euclidean distance (ED) and dihedral angle
(DA). ↓ indicates lower values being more accurate. * indicates manual annotation being
used.

ED ↓
(voxel)

DA ↓
(rad)

PlaneInVol
without fine-tuning 71.1±29.9 0.264±0.177
with MK-MMD[145] 71.4±27.0 0.266±0.153
with CORAL[144] 79.3±29.9 0.276±0.159
with DANN[104] 72.8±30.5 0.265±0.160
*supervised fine-tuning 11.3±1.57 0.172±0.055

AdLocUI (ours)
without fine-tuning 63.0±29.0 0.251±0.166
proposed fine-tuning 23.7±9.01 0.198±0.092

(a) Fine-tune and test on the same set of images

ED ↓
(voxel)

DA ↓
(rad)

70.6±25.3 0.265±0.137
72.6±26.0 0.267±0.140
80.8±28.1 0.278±0.149
72.4±27.9 0.266±0.143
28.6±14.2 0.202±0.084

62.7±25.0 0.253±0.138
33.0±15.1 0.211±0.097
(b) different set of images

continuous, the locations of consecutive images should not change abruptly, but

show a gradual transition. Such a rate of change (∆c) was quantified as:

∆c = ED(P̂i, P̂i+1)
1 − NCC(Ii, Ii+1)

(4.9)

where P̂i is the coordinates of the predicted plane of Ii and NCC is the normalized

cross-correlation. Normalized (i.e. by the mean of ∆c) standard deviation (NSTD)

was used to quantify the consistency of ∆c throughout the whole video sequence,

which should be low ideally.

4.4 Results

4.4.1 Volume-Sampled Images

AdLocUI, via ablation studies, was compared to different baseline approaches in two

different settings as described in Section 4.3.1.

Offline analysis (Table 4.2a). The same set of images was used for fine-tuning

and then testing, which corresponds to performing offline analysis, where there

is sufficient time for fine-tuning with the test images before final analysis. From
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Table 4.2a, the original PlaneInVol (i.e. without fine-tuning) achieved ED=71.1 and

DA=0.264, which was slightly worse than AdLocUI without fine-tuning (ED=63.0

and DA=0.251). The multi-task learning (i.e. additional task of predicting Dij)

contributed to such improvement. The proposed fine-tuning step, which does not

require any additional manual annotation, contributed to a significant (p<0.05,

student’s t-test) improvement (ED=23.7 and DA=0.198). An unlikely situation

was also analyzed, where it was assumed to have the ground-truth locations of the

testing images for fine-tuning (i.e. retraining) PlaneInVol in a supervised manner.

This can be viewed as the oracle of the accuracy of the prediction (ED=11.3 and

DA=0.172).

Online prediction (Table 4.2b). Different sets of images (from the same domain)

were used for fine-tuning and testing. This is relevant when online prediction is

performed, for example scanning guidance, where a set of example images is acquired

in advance for fine-tuning . From Table 4.2b, without fine-tuning, PlaneInVol

(ED=70.6 and DA=0.265) and AdLocUI (ED=62.7 and DA=0.253) performed

similarly as the first scenario. Compared to the first scenario, a pronounced drop

in performance was seen for supervised fine-tuning of PlaneInVol (ED=28.6 and

DA=0.202) when the fine-tuning and testing images were no longer the same. This

had less severe impact to AdLocUI with the proposed fine-tuning (ED=33.0 and

DA=0.211), which was still significantly (p<0.05) better than the baselines. Despite

its slightly better performance, supervised fine-tuning requires manually annotated

image locations to retrain the network for every new machine or protocol, which is

not applicable in practice. On the contrary, AdLocUI just needs the raw 2D images

for fine-tuning, which is much more achievable in neuroimaging studies.

Fine-tuned with existing DA methods. AdLocUI was also compared with

PlaneInVol fine-tuned by popular unsupervised DA methods (i.e. MK-MMD [145],

DANN [104] and CORAL [144]). Despite some trials of hyperparameters tuning, as

shown in Table 4.2, their results were still comparable or worse than no fine-tuning.
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Figure 4.2: Localization of 2D freehand ultrasound images in the 3D brain atlas.
2D slices sampled from the 3D atlas using image locations predicted by the baseline
(i.e. PlaneInVol) and AdLocUI are presented, where AdLocUI’s predictions show better
correspondence (i.e. emphasized by the red arrows) with the ultrasound images, suggesting
more accurate 3D localization prediction by AdLocUI.

This may be due to the fact that most DA approaches were designed for classification

tasks, which may not be directly applicable to the regression task [147]. This further

verifies the value of the work presented in this chapter.

4.4.2 Native Freehand Images

In the experiments on native 2D freehand ultrasound images, the predicted image

locations were used to sample the corresponding slices from the 3D atlas, to which

the 3D training volumes were co-aligned. The sampled slices should match with

the corresponding input images for accurate predictions. As shown in Fig. 4.2,

predictions from AdLocUI clearly demonstrated a much better match, in terms

of similarity and anatomical structures present as indicated by the red arrows in

the figure, with the corresponding input images at different orientations, when

compared to PlaneInVol. By the proposed quantitative test (i.e. NSTD of ∆c)
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as described in Section 4.3, AdLocUI achieved a result of 0.553, which was lower

than both PlaneInVol (0.706) and AdLocUI without fine-tuning (0.726), suggesting

that the predicted localization of AdLocUI was more consistent throughout the

ultrasound video sequence, which was indicative of the smooth frame-to-frame

transitions expected in freehand scanning. Both the qualitative and quantitative

results showed AdLocUI’s superior performance when being applied on native 2D

freehand ultrasound images in practice.

4.5 Conclusion

In this chapter, AdLocUI, a framework for localizing 2D ultrasound brain images

in the 3D anatomy, is proposed. It extends PlaneInVol (Chapter 3) by using an

intuitive cycle consistency loss to adapt the localization model to images acquired

from different machines and protocols in an unsupervised manner.

AdLocUI is benchmarked on 3 different datasets of ultrasound images, acquired

from diverse machines and acquisition protocols differing from those of the training

data. It is shown, with ablation studies, that the introduction of the proposed

unsupervised cycle consistency leads to a significant improvement on localization

accuracy when compared to naïve PlaneInVol, and PlaneInVol fine-tuned by

popular unsupervised domain adaptation algorithms, namely MK-MMD [145],

DANN [104] and CORAL [144]. Furthermore, the improvement applies on two

different realistic settings, namely offline analysis and online prediction, which may

further verify AdLocUI’s potential by the bedside under different circumstances.

All in all, Chapter 3 and this chapter propose a complete framework for

localizing 2D fetal ultrasound images in the 3D brain, which may be further

used for volumetric reconstruction (Chapter 5) and freehand guidance for training

and facilitating more objective analysis and diagnosis. This framework satisfies

the three fundamental principles described in Chapter 1.1. In specific, PlaneInVol

(Chapter 3) is sensorless, which is trained with minimal human annotation
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(i.e. co-alignment of a set of 3D volumes). AdLocUI proposed in this chapter further

addresses the generalization issue to maximize the impact of the framework.
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5
Volumetric Reconstruction from 2D

Ultrasound Images

Building upon the ability to predict the position of 2D ultrasound fetal brain

scans in the 3D brain atlas as proposed in previous chapters, this chapter presents

ImplicitVol to reconstruct 3D volumes from non-sensor-tracked 2D ultrasound

images, where their 3D locations are predicted by PlaneInVol. Specifically, using

the predicted 3D location of individual 2D ultrasound images as an initialization,

ImplicitVol will then jointly refine the image location and learn the volumetric

reconstruction using implicit representation. The work presented in this chapter

is submitted to (under review):

Yeung, P.H., Hesse, L., Aliasi, M., Haak, M., the INTERGROWTH-21st

Consortium, Xie, W. and Namburete, A.I.,: Sensorless Volumetric Reconstruction

of Fetal Brain Freehand Ultrasound Scans with Deep Implicit Representation.,

submitted to Medical Image Analysis.
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5.1 Introduction

Two-dimensional freehand ultrasound is most commonly used at the bedside, and the

operator (sonographer) freely controls the image acquisition path by navigating the

probe during the examination. While methods presented in the previous chapters

may facilitate more accessible and standardized scanning by localizing individual

2D scan in the 3D brain atlas, one of the major limitations of 2D ultrasound is still

not answered, namely the fact that a given 2D ultrasound image frame is limited

to representing a cross-sectional view of the 3D anatomy, which inherently fails to

capture richer contextual volumetric information. 3D ultrasound, typically acquired

using a 3D ultrasound transducer, may capture the structures in their entirety

within a volumetric image which displays the spatial arrangement of structures

within a region of interest. Despite all the advantages of 3D ultrasound over its

2D counterpart as reviewed in Chapter 2.2, for example richer diagnostic potential

[39, 40, 44, 148] and easier offline and secondary examination [33, 34], due to its

more sophisticated hardware requirements and larger footprint, a 3D ultrasound

system may cost ten times more than a 2D system. This limits its use in practical

scenarios, such as scanning by the bedside, or in point-of-care settings.



5. Volumetric Reconstruction from 2D Ultrasound Images 99

Three-dimensional transducers and the corresponding supporting hardware are

not typical in obstetric and point-of-care settings. In the absence of such equipment,

acquiring a set of adjacent 2D freehand images, along with the transducer’s positional

information, can still enable post-hoc reconstruction of a volumetric image. This

can be achieved by using external positional sensor to track the ultrasound probe

[149]. Different types of sensors have been proposed, such as optical positioners

[150] or electromagnetic sensors [151]. While such a solution would be valid for

reconstructing volumes of relatively static structures (e.g. liver [152]) or those

(e.g. carotid artery [150]) affected by regular motion cycles (e.g. respiration), it

would prove impractical in obstetric scanning where fetal motion is independent

and uncorrelated with the freehand positioning of the probe. Furthermore, other

sensor-related issues, such as electromagnetic interference from nearby metal objects

[153] and attachment of obtrusive markers or sensors on the probe [154], may

further hamper the acquisition of 3D volumes.

In this chapter, ImplicitVol is proposed to reconstruct 3D volumes from

a set of freehand 2D ultrasound scans, which are available in routine clinical

screening, without using any external sensors. This approach presents the diagnostic

advantages of 3D ultrasonography while simultaneously offering the accessibility

and ease-of-use of 2D ultrasonography.

The standard approach to slice-to-volume ultrasound reconstruction is to register

the 2D scans into the 3D volumes, and explicitly perform interpolations in the

resulting volumetric representation. Despite its promise, multi-step reconstruction

often suffers from different challenges, such as, error accumulation due to the

incorrect estimation from 2D scans to their corresponding 3D locations, and limited

resolution from the low tessellated grid.

In this chapter, the goal is to directly address these challenges by proposing

a novel slice-to-volume reconstruction pipeline based on implicit representation.

Specifically, the proposed approach parameterises the 3D volume as a deep neural

network, which jointly refines the slice-to-volume registrations and learns a full

3D reconstruction based on only a set of 2D scans. To the best of my knowledge,
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the framework, ImplicitVol, is the first study to propose a genuinely sensorless

(i.e. in both training and inference) 3D reconstruction pipeline based on deep

implicit representation. As freehand ultrasound is the mainstay in prenatal health

monitoring, and is the most widely used and rapidly evolving technique for fetal

imaging, the proposed technique is demonstrated for task of reconstructing 3D

volumes of the fetal brain.

5.1.1 Conventional 3D Ultrasound Reconstruction

Existing methods to construct a slice-to-volume ultrasound reconstruction pipeline

were surveyed in [155], and can be summarized by some or all of the following steps:

3D Localization: First, the 3D location of each tomographic (2D) ultrasound

image is estimated, where an external sensor tracking is required at either the

training [156, 157] or inference [150, 151] stage. These methods are subject to errors

caused by the subjects’ internal motion (e.g. fetal movement).

Interpolation: A 3D volume, represented discretely as a tensor of intensities, is

reconstructed by ‘registering’ the localized 2D scans back to the 3D space, with

holes being interpolated. However, such slice-to-volume back-projections are often

prone to errors, leading to artifacts and thus requirepost-hoc corrections.

Correction. Finally, approaches, such as [158, 159], have been proposed to

correct the aforementioned reconstruction artifacts, based on kernel smoothing and

denoising. However, the effect may be limited, as the source of inaccuracy from the

localization of the 2D images is unsolved.

Conventional 3D reconstruction pipelines have been extensively built on explicit

representations: representing a volume in terms of a 3D array. Instead, in this

chapter, a deep neural network is parameterised to implicitly represent the 3D
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Explicit Implicit
continuity discrete voxel grid continuous function

memory-efficiency lower higher
resolution defined by grid arbitrary

gradient & derivatives limited by discretization continuous & well-defined

Table 5.1: Comparison between the explicit and implicit representations for 3D volumes.

volume. Such a representation is continuous, and enables the querying of intensities

at arbitrary spatial coordinates. With only a set of 2D scans available, it can produce

jointly optimal 3D structures (voxel intensities) and 3D location estimations for these

scans. The difference and comparison between explicit and implicit representations

are reviewed in the next section (Section 5.1.2).

5.1.2 Construction of 3D Representations

By its very nature, a 3D volume is a one-to-one mapping from a set of 3D spatial

positions (i.e. 3D coordinates) to their corresponding intensity values in the real

world. In general, there are two different ways for representing a 3D volume, either

explicitly or implicitly, as described and compared in Table 5.1 and as follows:

Explicit Representation. Conventionally, a 3D volume, V ∈ RH×W ×D×C , is

represented discretely and explicitly as a tensor with height (H), width (W ),

depth (D), and intensity channels (C). Besides the slice-to-volume ultrasound

reconstruction described in Section 5.1.1, most other medical applications involving

3D volumes, for example volume segmentation [160–162], and registration [138, 163],

also rely on using such representation.

Implicit Representation. As an alternative, a 3D volume can also be represented

as a zero level set of a continuous function parameterized by Θ. Such implicit

representation compresses the volumetric information and encodes it as parameters

of a model, for example a deep neural network, that maps the 3D coordinates, x =

(x, y, z), to intensities, i.e. FΘ : x → c. Implicit representation has been proposed
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Figure 5.1: Pipeline of ImplicitVol. During training, a set of 2D freehand ultrasound
images, {Ii}N

i=1, and their estimated 3D location, {Ei, Ti}N
i=1, are used to train a deep

neural network to implicitly represent the continuous 3D volume from which {Ii}N
i=1

are acquired. During inference, images at arbitrarily oriented planes can be obtained as
output, by feeding the grid coordinates of the corresponding query plane to the network.

as an alternative approach for novel view synthesis for natural scenes [164–167].

However, it is less frequently studied and applied to medical imaging tasks [168,

169]. This work is the first to apply implicit representation techniques to ultrasound

imaging. Due to speckle and strong view-dependency, ultrasound is likely to reap

the most benefit from compounding information from multiple views, and thus

vastly improve the structural representation.

5.2 Methods

In this section, the problem setting of this chapter, namely reconstructing a 3D

volume from only a sparse set of 2D fetal brain scans with implicit representation,

is first formulated. Next, in accordance with the three conventional steps of

3D reconstruction summarized in Section 5.1.1, the corresponding components of

ImplicitVol and joint optimization are introduced. The pipeline of ImplicitVol
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is summarized in Fig. 5.1

5.2.1 Problem Setup

Consider a set of 2D ultrasound images, I = {Ii}N
i=1, capturing N different cross-

sectional views of a region of interest (e.g. fetal brain) at the corresponding

3D locations, parameterized by Λ = {Ei,Ti}N
i=1, with E = {θx, θy, θz} being the

3D Euler angles and T = {tx, ty, tz} the translation. The goal is to reconstruct

the volume, such that any 2D cross-sectional view of arbitrary resolution can be

generated by inputting the corresponding 3D coordinates, x = (x, y, z).

Inspired by [164, 165], the volume is represented as a continuous function,

parameterized by a multi-layer perceptron (MLP) representation network FΘ : x → c.

The weights, Θ, are learned by minimizing the discrepancy between the actual and

network-predicted intensities of {Ii}N
i=1, when the 3D coordinates, x, computed

from the corresponding {Ei,Ti}N
i=1, are passed as input to the network.

5.2.2 Sensorless 3D Localization of 2D Scans

PlaneInVol is used to estimate the 3D locations, Λ = {Ei,Ti}N
i=1, of the set of 2D

ultrasound images, I = {Ii}N
i=1. Not requiring any external tracking, PlaneInVol is

trained with a set of 2D slices, sampled from a set of co-aligned 3D brain volumes,

and their locations in the 3D aligned space. The details of the training and inference

are included in Chapter 3.

5.2.3 3D Reconstruction with Implicit Representation

Conceptually, the idea is to store the 3D volume in a MLP, the weights of which are

learned through a set of training data, namely the 2D ultrasound images, I = {Ii}N
i=1

and their pre-computed 3D locations, Λ = {Ei,Ti}N
i=1, detailed in Section 5.2.2.
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During training, the 3D coordinate, xp
i ∈ R3×1, for pixel p of the 2D ultrasound

image, Ii ∈ RH×W , is first derived from the estimated Λ = {Ei,Ti}N
i=1:

xi = ε(Ei,Ti) (5.1)

Specifically, ε is achieved by first rotating the 3D coordinate, rp ∈ R3×1, of pixel

p of the reference xy plane by Ei = {θx, θy, θz}, and then translating it by Ti.

Computationally, a rotation matrix, Ri ∈ R3×3 is first generated by:

R =

cos θz − sin θz 0
sin θz cos θz 0

0 0 1

 ·

 cos θy 0 sin θy

0 1 0
− sin θy 0 cos θy

 ·

1 0 0
0 cos θx − sin θx

0 sin θx cos θx

 (5.2)

followed by transforming the 3D coordinate, rp ∈ R3×1, of pixel p of a reference

plane (R3×H×W ), by the rotation matrix, Ri ∈ R3×3, and the translation Ti ∈ R3×1:

xp
i = Ri · rp + Ti (5.3)

Positional Encoding. Mapping the 3D coordinate, x, to a higher dimensional

space better represents the high frequency variation in the object’s intensity and

geometry [165, 170]. Therefore, x is encoded by the function E : R → R2L [165],

where L is the encoding dimension which is a hyperparameter:

E(n) = (sin(20πn), cos(20πn), ..., sin(2L−1πn), cos(2L−1πn)) (5.4)

where n are the normalized values (i.e. from −1 to 1) of each x, y and z. In the

following sections, 3D coordinate refers to the encoded coordinate, x ∈ R3×2L.

Network Training. With the training set, {xp
i , I

p
i } ∀i, p, the weights, Θ, of the

representation network, FΘ, can be learned through normal back propagation:

Θ∗ = arg min
Θ

∑
i,p

L(FΘ(xp
i ), Ip

i ) (5.5)

where Θ∗ are the optimized weights of the representation network and L is the

photometric loss, i.e. structural similarity (SSIM) loss [171]:
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5.2.4 Joint Optimization for Location Refinement

In practice, the 3D locations, Λ = {Ei,Ti}N
i=1, predicted by PlaneInVol, are

imperfect due to prediction error. Inspired by [166], during training the network,

FΘ, the pre-computed 3D locations, Λ = {Ei,Ti}N
i=1, were updated (i.e. refined)

simultaneously through joint optimization which can be summarized as:

Θ∗,Λ∗ = arg min
Θ,Λ

L(FΘ(E(ε(Λ))), I) (5.6)

where I = {Ii}N
i=1 and ε(·) and E(·) are from Eq. 5.1 and 5.4, respectively.

Iterative Reinitialization. As the 3D locations, Λ = {Ei,Ti}N
i=1, and the network,

FΘ, are optimized and trained simultaneously, the network may overfit to a set of

sub-optimal 3D locations. Therefore, iterative refinement is proposed, where the

network weights, Θ, are iteratively reinitialized every e epochs for t times while the

3D locations, Λ, are continuously and jointly optimized. Despite the simplicity of

the proposed iterative reinitialization, significant improvement is demonstrated.

5.2.5 Inference

The trained representation network, FΘ, represents a continuous 3D fetal brain

captured by the set of 2D images. The 3D volume or any 2D cross-sectional view at

any resolution can be easily obtained as the output, by feeding the corresponding

grid coordinates for the desired slice to the network, as illustrated in the bottom

half of Fig. 5.1.

5.3 Experiment

5.3.1 Overview of study design

The aim of this chapter is to propose a framework, ImplicitVol, for reconstructing

a 3D volume from a set of 2D ultrasound images. The proposed ImplicitVol, with
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ablation studies, was tested on several experimental settings. It was compared

against two baseline approaches which are based on explicit representation. Baseline

1 relies on PlaneInVol for 3D localization and interpolation as described in Section

5.1.1. Baseline 2 further implements the step of correction by SVRTK [172].

Therefore, the two baseline methods encompass the general pipeline of most

conventional slice-to-volume ultrasound reconstruction methods. The experimental

settings can be summarized as follows:

1. Reconstruction from Volume-Sampled Images: 2D cross-sectional

images were sampled from native 3D ultrasound volumes (i.e. ground-truth

volumes). The 3D volumes were then reconstructed back from the 2D images

using ImplicitVol and the baseline approaches. The reconstructed volumes

were then compared with the ground-truth volumes to quantify how similar

they were. The estimated 3D locations refined by ImplicitVol and those

predicted by the baseline approaches were also compared to the ground-truth

locations (i.e. the 2D images’ locations in the native volumes).

2. Segmentation on Reconstructed Volumes: Extended from the first

experiment, a well-trained deep learning-based segmentation network [162]

was employed to segment different anatomical structures from the native

3D volumes (i.e. ground-truth) as well as from the volumes reconstructed

by ImplicitVol and the baseline approaches. The segmentations from the

reconstructed volumes were then compared with those from the correspond-

ing native volumes to semantically evaluate the volumetric reconstruction

performance.

3. Reconstruction from Native 2D Ultrasound Images: To demonstrate

the transferability of ImplicitVol to the bedside, volumes were reconstructed

from images acquired as native 2D freehand video sequences. These videos

were acquired following the routine protocol for the fetal brain anomaly scan,

typically performed in the second trimester of pregnancy [4]. The 3D volumes

were then reconstructed from the 2D video frames using ImplicitVol, and
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compared the reconstructed volumes with those generated by the baseline

approaches.

5.3.2 Implementation Details

The proposed representation network, FΘ, was a 5-layer MLP, with the hidden layer

dimension of 128 and SIREN [55] as the activation function. Encoding dimension,

L, from Eq. 5.4, was set to 10 and the set of 3D locations, Λ = {Ei,Ti}N
i=1, was

initialized by the estimated locations predicted by PlaneInVol. The learning and

decay rates followed those adopted in [166]. Specifically, the initial learning rate

was 0.001. It decayed by 0.9954 every 10 epochs when updating the network

parameters, Θ, and by 0.9 every 100 epochs when updating the 3D location

parameters, Λ = {Ei,Ti}N
i=1. A representation network, FΘ, was trained for one set

of images for 10000 epochs to represent one 3D volume. The hyperparameters of

the iterative reinitialization, namely e and t, were empirically set to 500 and 10,

respectively.

5.3.3 Comparison Baselines

Baseline 1. With the set of 2D ultrasound images, I = {Ii}N
i=1, and the correspond-

ing 3D locations, Λ = {Ei,Ti}N
i=1, predicted by PlaneInVol, V ∈ RH×W ×D was

explicitly reconstructed by interpolating the intensity at each voxel by an inverse

distance-weighted average from the 20 nearest pixels of I = {Ii}N
i=1.

Baseline 2. Slice-to-volume registration has been well investigated for super-

resolution reconstruction of motion-corrupted MRI. SVRTK [172], designed for fetal

brain MRI motion correction, was implemented to the PlaneInVol-interpolated

volume to verify if using a technique developed for a similar task but in a different

modality (i.e. MRI) may help in the problem setting in this chapter.
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5.3.4 Evaluation metrics

To demonstrate the experimental results, three types of evaluation were employed

to quantify different accuracy, which is described as follows:

Volumetric reconstruction accuracy. Structural similarity index measure

(SSIM) [171] is a common metric to quantify the similarity between two images. In

this study, the 3D version of SSIM was employed to compare the similarity between

two 3D volumes, for example the reconstructed and native volumes. SSIM ranges

from 0 to 1, where higher value represents higher similarity. Suggested by [173],

visual information fidelity (VIF) [174] was also computed to measure the similarity

between pair of 2D slices, for example 2D slices sampled from the 3D reconstructed

volumes and the corresponding slices sampled from the native volumes. A higher

VIF value represents higher similarity.

Positional estimation accuracy. Since ImplicitVol refines the estimated 3D

locations of the 2D images during volumetric reconstruction, absolute difference

between rotation angles (θdiff ) and absolute distance between translations (Tdiff )

were used to compare two sets of locations, for example the predicted/refined

locations and the ground-truth locations. For both metrics, lower values represent

smaller localization differences.

Structural segmentation accuracy. Following the practice of [162], dice

similarity coefficient (DSC), 95th percentile Hausdorff distance (H95) and unsigned

relative volume differences (|∆Vrel|) were used to compare the segmentations from

the reconstructed volumes with those from the native volumes. DSC ranges from

0 to 1, where a higher value corresponds to a better match between the two sets

of segmentations, thus suggesting better structural fidelity. For H95 and |∆Vrel|, a

lower value suggests better performance.
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5.3.5 Dataset

Part of the data involved in this chapter overlapped with those described in Chapter

3 and 4. For clarification, they were described again as follows:

Dataset A. A set of fifteen 3D ultrasound fetal brain volumes (160 × 160 × 160

voxels at a resolution of 0.6 × 0.6 × 0.6 mm3), which were obtained as part of the

INTERGROWTH-21st study [140]. The volumes were acquired between 19 and

21 gestational weeks, within which the routine fetal anomaly ultrasound scan is

recommended by [3]. The 3D ultrasound fetal brain volumes were collected using

a Philips HD9 curvilinear probe at a 2–5 MHz wave frequency. Each volume was

aligned to a common 3D atlas using [138].

Dataset B. Seventeen 3D ultrasound fetal brain volumes (resize and crop to

160 × 160 × 160 voxels at a resolution of around 0.6 × 0.6 × 0.6 mm3) were collected

using a GE Voluson E10 at the Department of Obstetrics at the Leiden University

Medical Center. The volumes were also acquired between 19 and 21 gestational

weeks and aligned to the same common 3D atlas of Dataset A using [138] to ensure

consistent evaluation.

Native 2D freehand video sequences. Four videos of native freehand 2D

brain scans with around 250 frames each were collected at 20 weeks’ gestational

age at the Leiden University Medical Center using a GE Voluson E10 ultrasound

scanner. Each frame was cropped and resized to 160 × 160 pixels, with a resolution

of approximately 0.6 × 0.6 mm2.
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(a) SSIM of Dataset A (higher better)

(b) VIF of Dataset A (higher better)

Figure 5.2: Volume reconstruction results of Dataset A. The gray bars represent the
baseline methods and the blue bars represent ImplicitVol with ablation studies. The
number in the bracket is N , the number of 2D slices used for volumetric reconstruction.



5. Volumetric Reconstruction from 2D Ultrasound Images 111

(a) SSIM of Dataset B (higher better)

(b) VIF of Dataset B (higher better)

Figure 5.3: Volume reconstruction results of Dataset B. The gray bars represent the
baseline methods and the blue bars represent ImplicitVol with ablation studies. The
number in the bracket is N , the number of 2D slices used for volumetric reconstruction.
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Figure 5.4: Visualization of 3D reconstruction from volume-sampled testing images by
different approaches. Images sampled at different novel cross-sectional views, masked by
[175] for better visualization, are presented and compared with the ground-truth.

5.4 Results

5.4.1 Reconstruction from Volume-Sampled Images

Two-dimensional cross-sectional images were sampled from native 3D ultrasound

volumes from two independently-acquired datasets: Dataset A and Dataset B

(details in Section 5.3.5). For each volume, a set of 2D images (N ∈ {128, 256} for

each dataset, respectively) were non-uniformly sampled around the central axis of

the brain, to simulate actual freehand acquisition by rotating the probe (Fig. 5.4).

Three-dimensional volumes and 2D slices sampled at new cross-sectional views

along the coronal, sagittal and axial directions from both the native (i.e. ground-

truth) and reconstructed volumes, were analyzed. The quantitative results are

presented in Figs. 5.2a and 5.2b for Dataset A and Figs. 5.3a and 5.3b for Dataset

B, while the qualitative results are presented in Fig. 5.4. The reconstructed volumes

were rigidly aligned to the ground-truth volume for fairer comparison, as global
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rigid shifts may be introduced to the volumes during the location refinement

of the reconstruction.

Overall, from Figs. 5.2 and 5.3, the 3D volumes reconstructed from the proposed

approach, ImplicitVol (blue bars), showed a better match with the corresponding

ground-truth as suggested by both the higher SSIM (Figs. 5.2a and 5.3a) and VIF

values (Figs. 5.2b and 5.3b), outperforming the baseline approaches (gray bars).

For both datasets, there was a boost in performance by over 50% (SSIM) and 40%

(VIF) when comparing ImplicitVol with the baselines. This can be qualitatively

verified in Fig. 5.4, where the 2D slices sampled from volumes reconstructed by the

baseline approaches displayed visible artifacts when compared to those sampled

from the ground-truth volumes.

When joint location refinement and the proposed iterative reinitialization were

excluded (leftmost blue bars in Figs. 5.2 and 5.3), ImplicitVol achieved comparable

reconstruction performance as the baseline. Adding the joint location refinement

(second left blue bars in Figs. 5.2 and 5.3) resulted in a performance gain of 24.5%

(Dataset A, SSIM), 15.6% (Dataset B, SSIM), 22.2% (Dataset A, VIF) and 9%

(Dataset B, VIF). While increasing the training set from 128 to 256 slices (third

left blue bars in Figs. 5.2 and 5.3) led to a slight increase in performance, with the

full version of ImplicitVol (rightmost blue bars in Figs. 5.2 and 5.3) achieving the

best performance, and leading to a further improvement of 8.1% (Dataset A, SSIM),

16.7% (Dataset B, SSIM), 10.9% (Dataset A, VIF) and 17.9% (Dataset B, VIF).

ImplicitVol was compared with two baseline approaches, which encompass the

general pipeline (Section 5.1.1) of most conventional approaches that rely on explicit

representation. The core part of Baseline 1 is to localize each 2D images in the 3D

space by PlaneInVol (Chapter 3), such that registration and interpolation can be

performed post-hoc. As mentioned in Section 5.1.1, other existing approaches [150,

151, 156, 157] may also achieve a similar task (i.e. localization in 3D space). However,

most of these require external sensor tracking in either the training or inference

stages, whereas ImplicitVol is a fully sensor-free framework, which may integrate

seamlessly into the clinical workflow.
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ImplicitVol refines the 3D locations of the 2D images while simultaneously

learning the volumetric reconstruction. This approach yielded superior performance

over methods that implemented 3D localization, interpolation and correction sepa-

rately (i.e. Baseline 2). The paucity of reconstruction studies for ultrasound imaging

data, and lack of open-source software, made it difficult to reproduce the results

of existing works. Nevertheless, the task for which SVRTK [172] was proposed

(i.e. super-resolution reconstruction of motion-corrupted MRI) is relevant to the

presented work, and the hyperparameters have been optimally fine-tuned in the

experiments (i.e. Baseline 2).

5.4.2 Location Refinement from Volume-Sampled Images

Besides the reconstruction performance, the 3D localization accuracy of the different

approaches was also assessed by comparing the estimated 3D locations refined by

ImplicitVol to the ground-truth locations, and those predicted by other baseline

approaches. The results are presented in Figs. 5.5a and 5.5b for Dataset A and

Figs. 5.6a and 5.6b for Dataset B.

The estimated 3D locations refined by ImplicitVol showed a significant im-

provement over those predicted by the baseline approaches by over 35% (θdiff ) and

40% (Tdiff ) for both datasets. Similar to the experimental results of the volumetric

reconstruction, ablation studies suggested that the joint location refinement and

iterative re-initialization of ImplicitVol have led to the respective performance

gains. Note that, such refinement requires no extra supervision cost, which manifests

ImplicitVol’s additional potential in slice-to-volume registration of ultrasound,

for example strengthening PlaneInVol (Chapter 3).

5.4.3 Structural segmentation on reconstructed volumes

Semantic-level evaluation was conducted by using a 3D segmentation network [162],

which was trained (to convergence) with a dataset of volumes acquired with a
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(a) θdiff of Dataset A (lower better)

(b) Tdiff of Dataset A (lower better)

Figure 5.5: Location refinement results of Dataset A. The gray bars represent the
baseline methods and the blue bars represent ImplicitVol with ablation studies. The
number in the bracket is N , the number of 2D slices used for volumetric reconstruction.
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(a) θdiff of Dataset B (lower better)

(b) Tdiff of Dataset B (lower better)

Figure 5.6: Location refinement results of Dataset B. The gray bars represent the
baseline methods and the blue bars represent ImplicitVol with ablation studies. The
number in the bracket is N , the number of 2D slices used for volumetric reconstruction.



5. Volumetric Reconstruction from 2D Ultrasound Images 117

(a) |∆Vrel| of Dataset A (lower better) (b) H95 of Dataset A (lower better)

(c) DSC of Dataset A (higher better)

Figure 5.7: Quantitative results of segmentation from 3D volumes of Dataset A
reconstructed by different approaches. Four subcortical structures: the choroid plexus
(CP), lateral posterior ventricle horns (LPVH), cavum septum pellucidum et vergae
(CSPV), and cerebellum (CB) were segmented and analyzed.

3D transducer. The network was applied to segment four subcortical structures:

the choroid plexus (CP), lateral posterior ventricle horns (LPVH), cavum septum

pellucidum et vergae (CSPV), and cerebellum (CB) in the native and reconstructed

3D volumes. Quantitative results in Figs. 5.7a to 5.7c for Dataset A and Figs. 5.8a

to 5.8c for Dataset B, showed a better semantic similarity to ImplicitVol, when

compared to the baseline approaches. This was verified by all the three evaluation

metrics for all four segmented subcortical structures. This is further supported

by the qualitative comparison in Fig. 5.9, where segmentations of Baselines 1

and 2 showed an obvious mismatch with those of the ground-truth (i.e. native

volumes), for one representative example.

This novel evaluation method is conceptually similar to perceptual loss [176] and

different CNN-based image quality metrics [177, 178], which utilize another trained

neural network to quantify the high-level image quality. In practice, segmentation

is usually required in many downstream tasks on the ultrasound volumes, for
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(a) |∆Vrel| of Dataset B (lower better) (b) H95 of Dataset B (lower better)

(c) DSC of Dataset B (higher better)

Figure 5.8: Quantitative results of segmentation from 3D volumes of Dataset B
reconstructed by different approaches. Four subcortical structures: the choroid plexus
(CP), lateral posterior ventricle horns (LPVH), cavum septum pellucidum et vergae
(CSPV), and cerebellum (CB) were segmented and analyzed.

example structural analysis and volumetric evaluation. The superior performance

of ImplicitVol over other baseline approaches may also suggest its potential in

different clinical applications.

5.4.4 Volumetric reconstruction on native freehand sweeps

In order to assess the sensitivity of ImplicitVol to motion artifacts (e.g. transducer

jitter, fetal movement), volumes were reconstructed from video sequences (sweeps)

with noise added to the positional information (Fig. 5.10). As shown in Fig. 5.11,

images sampled from ImplicitVol showed better visual quality in motion-corrupted

regions (red boxes), thanks to the localization refinement achieved by the joint

optimization. ImplicitVol also performed better in under-sampled regions (yellow

boxes), where the freehand scanning yielded limited coverage of the region of interest.
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Figure 5.9: Visualization of quantitative segmentation results. Segmentation of CB,
LPVH, CSPV and CP by different approaches are presented in the axial, coronal and
sagittal planes. Results from the two baselines showed an obvious mismatch with those of
the ground-truth, suggesting the difference in the quality of volumetric reconstruction by
different approaches.

In such areas, the baseline approaches reconstructed misleading results due to the

inaccuracy caused by extrapolation from spatially distant neighbours.

Since there were no native (i.e. ground-truth) volumes associated with these

native freehand 2D ultrasound sequences, quantitative analysis was performed by

using 80% of each 2D ultrasound sequence for volumetric reconstruction and the

remaining 20% for testing. These testing images were compared (i.e. with VIF) to

the corresponding slices sampled from the reconstructed volumes at the estimated

3D locations. Over 30% of improvement was achieved by ImplicitVol comparing

to the baseline approaches (Fig. 5.10a). The refined 3D position estimations of

the testing images were also compared with the original predicted 3D locations



120 5.4. Results

(a) VIF of native freehand ultrasound images
(higher better)

(b) θdiff of native freehand ultrasound images
(lower better)

(c) Tdiff of native freehand ultrasound images
(lower better)

Figure 5.10: Quantitative results of volumetric reconstruction from native freehand 2D
ultrasound images.

Figure 5.11: Qualitative results of 3D reconstruction from native freehand 2D ultrasound.
Novel view images sampled from different planes from volumes reconstructed by different
approaches are presented. ImplicitVol, shows better visual quality in under-sampled
region (yellow) and is more robust against inaccurate position estimation (red).
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Figure 5.12: ImplicitVol is able to reconstruct the volumes at arbitrarily high
resolutions. Image on the left is sampled at the original resolution, while the three
images on the right are sampled at arbitrarily higher resolutions.

to quantify the 3D localization accuracy. From Figs. 5.10b and 5.10c, there is

an evident performance boost of around 50% when comparing ImplicitVol with

the baselines. These results verified that ImplicitVol not only outperforms the

baseline approaches on volume-sampled ultrasound images, but also shows superior

volumetric reconstruction performance on native freehand 2D ultrasound images.

ImplicitVol’s ability to reconstruct 3D volumes at arbitrarily high resolutions

(Fig. 5.12) was also demonstrated. This is enabled by the continuous property of

the implicit representation and may facilitate zooming in for closer inspection of

anatomies of interest.

5.5 Conclusion

In this chapter, ImplicitVol, a sensor-free approach to reconstruct 3D ultrasound

volumes from a sparse set of 2D images with deep implicit representation, is proposed.

Instead of using standard slice-to-volume ultrasound reconstruction by registering

the 2D scans into the 3D volumes, and explicitly performing interpolations in the

resulting volumetric representation, a novel slice-to-volume reconstruction pipeline

based on implicit representation by parameterising the 3D volume as a deep neural

network is proposed, which jointly refines the slice-to-volume registrations and

learns a full 3D reconstruction based on a set of 2D scans.

The proposed framework outperforms conventional reconstruction approaches,

in terms of the quality of the reconstruction, both directly and semantically, as well
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as the refinement of the 3D localization, which highlights ImplicitVol’s additional

potential in slice-to-volume registration. It is flexible, and capable of accurately

reconstructing volumes from native freehand 2D ultrasound images, without a

tracking sensor, causing minimal interruption to the routine scanning protocols

while providing richer information for diagnosis and evaluation of the 3D anatomies.

This strengthens the potential of the framework proposed in this thesis, from 2D

(Chapter 3 and 4) to 3D (this chapter).



6
Volumetric Segmentation from a Single

Slice Annotation

Following from the previous chapter that considered volumetric reconstruction,

a more general problem regarding 3D medical volumes, namely semi-automatic

segmentation, is investigated in this chapter. Specifically, Sli2Vol, a self-supervised

learning framework trained with just raw 3D volumes, which can be used to

propagate a single-slice annotation to the whole 3D volume, for any structure

across different modalities, is presented. The work presented in this chapter

has been published in:

Yeung, P.H., Namburete, A.I., and Xie, W,: Sli2Vol: Annotate a 3D Volume

from a Single Slice with Self-Supervised Learning., International conference on

Medical Image Computing and Computer Assisted Intervention (MICCAI), 2021.
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6.1 Introduction

In previous chapters, the limitation of 2D image, namely the failure to capture

rich contextual volumetric information, has been discussed. Such limitation can be

overcome by using 3D volumes. Nevertheless, 3D medical volume, on its own, may

not be sufficient for the diagnosis and analysis. Image segmentation is commonly

required, making it arguably one of the most important tasks in medical image

analysis, as it identifies the structure of interest (SOI) with arbitrary shape (i.e.

pixel level predictions), encompassing rich information, such as the position and

size. In recent years, the development and application of different ConvNets, for

example U-Net [67], have significantly boosted the accuracy of computer-aided

medical image segmentation.

Nevertheless, training fully automatic segmentation models comes with several

limitations: firstly, acquiring annotations for the training volumes are usually costly

and time consuming; secondly, once domain shift appears, (i.e. from differences in

scanner, acquisition protocol or the SOI varies during inference), the model may

suffer a catastrophic drop in performance, requiring new annotations and additional

fine-tuning. These factors have limited the use of the automatic segmentation

approaches to applications with inter-vendor and inter-operator variance. As an

alternative, semi-automatic approaches are able to operate interactively with the

end users: this is the scenario considered in this chapter. Specifically, the goal is to

segment any arbitrary SOIs in 3D volumes while only requiring manual annotation

of a single slice within the volume, which may facilitate more flexible analysis of
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arbitrary SOIs with the desired generalizability (e.g. inter-scanner variability), and

significantly reduce the annotating cost for fully supervised learning.

Similar tools have been developed with level set or random forest methods, which

show excellent performance as reported in [179–183]. However, implementation

of specific regularization and heavy parameter-tuning are usually required for

different SOIs, limiting its use in practice. On the other hand, related work in

medical image registration explores the use of pixelwise correspondence from optical

flow [184, 185] or unsupervised approaches [163, 186, 187], which in principle could

be harnessed for the propagation of a 2D mask between slices within a volume.

However, they are prone to error drift, i.e. error accumulation, introduced by

inter-slice propagation of registration errors.

In this chapter, the approach taken is to propagate a labelled 2D slice of

segmentation through the entire 3D volume by matching correspondences between

consecutive slices. This chapter makes the following contributions: first, mask

propagation approaches based on unsupervised/self-supervised registration of slices,

namely, naïve optical flow [188] and VoxelMorph [163], and the proposed self-

supervised Sli2Vol, which is based on learning to match slices’ correspondences [189,

190], are explored. Second, to alleviate the error accumulation in mask propagation,

a simple verification module is proposed and exploited for refining the mask

during inference time. Third, Sli2Vol is benchmarked on 8 public CT and MRI

datasets [191–194], spanning 9 anatomical structures. Without any parameter-

tuning, a single Sli2Vol model achieves Dice scores (0-100 scale) above 80 for

most of the benchmarks, which outperforms other supervised and unsupervised

approaches for all datasets in cross-domain evaluation. To the best of my knowledge,

this is the first study to undertake cross-domain evaluation on such large-scale and

diverse benchmarks for semi-automatic segmentation approaches, which shifts the

focus to generalizability across different devices, clinical sites and anatomical SOIs.
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Figure 6.1: Pipeline of Sli2Vol. During self-supervised training, pair of adjacent slices
sampled from 3D volumes are used to train a correspondence flow network. Provided with
the 2D mask of a single slice of a volume, the trained network with the verification module
can be used to propagate the initial annotation to the whole volume during inference.

6.2 Methods

In Section 6.2.1, the problem setting in this chapter, namely semi-automatic

segmentation for 3D volume with single slice annotation, is first formulated. Next,

the training stage of the proposed approach, Sli2Vol, is introduced in Section 6.2.2

and the proposed edge profile generator in Section 6.2.3. This is followed by

the computations for inference (6.2.4), including the proposed verification module

(6.2.5).

6.2.1 Problem Setup

In general, given a 3D volume, denoted by V ∈ RH×W ×D, where H, W and D are

the height, width and depth of the volume, respectively, the goal is to segment the

SOI in the volume based on a user-provided 2D segmentation mask for the single

slice, i.e. Mi ∈ RH×W ×1 with 1′s indicating the SOI, and 0′s as background. The

outputs will be a set of masks for an individual slice, i.e. {M1,M2, ...,MD}.
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Inspired by [189, 190], this problem is formulated as learning feature represen-

tations that establish robust pixelwise correspondences between adjacent slices in

a 3D volume, which results in a set of affinity matrices, Ai→i+1, for propagating

the 2D mask between consecutive slices by weighting and copying. Model training

follows a self-supervised learning scheme, where only raw volume data is used, and

only one slice annotation is required during inference time.

6.2.2 Self-Supervised Training of Sli2Vol

This section includes the details of the self-supervised approach for learning the

dense correspondences. Conceptually, the idea is to task a deep network for slice

reconstruction by weighting and copying pixels from its neighboring slice. The

affinity matrices used for weighting are acquired as a by-product, and can be

directly used for mask propagation during inference.

During training, a pair of adjacent slices, {S1,S2},Si ∈ RH×W ×1, are sampled

from a training volume, and then fed to a ConvNet, parametrized by ψ(·; θ) (as

shown in the upper part of Fig. 6.1):

[k1, q2] = [ψ(g(S1); θ), ψ(g(S2); θ)] (6.1)

where g(·) denotes an edge profile generator (details in Section 6.2.3) and k1,q2 ∈

RH×W ×c refer to the feature representation (c channels) computed from correspond-

ing slices, termed as key and query respectively (Fig. 6.1). The difference in notation

(i.e. q and k) is just for emphasizing their functional difference.

Reshaping k1 and q2 to RHW ×c, an affinity matrix, A1→2 ∈ RHW ×δ, is computed

to represent the feature similarity between the two slices (Fig. 6.1):

A1→2(u, v) = exp⟨q2(u, :),k1(v, :)⟩∑
λ∈Ω exp⟨q2(u, :),k1(λ, :)⟩

(6.2)

where ⟨·,·⟩ is the dot product between two vectors and Ω is the window surrounding

pixel v (i.e. in RH×W space) for computing local attention, with n(Ω) = δ.
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Loss Function. During training, A1→2 is used to weight and copy pixels from S1

(i.e. reshape to RHW ×1) to reconstruct S2, denoted as Ŝ2, by:

Ŝ2(u, 1) =
Ω∑
v

A1→2(u, v)S1(v, 1). (6.3)

Mean absolute error (MAE) between S2 and Ŝ2 is applied as the training loss.

6.2.3 Edge Profile Generator

Essentially, the basic assumption of the above-mentioned idea is that, to better

reconstruct S2 via copying pixel from S1, the model must learn to establish reliable

correspondences between the two slices. However, naïvely training the model may

actually incur trivial solutions, for example, the model can perfectly solve the

reconstruction task by simply matching the pixel intensity of S1 and S2.

In Lai et al. [189, 190], the authors showed that input color channel (i.e.

RGB or Lab) dropout is an effective information bottleneck, which breaks the

correlation between the color channels and forces the model to learn more robust

correspondences. However, this is usually not feasible in medical images, as only

single input channel is available in most of the modalities.

A profile of edges is proposed to be used as an information bottleneck to avoid

trivial solution. Specifically, for each pixel, its intensity value is converted to

a normalized edge histogram, by computing the derivatives along d different

directions at s different scales, i.e. g(Si) ∈ RH×W ×(d×s), followed by a softmax

normalization through all the derivatives. Intuitively, g(·) explicitly represents

the edge distributions centered each pixel of the slice Si, and force the model

to pay more attentions to the edges during reconstruction. Experimental results

in Section 6.4.3 verify the essence of this design in improving the model performance.
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Figure 6.2: Computation of each iteration of Sli2Vol during inference. {Si, Si+1},
sampled from V are fed into the trained correspondence flow network to obtain the affinity
matrix to propagate Mi to M̂i+1. M̂i+1 is then refined by p and n, obtained by Mi and
Si, to get the final mask, Mi+1.

6.2.4 Inference

Given a volume, V and an initial mask at the i-th slice, Mi, the affinity matrix,

Ai→i+1, output from ψ(·; θ) is used to propagate Mi iteratively to the whole V.

Specifically, two consecutive slices, {Si,Si+1}, are sampled from the volume V

and fed into ψ(g(·); θ) to get Ai→i+1, which is then used to propagate Mi, using

Eq. 6.3, ending up with M̂i+1. This set of computations (Fig. 6.2 ) is then repeated

for the next two consecutive slices, {Si+1,Si+2}, in either direction, until the whole

volume is covered.

6.2.5 Verification Module

In practice, it is found that directly using M̂i+1 for further propagation will

potentially accumulate the prediction error after each iteration. To alleviate this

drifting issue, and further boost the performance, a simple verification module is

proposed to correct the mask after each iteration of mask propagation.



130 6.3. Experiment

Specifically, two regions, namely positive (P ∈ RH×W ) and negative (N ∈ RH×W )

regions, are constructed. P refers to the delineated SOI in Mi, and N is identified by

subtracting P from its own morphologically dilated version. Intuitively, the negative

region denotes the thin and non-overlapping region surrounding P (Fig. 6.2). The

mean intensity value is maintained within each region:

p = 1
|Pi|

⟨Pi, Si⟩ n = 1
|Ni|

⟨Ni, Si⟩

where ⟨·, ·⟩ denotes Frobenius inner product, p and n refer to the positive and

negative query values respectively.

During inference time, assuming M̂i+1 is the predicted mask from the propaga-

tion, each of the proposed foreground pixels u in Si+1, is then compared to p and

n and being re-classified according to its distance to the two values by:

Mu
i+1 =

{
1, if M̂u

i+1 = 1 and
√

(Su
i+1 − p)2 <

√
(Su

i+1 − n)2

0, otherwise
(6.4)

This set of computations is then repeated for the next round of propagation, where

p and n are updated using the corrected mask, Mi+1, and Si+1.

6.3 Experiment

The framework, Sli2Vol, was benchmarked on 8 different public datasets, spanning

9 different SOIs, and compare with a variety of fully supervised and semi-automatic

approaches. In Section 6.3.1, the datasets used in this chapter are introduced. In

Section 6.3.2, the experiments conducted for this study are summarized.

6.3.1 Dataset

Four training and eight testing datasets were involved. For chest and abdominal

CT, a single model was trained on 3 unannotated dataset (i.e. C4KC-KiTS [195], CT-

LN [196] and CT-Pancreas [197]) and tested on 7 other datasets (i.e. Sliver07 [191],

CHAOS [192], 3Dircadb-01, 02 [193], and Decath-Spleen, Liver and Pancreas [194]).
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For cardiac MRI, models were trained on the 2D video dataset from Kag-

gle [198], and tested on a 3D volume dataset (i.e. Decath-Heart [194]), which

manifested large domain shift. The details of the datasets are summarized as follows

and in Table 6.1.

Chest and Abdominal CT (Training)

• C4KC-KiTS [195]: The CT volumes were acquired from patients undergoing

either partial or radical nephrectomy for at least one kidney tumor [199]. All

the patients received treatments at the University of Minnesota Medical Center

but the scans were collected by different scanners with different acquisition

protocols and hence heterogeneity existed. The thickness of the CT slice

ranged from 1mm to 5mm. 300 patients participated in the CT scanning,

resulting in 300 volumes being collected. 210 of them were released as the

training data for the KiTS19 Challenge and they were used as part of the

training data in this chapter. For the KiTS19 Challenge, manual segmentation

labels of the kidney and tumor were included but they were not used in this

study.

• CT-LN [196]: 86 CT scans, with a total of 595 manually annotated abdominal

lymph nodes, were collected from the National Institutes of Health, Clinical

Center. For the purpose of this study, only the CT volumes were used for

training.

• CT-Pancreas [197]: The CT volumes were acquired from 53 male and 27

female subjects (ages ranged from 18 to 76 years old, with a mean of 46.8

years old) at the National Institutes of Health Clinical Center. All of them

did not have major abdominal nor pancreatic diseases. The CT scans were

collected by different scanners (i.e. Philips and Siemens MDCT scanners)

and the thickness of the CT slice ranged from 1.5mm to 2.5mm. Manual

segmentation labels of the pancreas were included but not used in this study.
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Chest and Abdominal CT (Testing)

• Sliver07 [191]: The CT volumes were collected, in the central venous phase,

by different manufacturer scanners, with either 4, 16 or 64 detector rows.

The in-plane resolution ranged from 0.55mm to 0.80mm, while the inter-slice

distance ranged from 1mm to 3mm. Most of the patients involved in the CT

collection were diagnosed of different diseases, including cancers and cysts. 20

volumes, with the manual segmentation of the liver, were used for testing.

• CHAOS [192]: The CT volumes were acquired from healthy potential liver

donors at portal venous phase. The scans were acquired by three different

manufacturer scanners (i.e. Philips SecuraCT, 16 detectors; Philips Mx8000

CT, 64 detectors and Toshiba AquilionOne, 320 detectors) The in-plane

resolution ranged from 0.7mm to 0.8mm, while the inter-slice distance ranged

from 3mm to 3.2mm. 20 volumes, with the manual segmentation of the liver,

were used for testing.

• Decath-Spleen [194]: The CT volumes were acquired from patients receiving

chemotherapy treatment for liver cancers at Memorial Sloan Kettering Cancer

Center. They were scanned at the portal venous phase, with the slice

thickness ranged from 2.5mm to 5mm. 41 volumes, with the manually-adjusted

segmentation of the spleen, were used for testing.

• Decath-Liver [194]: The CT volumes were acquired from patients diagnosed

of liver-related cancers, including hepatocellular carcinoma and metastatic liver

disease, at various clinical centers, including Ludwig Maximilian University

of Munich, Radboud University Medical Center of Nijmegen, Polytechnique

and CHUM Research Center Montreal, Tel Aviv University, Sheba Medical

Center, IRCAD Institute Strasbourg, and Hebrew University of Jerusalem,

for the LiTS challenge [200]. The scans were collected either before or after

therapy and may contain metal artifacts. The in-plane resolution ranged from

0.5mm to 1mm, while the slice thickness ranged from 0.45mm to 6mm. 131

volumes, with the manual segmentation of the liver, were used for testing.
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• Decath-Pancreas [194]: The CT volumes were acquired from patients

receiving resection of pancreatic masses at the Memorial Sloan Kettering

Cancer Center. The slice thickness ranged from 2.5mm to 5mm. 281 volumes,

with the manual segmentation of the pancreas, were used for testing.

• 3Dircadb-01 [193]: The CT volumes were acquired from 10 male and

10 female subjects with liver cancer. The in-plane resolution ranged from

0.56mm to 0.87mm, while the inter-slice distance ranged from 1mm to 4mm.

Multiple manual annotations, including spleen, heart, gall-bladder, kidney,

surrenal-gland, liver, lung and pancreas, were used for testing.

• 3Dircadb-02 [193]: 2 CT volumes were acquired from a patient with hepatic

focal nodular hyperplasia. One was acquired at the arterial phase during

inhalation, while the other was acquired at the portal phase during exhalation.

The in-plane resolution is 0.961mm, while the inter-slice distance ranged

from 1.8mm to 2.4mm. Together with 3Dircadb-01, manual annotations of 7

spleens, 3 hearts, 8 gall-bladders, 17 kidneys, 11 surrenal-glands, 22 liver, 12

lungs and 4 pancreases, were used for testing.

Cardiac MRI (Training)

500 video sequence, each contained approximately 30 2D images across the cardiac

cycle, were collected for Kaggle [198] challenge. 14370 images, in total, were used

for the training. Only images, but not any manual annotations, were used in this

study.

Cardiac MRI (Testing)

The MRI volumes (Decath-Heart [194]) were collected by King’s College London

for the LASC Challenge [201]. The scans were acquired by a a 1.5T Philips

Healthcare Achieva scanner, covering the entire heart. The in-plane resolution was

1.25mm, while the inter-slice distance was 2.7mm. 30 volumes, with the manual
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segmentation of the left atrium, were used for testing.

6.3.2 Experimental Design

Sli2Vol and a set of baseline approaches were tested under different settings, as

described as follows:

Semi-automatic (Propagation). Sli2Vol propagates a single-slice annotation

across the whole volume iteratively. Other approaches, such as VoxelMorph [163]

and optical flow, may also achieve similar goal by registering consecutive slices and

they need the same amount of manual annotation as Sli2Vol. In order to test

whether the proposed Sli2Vol may achieve better performance than those related

approaches, it was first compared with Optical Flow [188, 202] and a 2D variation

of VoxelMorph [163], which will be referred as VoxelMorph2D in this chapter. The

implementation details of different approaches were given in Section 6.3.3. For all

these approaches, one of the ±3 slices around the slice with the largest ground-truth

annotation was randomly picked as the initial mask. This simulates the process of

a user sliding through the whole volume and roughly identifying the slice with the

largest SOI to annotate, which is achievable in reality.

Semi-automatic (Supervised). Using single-slice annotation, one can train

a 2D segmentation model (e.g. 2D-UNet) on the manually annotated slices and

use the trained model to segment every slice in the volume to get a complete 3D

segmentation. Therefore, Sli2Vol was compared with a 2D segmentation model,

which was trained by a single slice annotation in each testing volume. For example,

in Sliver07, the model, trained on 20 slice annotations (single slice from each

volume), was tested on the same set of 20 volumes. This approach utilized the same

amount of manual annotation as Sli2Vol, so as to investigate if a model trained

on single slice annotations is sufficient to generalize to the whole volume. The same

mechanism (i.e. randomly picking one of the ±3 slices around the slice with the
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largest ground-truth annotation) was used to obtain the single-slice annotations as

mentioned in the last setting.

Fully Automatic (Same Domain). In this setting, Sli2Vol was compared with

3D segmentation models (e.g. 3D-UNet) that were trained on fully annotated 3D

data. Here, it is referring to the scenario where the training and testing data come

from the same benchmark dataset. The aim of this experiment was to test the

upper-bound of segmentation prediction, where the ideal conditions were satisfied,

namely complete 3D annotated training data and training and testing data were

collected from the same domain.

Fully Automatic (Different Domain). Different from the last setting, Sli2Vol

was compared with 3D segmentation models that were trained and tested on fully

annotated 3D data from different domains. For example, the model was trained

on Sliver07 and tested on CHAOS. The aim was to evaluate the generalizability of

fully supervised approaches and compare their performance with Sli2Vol.

6.3.3 Implementation Details

The details of the implementation of different approaches are summarized as

follows and in Table 6.2.

Semi-automatic (Propagation)

• Sli2Vol: ResNet18 [66], without max pooling, was used as the backbone

encoder. The stride at every layer was set to be equal to 1 to ensure that

the dimensional size did not change. There were 16 channels at the first

level. Other hyperparameters were set as follows: d = 8, s = 3, Ω = 15 × 15.

Optimization was achieved using the ADAM algorithm [68] with mini-batches

of size 10. The initial learning rate was set to 10−4, which was decreased by

half when errors plateaued. The input image dimension is 256 × 256.
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• Optical Flow: Off-the-shelf optical algorithm [188] was implemented using

OpenCV [202]. 3 levels of pyramid layers were used, where the height and

width of each subsequent layer is halved. The window size is 7. The input

image dimension is 256 × 256.

• VoxelMorph2D - UNet: A UNet backbone as proposed originally in [163]

was used. There were 64 channels at the first level. Optimization was

achieved using the ADAM algorithm [68] with mini-batches of size 10. The

initial learning rate was set to 10−4, which was decreased by half when errors

plateaued. The input image dimension is 256 × 256.

• VoxelMorph2D - ResNet18Stride1: The same backbone as Sli2Vol

was used for the VoxelMorph2D. The aim was to ensure that any potential

difference of performance between Sli2Vol and VoxelMorph2D is not due to

the difference of backbone architecture. Other settings were the same as those

of VoxelMorph2D - UNet.

Semi-automatic (Supervised). 2D UNets, with 64 channels at the first level,

were used for this setting. The models were referred as Fully Supervised - Single

Slice. Optimization was achieved using the ADAM algorithm [68] with mini-batches

of size 10. The initial learning rate was set to 10−4, which was decreased by half

when errors plateaued. The input image dimension is 256 × 256.

Fully Automatic (Same Domain). Results from both state-of-the-art meth-

ods [192, 203–205] and 3D UNets, with 16 channels at the first level, trained in this

study were reported, such that their difference can be compared. The models in

this setting were referred as Fully Supervised - Same Domain. For the trained

UNets, optimization was achieved using the ADAM algorithm [68] with mini-batches

of size 10. The initial learning rate was set to 10−4, which was decreased by half

when errors plateaued. The input volume dimension is 128 × 128 × 128.
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Fully Automatic (Different Domain). 3D UNets, with 16 channels at the first

level, were used for this setting. The models were referred as Fully Supervised -

Different Domain. Optimization was achieved using the ADAM algorithm [68]

with mini-batches of size 10. The initial learning rate was set to 10−4, which

was decreased by half when errors plateaued. The input volume dimension is

128 × 128 × 128.

6.4 Results

In this section, the results of the semi-automatic settings are first presented in

Section 6.4.1 and Figs. 6.3 and 6.4. After that, the results of the automatic settings

are presented in Section 6.4.2 and Figs. 6.5 and 6.6. Some examples of the qualitative

segmentation results generated by Sli2Vol are displayed in Fig. 6.7. Finally, an

analysis on Sli2Vol is presented in Section 6.4.3.

6.4.1 Semi-Automatic Approaches

Sli2Vol was first compared with all other semi-automatic approaches that rely

on single-slice annotation. The results of propagation-based approaches, namely

Optical Flow and VoxelMorph2D, are presented in Fig. 6.3. As shown in

Fig. 6.3a, which shows the overall results over all the datasets, higher DSC of

Correspondence Flow Network (leftmost blue bars) over all the gray bars

suggested that solely self-supervised correspondence matching may incur less severe

error drift and, hence, be more suitable than all the baseline methods for mask

propagation within a volume. Comparison of results of VoxelMorph2D - UNet,

VoxelMorph2D - ResNet18Stride1 and Correspondence Flow Network

further verified that the backbone architecture was not the determining factor for

the superior performance achieved by Sli2Vol. The addition of the proposed edge

profile and verification module contribute to the Full Sli2Vol (rightmost blue

bars), which showed even better performance. Fig. 6.3b to Fig. 6.3o, which shows
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(a) Overall

(b) Sliver07 - Liver (c) CHAOS - Liver (d) Decath - Liver (e) Decath - Spleen

(f) Decath - Pancreas (g) 3Dircadb01/02 -
Heart

(h) 3Dircadb01/02 -
Gallbladder

(i) 3Dircadb01/02 -
Kidney

(j) 3Dircadb01/02 - Sur-
renal gland

(k) 3Dircadb01/02 -
Liver

(l) 3Dircadb01/02 -
Lung

(m) 3Dircadb01/02 -
Pancreas

(n) 3Dircadb01/02 -
Spleen

(o) Decath - Left
atrium

Figure 6.3: Quantitative segmentation results of semi-automatic propagation-based
methods. The gray bars represent the baseline methods and the blue bars represent
Sli2Vol with ablation studies. 6.3a is the overall results of all the datasets, while 6.3b to
6.3o correspond to each individual dataset.
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(a) Overall

(b) Sliver07 - Liver (c) CHAOS - Liver (d) Decath - Liver (e) Decath - Spleen

(f) Decath - Pancreas (g) 3Dircadb01/02 -
Heart

(h) 3Dircadb01/02 -
Gallbladder

(i) 3Dircadb01/02 -
Kidney

(j) 3Dircadb01/02 - Sur-
renal gland

(k) 3Dircadb01/02 -
Liver

(l) 3Dircadb01/02 -
Lung

(m) 3Dircadb01/02 -
Pancreas

(n) 3Dircadb01/02 -
Spleen

(o) Decath - Left
atrium

Figure 6.4: Quantitative segmentation results of Sli2Vol and semi-automatic supervised
methods. The gray bars represent the baseline methods and the blue bars represent
Sli2Vol with ablation studies. 6.4a is the overall results of all the datasets, while 6.4b to
6.4o correspond to each individual dataset.



6. Volumetric Segmentation from a Single Slice Annotation 141

the performance of different approaches on individual dataset, manifested similar

trend of performance. This may further verify the robustness of Sli2Vol over

Optical Flow and VoxelMorph2D for mask propagation within a volume.

With the same amount of annotation, Sli2Vol was also compared with super-

vised semi-automatic approach, which is shown in Fig. 6.4. A 2D-UNet, trained by

a single-slice annotation in each testing volume, was tested on the same volumes.

As shown in Fig. 6.4a, which shows the overall results over all the datasets, Sli2Vol

with the ablation studies (all the blue bars) clearly outperformed the supervised

semi-automatic approach (i.e. Fully Supervised - Different Domain represented

by the gray bars) on all benchmarks (Fig. 6.4b to Fig. 6.4o), with an average DSC

margin of over 18. Furthermore, for supervised semi-automatic approach, a new

network needs to be trained for every new dataset, which is time and resources

demanding. On the other hand, only a single Sli2Vol model is needed for all

different datasets, which is much more efficient and practical.

6.4.2 Automatic Approaches

Sli2Vol was also compared with 3D segmentation models that were trained on

fully annotated 3D data. As shown in Fig. 6.5, when the training and testing

data belonged to the same domain, the best performance was achieved by the fully

supervised approaches (gray bars). This was not surprising as fully annotated 3D

data were used for training the models. However, as shown in Fig. 6.6, a significant

performance drop (i.e. over 20 DSC) can be observed for cross-domain (i.e. same

SOI, different datasets) evaluation, for example Fully Supervised - Different

Domain was trained on Sliver07 and tested on CHAOS. This was manifested by

comparing the two gray bars on the left and in the middle, to the rightmost lightly

gray bars in in Fig. 6.6. The leftmost gray bars report the results from the literature

[192, 203–205], while the middle ones report the results obtained by the 3D UNet

trained in this study. Both results were reported for a fair comparison with Fully

Supervised - Different Domain (rightmost lightly gray bars).
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(a) Decath - Spleen (b) Decath - Pancreas

(c) 3Dircadb01/02 - Liver (d) Decath - Left Atrium

Figure 6.5: Quantitative segmentation results of Sli2Vol and fully automatic methods
tested on the same-domain data. The gray bars represent the baseline methods and the
blue bars represent Sli2Vol with ablation studies.

Such decline of performance encountered by the fully automatic approaches

may be partially minimized by increasing the amount and diversity of training

data, better design of training augmentation, and application of domain adaptation

techniques. However, these may not always be practical in real-world scenarios,

due to the high cost of data annotation and frequent domain shifts, for example

variation of scanners and acquisition protocols in different clinical sites. Under

this scenario, Sli2Vol outperformed the fully supervised approaches significantly

(p < 0.05, t-test), by more than 20 DSC, as shown in Fig. 6.6, and the annotation

efforts are much lower, namely only a single slice per volume.

6.4.3 Analysis on Sli2Vol

As shown in Fig. 6.3, Sli2Vol trained with self-supervised learning is agnostic

to SOIs and domains. As for abdominal and chest CT (Fig. 6.3b to Fig. 6.3n),

a single Sli2Vol model without any fine-tuning achieves a mean DSC of 78.0
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(a) Sliver07 - Liver

(b) CHAOS - Liver

(c) Decath - Liver

Figure 6.6: Quantitative segmentation results of Sli2Vol and fully automatic methods
tested on the different-domain data. The gray bars represent the baseline methods and
the blue bars represent Sli2Vol with ablation studies.
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when testing on 7 datasets spanning 8 anatomical structures. As for the cardiac

MRI experiments with large training-testing domain shift (Fig. 6.3o), Sli2Vol

still performs reasonably well with a DSC of 80.4. For the ablation studies, the

proposed edge profile (Network + Edge Profile) was shown to be a more effective

bottleneck than using the original slice as input and it further boosted the marginal

benefit of the verification module, which was manifested by the last rightmost blue

bars (Full Sli2Vol). Some examples of segmentation result generated by Sli2Vol

are shown in Fig. 6.7

6.5 Conclusion

This chapter investigates on semi-automatic 3D segmentations, where any arbitrary

SOIs in 3D medical volumes are segmented while only requiring manual annotation

of a single slice. The proposed architecture, Sli2Vol, is trained with self-supervised

learning to output affinity matrices between consecutive slices through correspon-

dence matching, which are then used to propagate the segmentation through the

volume during inference. The proposed edge profile generator and verification

module further improve Sli2Vol’s performance and robustness.

Benchmarking on 8 public CT and MRI datasets with 9 different SOIs, Sli2Vol

shows superior generalizability and accuracy as compared to other baseline ap-

proaches, agnostic to the SOI. Although only being tested on CT and MRI volumes,

with its generalizability demonstrated, Sli2Vol shows great potential to be utilized

on ultrasound volumes in the future works, which may ultimately couple with

ImplicitVol (Chapter 5) to extract structural volumetric biometrics from fetal

ultrasound brain volumes reconstructed by 2D freehand images. Furthermore,

the goal is to provide end users with more flexibility to segment and analyze

different SOIs with Sli2Vol, to facilitate the community to study various anatomical

structures, and minimize the cost of annotating large dataset.
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Figure 6.7: Examples of segmentation results generated by Sli2Vol. The middle slice
is the initial annotation. Red contours represent ground-truth segmentation while blue
contours represent segmentation generated by Sli2Vol.
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7
Conclusion

This thesis has presented a framework for optimizing the utilization and diagnostic

power of 2D freehand ultrasound in fetal brain imaging. Four respective components,

namely plane localization (Chapter 3), unsupervised domain adaptation (Chapter

4), slice-to-volume reconstruction (Chapter 5) and semi-automatic segmentation

(Chapter 6), have been proposed. In this final chapter, the major contributions

of this thesis are first summarized in Section 7.1. The limitations of the proposed

framework and the potential future works are then discussed in Section 7.2.
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7.1 Contributions

This thesis presents an end-to-end framework to assist the acquisition of 2D

ultrasound fetal brain images and the extraction of volumetric and structural

information from them. Several contributions have been made accordingly, where

three fundamental principles are followed when proposing the framework, namely

minimal human annotation, generalizability and sensorless operation, to maximize

its impact and utilization in practice.

7.1.1 Localizing 2D Ultrasound Images in a 3D Brain Atlas

The first contribution of this thesis is to predict the location of 2D ultrasound fetal

brain scans in a 3D brain atlas. The task is formulated as a self-supervised learning

problem, where the proposed PlaneInVol is trained by sampling 2D slices from

aligned 3D fetal brain ultrasound volumes. In order to optimize generalizability,

AdLocUI is further proposed to adapt a trained localization model (e.g. PlaneInVol)

to freehand 2D ultrasound images acquired from arbitrary machines and with

different acquisition protocols. The proposed domain adaptation mechanism is

unsupervised, ensuring that no extra manual annotation is needed. In overall,

the framework presented is sensor-free, which is trained with minimal human

annotations and can be adapted to images from different domains. This may be

useful for different potential clinical applications: (i) training novices because the

model may help them visualize the correspondence between 2D scans and 3D atlas

and structures, (ii) mapping 2D ultrasound images to 3D space may facilitate a

variety of tasks, such as quality control and guiding the scanning by human-computer

interaction.
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7.1.2 Reconstructing Brain Volumes from 2D Images

The other contribution of this thesis is to reconstruct 3D fetal brain volumes

from non-sensor-tracked 2D ultrasound images. As the first study that relies

on implicit representations for the ultrasound volumetric reconstruction task,

the proposed ImplicitVol can jointly refine the images’ locations and learn

the volumetric reconstruction, which demonstrates superior performance than

conventional 3D reconstruction pipelines that have been extensively built on explicit

representations. The proposed method could be useful particularly in settings

where only 2D transducers are available but 3D assessment would be beneficial for

detailed assessment or diagnostic confirmation. Without requiring extra equipment

or substantial changes to the routine scanning procedures, ImplicitVol may

enhance the diagnostic power of 2D obstetric ultrasound, by extracting volumetric

information from standard 2D videos. This may facilitate the transformation

of ultrasound from a screening to a powerful diagnostic tool, eventually offering

personalised and advanced monitoring to the most vulnerable members of society,

while capitalizing on the affordability and ubiquity of 2D ultrasound imaging at the

bedside.

7.1.3 Semi-Automatic Segmentation from a Single Slice

The last contribution of this thesis is to segment any arbitrary structure of interest

(SOI) in 3D volumes while only requiring manual annotation of a single slice. The

proposed Sli2Vol requires only raw volumes, but not any manual annotation, for

training. It has been demonstrated that a single trained model can work on wide

variety of datasets and anatomical structures, without any parameter-tuning. It

provides end users with more flexibility to segment and analyze different SOIs,

facilitates the community to study various anatomical structures, and minimizes

the cost of annotating large dataset.
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7.2 Limitations and Potential Future Works

The major limitations of this thesis are discussed in this section, followed by the

corresponding potential future works for further improvement.

7.2.1 Fetal Brain Imaging

In this thesis, most of the components of the proposed framework were only

demonstrated on fetal brain imaging. In practice, there are other applications that

may be benefited by the proposed framework. For example, for 2D echocardiography,

measuring different biometrics, such as ventricle wall thickness and volume, is not

straightforward [206]. Some standard planes of views may need to be identified first,

similar to 2D fetal brain imaging as reviewed in Chapter 2.1. 3D localization

of 2D ultrasound images (i.e. PlaneInVol) may be useful. Furthermore, 3D

echocardiography is becoming more popular, which may facilitate more direct and

objective measurement of volumetric and geometric biometrics [207]. Volumetric

reconstruction from 2D ultrasound images (i.e. ImplicitVol) can be an alternative

way for obtaining the 3D volumes.

Future works. The proposed framework may not be directly applied to other

applications and may need further investigation due to the unique properties

of fetal brain imaging:

• Fetal brain images, when compared to ultrasound images of other anatomical

structures (e.g. liver), present richer contextual and structural information

(e.g. choroid plexus and cerebellum). This may help the network learn to

localize the images.

• The structure of fetal brain is relatively static, when compared to scanning

of the heart, which involves cardiac motions. Therefore, temporal change of

the anatomical structures and artifacts caused by motion were not the focus

when designing the framework.
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Therefore, when investigating other applications of the proposed framework in the

future works, extra design needs to be considered:

• For anatomical structures without too many distinguishable features, other

information, such as temporal continuity and other regularizations, may be

needed to guide the network to learn.

• If the anatomical structures are not static, multiple atlases that correspond to

different deformed states or a deformable atlas may be needed. Furthermore, if

the motion is regular or uniform (e.g. cardiac cycles), the temporal conditions

can also be incorporated into the change of atlas.

• For images corrupted by different artifacts, probability-based approaches [208]

may be used to quantify the uncertainty associated with the prediction and

reconstruction. Generative models [209, 210] can then be used to refine the

reconstructed regions with high uncertainty.

7.2.2 Computational Cost for Volumetric Reconstruction

One major limitation of ImplicitVol (Chapter 5) is the computational cost required.

For every volume reconstructed, a MLP needs to be trained from scratch on GPUs

for tens of minutes. This poses several limitations:

• Since training of neural network is required, use of at least one GPU is

recommended. This is not a common hardware that most hospitals and clinics

may have, let alone the healthcare facilities in LMIC. This may limit the use

of the proposed framework in those settings.

• The reconstruction (i.e. training) may take tens of minutes, which is not

optimal. Firstly, routine scanning session normally spans 20 to 30 minutes.

The reconstruction time is longer than that, which may disrupt the normal

practice. This contradicts to one of the goals of the proposed framework,

which is to integrate seamlessly into the clinical workflow. Secondly, the long
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reconstruction time also prevents sonographers or clinicians from repeated

acquisition. Specifically, those medical professionals should be able to acquire

new set of images if the reconstructed volumes are sub-optimal. Such feedback

and correction mechanism may not be practical if the reconstruction (i.e.

waiting) time is too long.

Although the long computational time can be partially addressed by having more

and better hardware, this is not practical in many resources-limited settings and the

fundamental inefficiency of the reconstruction pipeline is still not addressed properly.

Future works. One of the potential future research directions for speeding up

the volumetric reconstruction is from the perspective of implicit representation.

Specifically, implicit representation is widely used for novel views synthesis of

natural scenes. Recent studies in that field of research demonstrated the potential

of speeding up the process through different techniques, such as generalizable pre-

training [211] and explicit representation modeling [212]. Examining those related

techniques and designing approaches that fit to the problem setting proposed in

this thesis can be a potential future research direction.

If the reconstruction can be significantly sped up, a follow-up question would

be if a user-in-the-loop technique can be developed such that the reconstruction

performance can be iteratively improved by acquiring more 2D images recommended

by a software system. Specifically, if volumetric reconstruction can be achieved

within a short period of time (e.g. in several minutes), a feedback system can be

developed to assess the quality of the current set of 2D images and recommend to

the sonographer an extra set of images to be acquired. This process is performed

iteratively until the system determines that there are sufficient images to achieve a

structurally-sound volumetric reconstruction.
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7.2.3 Segmentation of Ultrasound Volumes

In Chapter 6, although Sli2Vol was tested on different datasets and modalities

(i.e. MRI and CT) to demonstrate its generalizability on semi-automatic medical

image segmentation, the testing on ultrasound volumes was missing. Due to the

unique characteristics of ultrasound images and volumes, for example the difference

in resolution and artifacts presented, Sli2Vol may have different performance when

tested on ultrasound dataset. Semi-automatic segmentation of arbitrary structures

is important as many useful biometrics can be derived from them, for example

the surface area of cerebellar vermis can potentially be used for early diagnosis

of vermian anomalies [44]. Therefore, this may be essential for strengthening the

proposed framework.

Future works. One of the potential future works will be testing Sli2Vol on

ultrasound volumes. Due to the difference in image characteristics, it may need to

be further fine-tuned to achieve optimal performance. Since a complete single-slice

segmentation is required for Sli2Vol, which is still relatively tedious, potential

future research direction is to further simplify this requirement. Specifically, simpler

modes of annotation, for example using several points and lines, can be used to

replace full segmentation when the users annotate the SOIs. This may further

facilitate the use of Sli2Vol at the bedside, where carefully drawing the boundary

of a structure may not be practical enough.
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