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Abstract

Obstetric ultrasound has proven an integral part of prenatal care for many
applications including detecting pregnancy risk factors and fetal abnormal-
ities. Although ultrasound imaging is widely used in developed countries,
its availability in limited-resource settings has been dependent on device
portability, associated costs, and trained healthcare workers. In recent
years, as ultrasound equipment has become cheaper and portable its avail-
ability in limited-resource settings has expanded with promising trends.
Yet a major constraint of ultrasound imaging is the steep learning curve to
reach scanning proficiency, rendering the process challenging for inexperi-

enced users.

This thesis presents methods towards addressing the fundamental task of
empowering novice sonographers to perform targeted diagnostic screening
to the same level as experienced ultrasonographers. This is of particu-
lar relevance to low-resource settings where pregnant women may not be
able to attend specialist obstetric care centres during their pregnancy. We
address this task by introducing simplified scanning protocols and using
computer vision and machine learning techniques. While aimed at low-
income country healthcare needs, the research is also equally applicable to

needs of developed world.

Firstly, an original framework for automatic detection of frames of inter-
est in ultrasound videos is presented. Furthermore, the merits of pre-
processing images on classification accuracy, on datasets of variable size,
is investigated. To this end, a classification framework for 2D ultrasound
frames based on the improved Fisher vector encoding of SIFT and LP-
SIFT features has been introduced. Additionally a Structured Random
Forests edge detection framework is introduced for an accurate structure

representation in 2D ultrasound data.

Secondly, a novel framework based on video dynamics and motion patterns

is presented for automatic detection of sequences of interest in real world



ultrasound videos. To illustrate clinical applicability, this approach is ap-
plied to automatically identify the fetal presentation in the womb, during
the third trimester of pregnancy from a predefined freehand ultrasound
video sweep. A kernel dynamical textures model is utilised to model the
dynamics of video sub-sequences that contain a fetal skull and those se-
quences that do not. A similarity kernel is then constructed between the
model parameters to train a classifier. A classification accuracy of 93% was

achieved using this framework.

Thirdly, for the first time, the real world application of automatic anal-
ysis of predefined ultrasound videos to detect the fetal presentation and
heartbeat is considered. For this application, the frames of interest are
initially identified using a frame-by-frame classification framework. More-
over, a linear-chain structured graphical model is used to take into account
the temporal information in the 2D predefined sweeps and to regularise
the classification results. Consecutive frames of the fetal heart are fur-
ther investigated for the presence of the heartbeat activity. Classification

accuracy achieved using our method was about 88%.

Finally, potential future directions are investigated and initial findings have
been reported. These include results on a small pilot study specifically
designed to perform a statistical comparison between images obtained from
a standard mid-range ultrasound probe and a low-end portable ultrasound
probe. Moreover, the efficacy of using a deep convolutional neural network

with transfer learning is investigated and initial findings are reported.
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Three fetal structures in their standard plane and a typical

standardised obstetric scan. Image adapted from [143. Cur-

rent standardised obstetric ultrasound scanning protocols include mul-

tiple search paths across the maternal abdomen such as (b), where a

sonographer scans over multiple paths to locate the best visual repre-

sentation of the structure of interest for further biometry analysis| . . .
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Fetal presentation complications. The relative position of the fetus

in the womb is referred to as the presentation. Cephalic (longitudinal)

presentation is the most common case and refers to a head-first (head-

down) position. Breech presentations is the opposite of cephalic and

indicates a head-up position as in schematics [1.2a] - |1.2c¢, Transverse

presentation is the least common. Images adapted from [58| . . . . . .
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World Health Organisation (WHO) map of global neonatal

mortality. Darker colours signify larger mortality rates. Dashed lines

represent approximate border lines for which there may not yet be tull
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Fetal presentation schematic. The relative position of the tetus in

the womb is referred to as the presentation. Cephalic (longitudinal)

presentation is the most common case and refers to a head-first (head-

down) position. Breech presentations is the opposite of cephalic and

indicates a head-up position. Transverse presentation is the least com-

mon and indicates a horizontal position of the fetus in the womb. Image

adapted from (143 . . . . . . .. o o oo
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Scattering and speckle in ultrasound images. (a) Scattering is

caused by the reflection of ultrasonic waves at irregular (non-smooth)

surfaces when the scale of the irregularities 1s the same as the ultra-

sound wavelength. This results in echoes of similar weak amplitudes in

many different directions. (b) As in scattering, each small target re-

radiates the ultrasound. Due to multiple closely located scatterers, the
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the scatterers. If the waves are in phase, where their pressure peaks are

in line, they reinforce (constructive interference), but if the waves are

out of phase and the pressure peak of one corresponds to the pressure

trough of another, then in that direction the waves cancel (destructive

interference). Figures adapted from [80[. . . . . ... .. ... ... ..
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Example fetal abdomen structures at various gestational ages

(17, 21, 28, 33 and 38 weeks). The first column contain highly

occluded examples, the middle column contains examples where key

structures are partially occluded, and the last column contains high

quality images. Image adapted from [165]. . . . . . .. ... ... ...

P5

Standard fetal growth measurements schematic. Fetal growth

estimates are based on measurements of the fetal skull, abdomen and

femur, captured in standard plane. The measurements include the skull

and abdominal circumference and the femur length. Many methods

have been designed to automate the measurement process. For details

refer to text in Section [2.3.1} Image adapted from [143][. . . . . . . ..
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Illustration of conventional versus a simplified non-conventional

ultrasound scan protocols. (a) The sonographer scans over multi-

ple paths to locate the best visual representation ot the key structures,

where they are saved for further analysis. (b) Sonographer follows a sim-

ple scanning protocol tor automated analysis to capture some structure
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Ultrasound Scan Spectrum: From left to right of the chart,

controlled guidance from the sonographer increases to obtain

clinically valid measurements. On the y axis, data acquisition

changes from being controlled at the bottom to free-hand on

the top. The left-most column represents the default visual output

from an ultrasound machine. Object Detection and Localisation in the

middle column 1s still based on constrained scans, requiring a sono-

grapher to navigate the probe to the standard plane. The right-most

column represents the algorithms that automated fetal growth measure-

ments from 2D frames. They require the anatomical structures to be

captured in their standard plane and therefore require the maximum

level of sonographer guidance. Our work falls into the top row of the

chart with scan protocols that we refer to as predefined free-hand.| . . .
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Intra-class variation between images obtrained from prede-

fined free-hand videos is high. (a) Three example frames of the

fetal skull (top row) and the fetal abdomen (bottom row) at various

time points during a video sweep. (b) Three standard planes example

images of the fetal skull (top row) and fetal abdomen (bottom row)

according to the ISUOG standard |179].| . . ... ... ... ... ...
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A fetoscope can be used to detect the fetal heartbeat. (a)

Fetoscope and (b) Pinard’s stethoscope are used to listen for the fetal

heartbeat. It 1s important that the hands should not touch stethoscope

while listening for the heartbeat. Figures adapted from [162].|. . . . . .

23

p.10

Leopolds maneuvers to determine the fetal presentation and

position. (a) Assessing the height of the fundus (lower area of the baby)

to seeing how many finger breadths below the xiphisternum (bottom of

the woman’s sternum bone) the baby is laying, (b) Assessing the size of

baby and feeling for the baby’s back and limbs, (¢) Pawlik’s grip - the

lower part of the uterus is grasped to determine the presenting part, (d)

Pelvic palpation to determine the position of the baby’s head. Image

adapted from [124] . . . .. .. ... o
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Low-level feature examples. From left to right the grey scale image,

local energy filter, local feature symmetry, the product of local teature

symmetry and local energy, and signed feature symmetry, edge proba-

bilities using structured edge detection [51|, HOG and SIF'T features.

o = |28, 30, 32| for the filters based on the monogenic signal.[. . . . . .
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Visualising the classification results (top bar) and smoothed
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The two transducers used. The Philips V7-3 transducer is shown on

the left and the Interson Seemore USB transducer on the right. Philips
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Images with different quality. Two sample images are shown ob-
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Chapter 1

Introduction

1.1 Motivation

Obstetric ultrasonography is a fundamental ingredient of current prenatal care, with
its applications ranging from accurate dating of a pregnancy to identifying pregnancy
related complications and diagnosis of fetal abnormalities [3]. When compared to
other medical imaging modalities, ultrasound benefits from being highly portable and
economical, facilitates real-time data acquisition and visualisation, and also benefits
from an acceptable safety profile for patients and sonographers alike [11,[86}/139]. In
recent years, as ultrasound equipment have become portable and more affordable, the
availability of this imaging modality in limited-resource settings has increased with
promising trends [5,25]. However, despite its many benefits, a limitation of ultrasound
imaging remains the steep learning curve to scanning proficiency, which can make the
process highly challenging for inexperienced users.

The fetal anomaly scan is an essential part of ultrasound screening recommended
worldwide for detection of fetal abnormalities and early fetal growth restrictions [153|
201]. During an anomaly scan, a skilled sonographer acquires and records a number
of 2D images of key fetal structures and measurement planes following standardised

clinical protocols that require the presence of certain anatomical structures [179]. The

1
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(a) Standard plane ezamples (b) Standardised scan

Figure 1.1: Three fetal structures in their standard plane and a typical stan-
dardised obstetric scan. Image adapted from . Current standardised obstetric
ultrasound scanning protocols include multiple search paths across the maternal abdomen such
as (b), where a sonographer scans over multiple paths to locate the best visual representation
of the structure of interest for further biometry analysis.

goal is to look for the presence of any structural abnormalities and take biometry mea-
surements that are compared against fetal growth charts. Moreover, factors such as
fetal presentation are also implicitly identified and noted by the sonographer through-
out this process. Figure illustrates an example of each of a fetal skull, abdomen

and femur standard plane.

Acquiring 2D ultrasound images to comply with standard plane criteria is non-
trivial and requires well-trained and skilful sonographers. An example scan path of
a conventional ultrasound obstetric procedure is illustrated in Figure [1.1b] where a
maternal abdomen is scanned to identify anatomical structures of interest in their

standard plane.

Fetal presentation and cardiac activity are associated with a number of potential
pregnancy complications that can be identified in a prenatal obstetric scan. The terms
fetal presentation and lie refer to the relative position of the fetus in the womb, in

relation to the maternal abdomen. It is usual for the fetus to be positioned either hor-
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for images for images for images for images
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breech breech footling presentation
breech

Figure 1.2: Fetal presentation complications. The relative position of the fetus in
the womb is referred to as the presentation. Cephalic (longitudinal) presentation is the most
common case and refers to a head-first (head-down) position. Breech presentations is the
opposite of cephalic and indicates a head-up position as in schematics[1.2d -[1.2d. Transverse
presentation is the least common. Images adapted from [58]

izontally with respect to the mother’s womb (transverse presentation), or as happens
more often to be positioned vertically (cephalic when head is downward or breech when
head is upward), as shown in Figure [I.2] More formally, breech presentation [173] is
defined as a fetus in a longitudinal lie with the buttocks or feet closest to the cervix
and occurs in 3-4% of all deliveries worldwide [87]. The percentage of breech deliveries
decreases with advancing gestational age from 22% of births prior to 28 weeks gestation

to 7% of births at 32 weeks gestation and 1-3% of births at term [37,48}87,,119].

Detecting the fetal cardiac activity and the fetal presentation prior to labour are
extremely important. The former confirms fetal viability and the latter allows for
effective management of labour. Moreover, previous studies have shown that vaginal
birth of a prenatal fetus at a breech position is associated with an increased risk of
adverse neonatal outcomes including prenatal mortality and morbidity from difficult
delivery, low birth weight from preterm delivery, growth restriction, and even death

[119].
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1.2 Contributions

This thesis describes a number of methods towards enabling novice sonographers to
perform specific and targeted obstetric ultrasound diagnostic screenings. The main

contributions of this thesis are as follows:

Automatic Detection Of Frames Of Interest In An Ultrasound Video: A
framework for automatic detection of frames of interest in ultrasound videos is pro-
posed in Chapter [2] Parts of this chapter have been presented in the following peer-
reviewed conferences:

Maraci M A, Napolitano R, Papageorghiou A, Noble JA. Fisher Vector Encoding
for Detecting Objects of Interest in Ultrasound Videos. International Symposium on
Biomedical Imaging (ISBI), 16-19 April 2015, New York, USA.

Maraci M A, Napolitano R, Papageorghiou A, Noble JA. Object Classification in
an Ultrasound Video Using LP-SIFT Features. Medical Computer Vision workshop
(MCV), MICCAT 2014, Boston, USA.

Automatic Detection Of Sequences Of Interest In An Ultrasound Video:
In Chapter 4l the general problem of classifying ultrasound video sequences of interest
based on their motion patterns is addressed. Parts of this chapter have been presented
in a peer-reviewed conference:

Maraci M A, Napolitano R, Papageorghiou A, Noble JA. Searching for Structures
of Interest in an Ultrasound Video Sequence. Machine Learning in Medical Imaging
workshop (MLMI), MICCAT 2014, Boston, USA.

Maraci M A, Napolitano R, Papageorghiou A, Noble JA. Searching for Structures
of Interest in an Ultrasound Video Sequence with an Application for detection of
Breech. Proceedings of the 24th World Congress on Ultrasound in Obstetrics and

Gynecology - ISUOG 2014, 14-17 September 2014. (Clinical Abstract)
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Towards Automatic Detection of High-Risk Pregnancies: In Chapter [3] a
framework for automatic detection of the fetal presentation and heartbeat from a
predefined-freehand ultrasound video sweep is proposed. Parts of this chapter have

been submitted to a peer-reviewed journal and presented at:

Maraci MA, Bridge CP, Napolitano R, Norris T, Aye CYL, Molloholli M, Pa-
pageorghiou A, Noble JA. Towards Automating the Six Step Basic Ultrasound Scan.
Proceedings of the 25th World Congress on Ultrasound in Obstetrics and Gynecology
- ISUOG 2015, 11-14 October 2015, Montreal, Canada. (Clinical Abstract, Selected

for Oral Communication and Conference Press Release)

Maraci M A, Bridge CP, Napolitano R, Papageorghiou A, Noble JA. A Framework
to Analyse Linear Ultrasound Videos for Detecting Fetal Presentation and Heartbeat.

Submitted to Medical Image Analysis.

Exploratory Experiments: In Chapter [6] usability of data obtained from a low-
cost ultrasound probe has been investigated. Moreover, a collaborative work based on
deep convolutional neural networks with transfer learning has also been investigated.

Parts of this chapter have been presented in the following peer-reviewed conferences:

Maraci MA, Napolitano R, Papageorghiou A, Noble JA. Fetal Head Detection
on Images from a Low-Cost Portable USB Ultrasound Device. Conference in Medical
Image Understanding and Analysis (MIUA), 17-19 July 2013, Birmingham, UK.

Maraci MA, Napolitano R, Papageorghiou A, Noble JA. Automatic Fetal Head
Detection on video clips from a Low-Cost Portable USB Ultrasound (US) Device.
Proceedings of the 23rd World Congress on Ultrasound in Obstetrics and Gynecology
- ISUOG 2013, 6-9 October 2013. (Clinical Abstract)

Gao Y, Maraci M A, Noble JA. Describing Ultrasound Video Content Using Deep

Convolutional Neural Networks. International Symposium on Biomedical Imaging

(ISBI), 2016, Accepted paper.
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1.3 Thesis Outline

Chapter [2| describes the clinical application, background knowledge on current ap-
proaches to fetal ultrasound examinations and the current challenges and limitations
in rolling this technology out to limited-resource settings. This chapter also provides
a review of traditional methods, and current state-of-art algorithms relevant to this
work.

In Chapter [3|a general method for multiple object detection in ultrasound images
is described. Furthermore, the merits of pre-processing ultrasound images are also
evaluated.

Chapter 4| investigates a dynamical model with a suitable metric for classification
of ultrasound sequences of interest.

Chapter [5] presents a complete framework with a clinical application for automatic
detection of a fetal presentation and heartbeat from a predefined-freehand ultrasound
sweep.

Chapter [6] concludes the thesis with initial results on a number of exploratory

works that have been carried out, describing potential future work and directions.

1.4 Notation

Throughout this thesis, vectors are denoted using lower case boldface letters and ma-
trices are upper case boldface letters such as x and X respectively. Using the current
notation by X;; we refer to the entry on the it" row of the j™ column in matrix
X. Furthermore X = [x1,...,2y], X; € R? states that matrix X is composed of N

d-dimensional vectors, therefore X is a d x N matrix.



Chapter 2

Literature Review

This chapter presents a review of literature relevant to this thesis. The first part pro-
vides a brief introduction to ultrasound in medicine, specifically in obstetrics. Section
describes some of the inherent properties of ultrasound imaging and how they
can affect the visual appearance of structures. In Section 2.3] the standard prac-
tice of ultrasound-based fetal growth measurement is discussed and some of the main
techniques for obtaining automated fetal growth measurements are explained. This
is followed by describing the current challenges that are associated with ultrasound
imaging in limited-resource settings in Section Finally, a discussion of the relevant

medical image analysis techniques using machine-learning driven methods is covered

in Section 2.5l

2.1 Introduction

Ultrasound is generally the preferred imaging modality for obtaining fetal health and
growth measurements, where it accounts for roughly 40% of ultrasound’s total use in
medicine [56]. Regular ultrasound examinations provide an effective mechanism for
identifying potential pregnancy complications and are therefore an invaluable tool in

facilitating pregnancy management. However, recent studies have shown that, annu-

7



8 2.1. INTRODUCTION
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Figure 2.1: World Health Organisation (WHO) map of global neonatal mortality.
Darker colours signify larger mortality rates. Dashed lines represent approximate border lines
for which there may not yet be full agreement @

ally, pregnancy related complications account for over half a million deaths in pregnant
women [151] and more than three million deaths in neonates, of which over a third
could be prevented [110]. In addition, more than 98% of such incidents occur in
developing countries, where not all pregnancies are monitored effectively and compli-
cations of the simplest kind during pregnancy may result in fatal outcomes. Figure
[2.T]illustrates the map of neonatal mortalities around the world, where darker colours

represent higher mortality rates.

One of the main challenges with ultrasound imaging is that navigating the probe
and performing a diagnostic scan is difficult and requires well-trained and skilled sono-
graphers. Unfortunately in the recent years, there have been numerous reports warning
about the lack of well trained sonographers worldwide [41],[79,[144]. For example, in
2003 it was reported that 75% of the medical imaging departments were under-staffed
in United States [144] with similar trends in other developed countries too [41}[79).
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The challenge is further escalated in developing countries, where the doctor to pa-
tient ratio is often low and medical imaging facilities are insufficient and in some in-
stances completely lacking [156], leading to delays in diagnosis and treatment. There-
fore incidences of pregnancy related risks are significantly higher in limited-resource
settings [49,/67,/88,/136,,|158] due to such factors as lack of screening programs, poor

nutrition for mothers, and higher likelihood of infections throughout pregnancy.

In order to simplify and promote the use of ultrasound scans throughout pregnancy,
Abuhamad et al. [2,3] has suggested a six step basic fetal ultrasound scan protocol.
Their stepwise approach is designed to be simple and is primarily intended for limited-
resource settings to identify high-risk pregnancies. It includes detection of the fetal
presentation, fetal viability (cardiac activity), number of fetuses, placental location,

amount of amniotic fluid and finally biometric measurements.

Fetal presentation can be broadly categorised into cephalic, transverse and breech
as shown in Figure 2.2l Breech presentation, defined as a fetus in a longitudinal lie
with the buttocks or feet closest to the cervix, is associated with an increased risk of
pregnancy complication and occurs in 3-4% of all deliveries [87]. The percentage of
breech deliveries decreases with advancing gestational age from 22% of births prior
to 28 weeks gestation to 7% of births at 32 weeks gestation and 1-3% of births at
term [37,148,87,[119]. Previous studies have shown that vaginal birth of a prenatal
fetus in a breech position is associated with an increased risk of adverse neonatal

outcomes and even death [119).

Breech presentation increases the risk of complications at birth as it causes a delay
in the birth of the head [38]. If the fetus remains in a breech presentation in the last
few weeks prior to labour, a practitioner can decide to turn the fetus around using
their hand to a head first position in a process known as the external cephalic version
(ECV). There are a number of treatments that may help the success of the ECV. These

include using tocolytic drugs (to relax the womb), stimulating the baby with sound
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Contact the author Contact the author Contact the author Contact the author
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(a) Cephalic (b) Breech (c) 0Oblique (d) Transverse

Figure 2.2: Fetal presentation schematic. The relative position of the fetus in the womb
is referred to as the presentation. Cephalic (longitudinal) presentation is the most common
case and refers to a head-first (head-down) position. Breech presentations is the opposite of
cephalic and indicates a head-up position. Transverse presentation is the least common and
indicates a horizontal position of the fetus in the womb. Image adapted from [143].

through the mother’s abdomen, known as acoustic stimulation, increasing the fluid
surrounding the baby (transabdominal amnioinfusion), pain relieving drugs injected
into the mother’s lower back to produce regional analgesia or giving the mother opioid
drugs to help her to relax |38|. If available, delivery can be performed using a c-section
to mitigate the risks associated with breech. Alternatively, vaginal delivery may be
performed, in which case prior knowledge of the fetal presentation will be of extreme

importance.

2.2 Ultrasound Imaging

Ultrasound is one of the highly utilised imaging modalities in medicine and roughly a
fifth of all diagnostic images are obtained through ultrasound scans [80]. Our particular
interest is in obstetrics, where ultrasound scans have shown to be an effective method
in identifying some of the most prevalent maternal and neonatal risk factors [19,/173|.
It is worthwhile mentioning that this imaging modality is mainly utilised by clinicians
for a) diagnosis or b) monitoring the success of therapy. In comparison to magnetic

resonance imaging (MRI) and X-ray computed tomography (CT), ultrasound images
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can be difficult to interpret for some applications. However, characteristics such as
lack of radiation, lower associated costs, and imaging soft tissues in real time have

made ultrasound the preferred modality in various domains, especially in obstetrics

[11],86,[139]/150].

Despite the benefits of using ultrasound imaging for screening and diagnostic pur-
poses, current approaches to 2D data acquisition and analysis are perceived as key
limiting factors for the uptake of this technology by non-experts. Moreover, the inher-
ent properties of ultrasound images can also pose a number of further challenges. For
example, image quality, visibility and sharpness are strongly affected by speckle, which
causes the characteristic granular appearance in the image. Although this adds the ap-
pearance of noise to the image, it may also bear vital and desirable information [149].
In addition, ultrasound waves are poorly transmitted through air and adipose tissue,
and are reflected by bone. Aspects such as orientation of the transducer with respect
to the imaged object during acquisition, low contrast rates between areas of inter-
est, signal attenuation, and missing information due to signal drop-out and acoustic

shadows will affect the overall image quality.

Specifically in fetal ultrasound, the fetal shape and anatomy varies throughout preg-
nancy. Moreover, the size of the fetus increases as the mother advances in pregnancy
and it directly effects the quality of the ultrasound images. The fetal development
results in better defined anatomical structures. However, depending on factors such
as the mother’s body mass index (BMI), it may also lead to an increase in artefacts
and shadows during the last few weeks of pregnancy. Figure |2.3| schematically illus-
trates the relationship between scattering and speckle patterns in ultrasound images.
Moreover, Figure [2.4] illustrates fetal abdominal images of poor, fair and good image
qualities as determined through a visual assessment in [165] at five different gestational
ages. It is important to note that although the anatomical structures are better de-

fined and benefit from better acoustic contrast in later gestational ages, the possibility
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(a) Ultrasound (b) Ultrasound Speckle
Scattering

Figure 2.3: Scattering and speckle in ultrasound images. (a) Scattering is caused
by the reflection of ultrasonic waves at irregular (non-smooth) surfaces when the scale of the
irreqularities is the same as the ultrasound wavelength. This results in echoes of similar weak
amplitudes in many different directions. (b) As in scattering, each small target re-radiates
the ultrasound. Due to multiple closely located scatterers, the ultrasound wave can either
reinforce or cancel out in the tissues around the scatterers. If the waves are in phase, where
their pressure peaks are in line, they reinforce (constructive interference), but if the waves are
out of phase and the pressure peak of one corresponds to the pressure trough of another, then
in that direction the waves cancel (destructive interference). Figures adapted from .

of occluded structures and artefacts also increases with advancing pregnancy.

2.3 Ultrasound Imaging For Performing Standard Mea-

surements In Obstetrics

Fetal biometry measurements are carried out at several intervals during pregnancy at
6-13 weeks of gestation, 13-25 weeks of gestation and 26-42 weeks of gestation. During
a typical fetal growth monitoring scan at 6 to 13 weeks of gestation, the fetus is still
very small and fetal age is estimated by measuring the Crown-Rump Length (CRL).

The measurement is the longest longitudinal dimension of the fetal pole, from the
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Figure 2.4: Exzample fetal abdomen structures at various gestational ages (17,
21, 28, 33 and 38 weeks). The first column contain highly occluded examples, the middle
column contains examples where key structures are partially occluded, and the last column
contains high quality images. Image adapted from
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top of the head to the bottom of the rump [75]. In the United Kingdom, standard
ultrasound fetal biometry measurements are typically taken at the second and third

trimester from the skull, abdomen and femur.

From the fetal skull, a number of standard measurements are taken including but
not limiting to the Biparietal Diameter (BPD) measured from the outer border of the
parietal bones at the widest part of the skull, the Occipito-Frontal Diameter (OFD)
measured across the longest part of the skull from the outer border of the occipital
and frontal edges and the Head Circumference (HC). Similarly, standard measure-
ments taken from the fetal abdomen include the Anterio-Posterior Abdominal Diame-
ter (APAD) measured from the outer borders of the body outline covering the spine to
the anterior abdominal wall, Transverse Abdominal Diameter (TAD) measured from
the outer borders of the body outline across the abdomen at the widest point per-
pendicular to the APAD and Abdominal Circumference (AC) as illustrated in Figure

2.0l

2.3.1 Automated Biometry Measurements

Many automated image analysis methods have been developed in recent years to en-
hance clinical reporting and eliminate operator variability. However, a large portion of
these methods have been designed for single 2D fetal ultrasound images acquired at 18
to 22 weeks of gestation, and mainly focus on standard fetal biometry and growth mea-
surements [153/201]. Fetal biometry measurements are commonly performed manually
by well-trained sonographers. One of the main drawbacks of this approach is the high
intra-variability between the operator’s measurements, which has been a key driving
factor for developing automated methods, specifically for fetal biometry analysis and
measurements. Earlier developments in automated analysis were mostly based on mor-
phological features. For example fetal skull and femur segmentation was carried out by

deploying edge detection, edge linking and Hough transform [81}121}135,199,224]. Al-
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Femur

Figure 2.5: Standard fetal growth measurements schematic. Fetal growth estimates
are based on measurements of the fetal skull, abdomen and femur, captured in standard plane.
The measurements include the skull and abdominal circumference and the femur length. Many
methods have been designed to automate the measurement process. For details refer to text in

Section . Image adapted from .

though the results illustrated high agreement with expert measurements, such methods
are heavily based on threshold values selected during the preprocessing stage, which
of course can vary greatly between images. Chalana et al. and Pathak et al.
used a different approach, where active contour was used to develop a model for fe-
tal head and abdomen segmentation. However, as a limitation, in instances where a
local minima was found instead of the global minima, their model required manual
correction. Later Jardim et al. , proposed a parametric deformable shape model
for femur and skull segmentation. This model was based on the Rayleigh distribution
and was used to segment the pixels based on their texture. However, a key limitation
of this model was the need for an initial guess from the user, thus no guarantee of

reaching the optimal solution if the initial guess from the user was placed outside a
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region of interest due to missing anatomical cues.

For segmentation of the fetal head, abdomen and femur, a gradient vector field
method was introduced by Yu et al. [2214223] to fit an ellipse to the edge of the fetal
anatomical structures, where the ellipse fitting algorithm was initialised by a Hough
transform. However, this method depended on a good initialisation step and was too
sensitive to edges in other structures. Detection and segmentation of the fetal head,
abdomen and femur was also pursued and developed by Carneiro et al. [29]. They
employed a discriminative constrained probabilistic boosting tree classifier for the de-
tection and measurement of head, femur and abdominal structures. In their framework
the probabilistic boosting tree classifier was trained on a database of annotated key
structures, where the nodes of the binary tree were strong classifiers trained using Ad-
aBoost. Rahmatullah et al. [166}|168] used Adaboost for anatomical object detection
in 2D fetal abdominal ultrasound images. Their framework was designed to detect
the presence of the correct abdominal landmarks for a standard plane. Sun [196] used
a graph-based approach for automatic detection of the fetal skull, where initially the
shortest circular path was detected. An ellipse was fitted to the shape for finding the
skull boundary. Ponomarev et al. [163] used a multilevel thresholding approach com-
bined with edge detection and shape-based recognition for segmentation of the fetal

skull.

While much of the work has been focused on single 2D ultrasound frames, analysis
of single 3D ultrasound volumes has recently received some attention too. Automatic
extraction of the frontal surface of the fetus from 3D fetal ultrasound was carried out in
[147] based on texture classification. In [6] the fetus was segmented from a 3D volume,
where amniotic fluid was modelled with a Rayleigh distribution and the fetus with
an exponential distribution model. Furthermore, Carneiro et al. |28] extended their
framework to 3D volumes of the fetal head for finding specific anatomical structures.

Yaqub et al [217] developed a promising approach based on Random Forests to perform
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fetal femur segmentation from 3D ultrasound volumes. This framework was later
extended to automatically detect local brain structures in 3D fetal ultrasound images
[218]. Namburete et al. [142] also utilised Regression Forests to estimate the gestational
age of a fetus from sonographic signatures within the brain region. In the latter case,
the accuracy of the method in the third trimester was shown to be higher than the

current clinical biometry standard.

2.3.2 Current Challenges and Limitations

It is important to note, though not often discussed, that for many of the aforemen-
tioned applications in standard 2D and 3D fetal sonography screening, a sonographer
follows a standardised clinical protocol, which defines criteria for the plane definition -
see for instance the ISUOG guidelines for standard plane criteria [179]. Standardised
2D planes of acquisition undergo specific quality control to ensure they meet a set of
predefined criteria. Moreover, sonographers need to be specifically trained to be able
to meet these standards, as training programmes have previously shown to improve
measurement variability [181] and image quality [215]. We refer to this standardised
protocol as a constrained scanE] since all images should have a similar appearance and
contain certain anatomical structures, i.e. their appearance is deliberately constrained.
These constraints can sometimes assist automated image analysis - for instance in ab-
dominal circumference (AC) measurement, clear visualisation of the stomach bubble,
umbilical vein and often the spine is expected - but importantly reduce the degrees of
variability with respect to the appearance of a general ultrasound scan of the fetus.
Constrained scans are widely used in clinical practice, and simplify the image analysis
challenge. However they have a key limitation. Acquisition of constrained scans re-

quires a skilled sonographer. For wider adoption of clinical ultrasound in medicine and

'Tn the clinical setting this is referred to as a standardised scan but we chose not to use
it here as we discuss a more general definition of standardised scans, which accounts for the
protocol complexity.
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(a) Standardised obstetric scan (b) Predefined freehand scan

Figure 2.6: Illustration of conventional versus a simplified non-conventional
ultrasound scan protocols. (a) The sonographer scans over multiple paths to locate the
best visual representation of the key structures, where they are saved for further analysis.
(b) Sonographer follows a simple scanning protocol for automated analysis to capture some
structure of interest

for uptake of ultrasound in limited-resource settings, the need to acquire constrained
scans has to be relaxed in favour of much simpler scanning protocols that non-experts

can readily adopt.

Encouraging results from observational studies demonstrated that trained and stan-
dardised healthcare workers in developing countries could perform as well as qualified
sonographers in terms of measurements reproducibility . An automatic video
acquisition analysis could potentially help in training, standardisation and quality
control in basic obstetric ultrasound for evaluating the fetal presentation and viability.
The simplest scanning protocol to learn would be a linear ultrasound video sweep as
illustrated in Fig. 2.6b] In our work, we propose the use of this type of scan and name
it a predefined free-hand acquisition protocol. A novice sonographer can readily
be trained to acquire data of this type. It is the analysis of data of this kind that we
consider in this thesis. The question is then what useful diagnostic information can

be automatically extracted and analysed from such videos.

Given that one of the main aims of this thesis is to take a step towards developing

solutions for limited-resource settings and the encouraging results of studies such as
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[175] as discussed above, utilising simplified and targeted ultrasound scans can be
extremely useful as it would empower less experienced users, midwives, and nurses
to carry out certain obstetric screenings. However, it is important to note that such
simplified ultrasound scans will contain limited information and cannot be generalised
to all types of conditions. Moreover, it is worth noting that key anatomical structured
may be missed from such simple sweeps and would therefore require the operator to
repeat the acquisition until the necessary structures are detected. Thus, the analysis
of data of this kind would necessitate taking such limitations into account. In this
thesis, it is the analysis of this data and the image interpretation (classification) that
is focused on and the clinical task of positioning the ultrasound probe is an area that

requires to be researched further.

The literature suggests a balance between the extent of automation in fetal biom-
etry measurements versus the flexibility of the scanning protocol, such that currently,
the acquisition of automatic fetal biometry measurements require a rigid scanning
protocol. This thesis however, aims to promote more flexible scanning protocols for
achieving relevant and reliable clinical diagnostic outcomes. Accordingly, to place
our work in perspective, Figure schematically summarises how some of the cur-
rent state-of-the-art literature in fetal ultrasound image analysis fall between the skill
needed for acquisition and type of image interpretation and analysis (none, detection €
localisation, quantification). As can be seen, most image analysis literature are in the
lower third of this graph (data acquired by a skilled sonographer). We have included
the assisted free-hand works of [23,94,95|, which use controlled mechanical movement
of the probe or subject for elastography on the middle row. These methods generate
visualisation of ultrasound information and require a small amount of user input to

guide probe placement.

Free-hand video sweeps are not yet widely used in ultrasound medical diagnostics

and only a few groups [36,84,/105,[107,|108]|, including ours, have studied the potential
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benefits of this approach, which include enabling novice users during data accusation
and interpretation. Recently Abuhamad et al. [2] has suggested a six step basic fetal
ultrasound scan protocol for training non-experts in the developing world to assess a
women in pregnancy. Their stepwise approach is designed to be simple and is primarily
intended for low-resource settings to identify the high-risk pregnancies and includes de-
tection of the fetal presentation and heart beat. We illustrate that automated analysis
can be added to this protocol for effective implementation in limited-resource settings.
Moreover, an example frame from a fetal abdomen, heart and skull are shown in their

standard plane and also how they typically look in a free-hand sweep in Figure |2.8]

2.4 Ultrasound in Limited-Resource Settings

It has previously been shown that ultrasound imaging can indeed play a significant
role for diagnosis and management of patients in developing countries [17,97.(99}/102,
125[|1841/191,/194,/195,202|. However it is generally accepted that rural and remote
regions (particularly in developing countries) suffer from limited diagnostic imaging
facilities [156]. The lack of medical experts and advanced medical devices are amongst
the contributing factors as to why the latest healthcare products and services may not
be accessible in such deprived regions. In addition, it has been suggested by Shah
et al. [183] that health care providers in the developing countries have identified lack
of training as a primary barrier to implementation of ultrasound in their practice.
In this section, we explain the traditional (manual) methods for identifying the fetal
presentation and heartbeat that are still used in parts of the world where ultrasound
scanning is not yet readily available. Furthermore we review some of the studies
designed for promoting the use of ultrasound scans in low-income and limited-resource

settings.
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Figure 2.7: Ultrasound Scan Spectrum: From left to right of the chart, controlled
guidance from the sonographer increases to obtain clinically valid measurements.
On the y axis, data acquisition changes from being controlled at the bottom to
free-hand on the top. The left-most column represents the default visual output from an
ultrasound machine. Object Detection and Localisation in the middle column is still based on
constrained scans, requiring a sonographer to navigate the probe to the standard plane. The
right-most column represents the algorithms that automated fetal growth measurements from
2D frames. They require the anatomical structures to be captured in their standard plane and
therefore require the maximum level of sonographer guidance. Our work falls into the top row
of the chart with scan protocols that we refer to as predefined free-hand.
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(b) Ezample 2D ultrasound images in their standard plane.

Figure 2.8: Intra-class variation between images obtrained from predefined free-
hand videos is high. (a) Three example frames of the fetal skull (top row) and the fetal
abdomen (bottom row) at various time points during a video sweep. (b) Three standard planes
example images of the fetal skull (top row) and fetal abdomen (bottom row) according to the

ISUOG standard [179].
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(a) Fetoscope (b) Pinard’s stethoscope

Figure 2.9: A fetoscope can be used to detect the fetal heartbeat. (a) Fetoscope and
(b) Pinard’s stethoscope are used to listen for the fetal heartbeat. It is important that the hands
should not touch stethoscope while listening for the heartbeat. Figures adapted from [162)].

2.4.1 Manual Detection of Fetal Presentation and Heartbeat

Fetal Heartbeat (Viability)

Identifying the fetal heartbeat throughout pregnancy indicates fetal viability and is
extremely important. Furthermore, particular heartbeat patterns during labour are
often a significant indicator of fetal well-being. Traditionally, in the absence of an
ultrasound device capable of measuring the fetal heartbeat or visualising the fetal
cardiac activity, the fetal fetoscope [68,145] has been used. A fetoscope is similar to
a stethoscope and functions by amplifying the sound of the fetal heartbeat. Figure
illustrates a fetoscope and the original Pinard’s stethoscope. Fetoscopes provide a
non-invasive form of monitoring and have no adverse effects on the baby. This type of
monitoring requires a direct and one-to-one care and is still used in some rural parts
of the world. A potential drawback of this approach is the possibility of mistaking
the mother’s heartbeat for that of the fetus, or in the case of multiple gestations,
distinguishing them accurately. Moreover, some studies such as Byaruhanga et al. [26]
have shown that more fetal heart rate abnormalities can be detected when ultrasound

technology is used compared to using the Pinard’s stethoscope.
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Fetal Presentation

Knowing the position of the fetus in the uterus is essential for labour management.
In the absence of 2D ultrasound scans, this can be carried out manually with four
manoeuvres, know as Leopold’s manoeuvres, named after the gynaecologist Christian
Gerhard Leopold [60]. The first manoeuvre determines which fetal pole occupies the
uterine fundus, and whether the fetus is in a breech position. The second manoeuvre
is designed to identify on which side the fetal back or smaller parts (feet and hands)
are located. As the smaller parts are less firm than the back, the movement can often
be apparent. In the third manoeuvre an attempt is made to determine which fetal part
is at the lower maternal abdomen, and should validate the findings from the first step.
The last manoeuvre is to locate the fetus face. This requires the operator to be facing
the pregnant woman’s feet. The manoeuvre is illustrated in Figure 2.10f Moreover, in
a report by the National Collaborating Centre for Women’s and Children’s Health in
the UK, it was stated that there is a lack of good-quality evidence on the diagnostic

value of such abdominal palpation strategy [65].

2.4.2 Emerging Technologies for Limited-Resource Settings

Although lack of access to medical experts and technology remains a challenge, new
avenues are opening up in this field with the advancements in the medical imaging
technology. Recent studies show that due to the introduction of portable and low
cost ultrasound devices, an increase in the use of this technology can be expected in
rural areas [189]. In particular, hand-carried portable ultrasound devices represent a
valuable alternative to the standard ultrasound machines [45](98]100,/116,/122] even
though there exist many related challenges that cannot be overlooked such as image
quality and user training [5}25],102].

Comparative studies across the developed and developing countries have concluded

that the overall level and quality of training received by professionals is instrumental to
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Contact the author for Images Contact the author for Images
(a) Assess fundus height (b) Assess fetus size
Contact the author for Images Contact the author for Images
(c) Pawlik’s grip (d) Pelvic palpation

Figure 2.10: Leopolds maneuvers to determine the fetal presentation and posi-
tion. (a) Assessing the height of the fundus (lower area of the baby) to seeing how many
finger breadths below the xiphisternum (bottom of the woman’s sternum bone) the baby is lay-
ing, (b) Assessing the size of baby and feeling for the baby’s back and limbs, (¢) Pawlik’s grip
- the lower part of the uterus is grasped to determine the presenting part, (d) Pelvic palpation
to determine the position of the baby’s head. Image adapted from [12/)
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their ability to successfully use an ultrasound device [4,/10}/18.22/61,73/,85|/113.203,209].
In an attempt to empower midwives to perform diagnostic tasks in rural Uganda,
Brunette et al. [25] designed and built a low cost portable ultrasound system using
off-the-shelf hardware and custom software. In order to allow midwives to perform
simple diagnostic tasks with minimal training, a simplified user interface was designed
and implemented by removing the unnecessary options for performing a basic scan.
This enabled the detection of breech presentation, multiple gestation and placenta
previa. Furthermore, Anderson et al. [5| expanded the framework by improving the
built-in help and tutorial software, to further facilitate the training of the midwives

throughout a basic ultrasound exam.

Another approach to training skilled sonographers both in the developed and de-
veloping countries is through software simulations. Although phantoms exists and are
often used for educational purposes, they are usually expensive and are only avail-
able for a limited number of anatomical parts. To overcome this, Nicolau et al. [148]
constructed a low-cost simulator to allow ultrasound image practice and also probe
manipulation through a CT constructed model. They illustrated that the movement of
a probe phantom could be tracked and registered to a CT model of the anatomy. How-
ever they concluded that simulating realistic ultrasound data needed further work and
enhancements. In another study conducted in collaboration with a university hospital
in Ghana, the authors designed a low cost system for training ultrasound imaging tech-
niques using components from the Nintendo Wii game console [7]. In their study, they

intended to further enhance sonographer skills though simulated ultrasound training.

In another approach, the Ifakara Health Institute in Tanzania [137] conducted a
study, where a number of non-expert primary healthcare workers including midwives,
nurses and medical attendants were trained for 10 days to use a handheld ultrasound
device. They were then asked to perform basic obstetric ultrasound scanning at ru-

ral health centres and an independent radiologist was asked to evaluate the accuracy
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of their diagnosis. The user’s diagnostic accuracy was found to be above 80% lead-
ing to the conclusion that non-experts could be trained to perform basic ultrasound
screenings. In rural Uganda, willingness of locals to attend the antenatal clinics was
evaluated and it was shown that implementing ultrasound in a primary care facility
led to a 72% increase in total antenatal care visits [176]. In rural Zambia, the effect of
equipping midwives with portable ultrasound was evaluated and it was observed that
this helped 17% of obstetric cases to change and optimise the clinical management of

the patients, particularly in cases with malpresentation and multiple gestations [97].

Yet another approach to tackle the lack of experts in limited-resource settings is
to use teleradiology as proposed for example by Kuntalp et al. [106] and DeStigter
et al. [50]. Their proposed care model was built to enable minimally-trained pri-
mary healthcare workers to capture and transmit ultrasound free-hand sweeps of key
anatomical regions of interest. The data was then uploaded to a central server to be
accessed by experts either locally or remotely. These expert radiologists then reviewed
the images for key indications and transmitted their findings via text message back to
the rural areas via the cellular phone network. As reported by Pool et al. [164], the
local operators underwent on-site training to learn how to acquire a video or cine sweep
through a target organ or body region using only external anatomical landmarks, with
no specific internal imaging anatomy or pathology training. Video-telephone tech-
nology was used to allow remote communication and further training of users. This
approach focused on training local primary healthcare workers with simple acquisition
protocols but still required expert radiologists on one end of the system to interpret

the data.
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2.5 Automated Methods for Fetal Ultrasound Imag-

ing

Many automated methods suggested in previous studies aim to reproduce the stan-
dard fetal clinical measurements, to directly analyse and assess fetal growth throughout
pregnancy at different gestational ages. Their aim has been to reduce inter and intra
observer variabilities, and more importantly establish a standardised and reproducible
measurement procedure. The standard approach for many automated algorithms for
detection, localisation and segmentation of fetal anatomical structures is applying ma-
chine learning techniques. Machine learning is arguably very well-suited to recognise
sonographic patterns in ultrasound images, and can form the basis of image-based
decision-making. As previously discussed, research has looked into automating biome-
try measurements. However this process is dependant on skilled sonoraphers for data
acquisition. One approach is to simplify the data acquisition protocols by way of free-
hand video sweeps, and develop solutions to automatically interpret this data through
machine learning methods. Several methods have been recently proposed for auto-
matic detection and localisation of anatomical fetal structures from ultrasound videos.
Linear Dynamical Systems (LDS) were used to localise structures of interest in an
ultrasound video obtained from a phantom by Kwitt et al. [107]. In our own work, a
method for clinical ultrasound video sequences was developed [129], where the original
video is broken into smaller sequences of shorter length such that all sub-sequences
have the same length. The pixel motion patterns (dynamics) of the sequences are
then learned using a linear dynamical system. Identification and classification of the
sequences of interest are then based on the similarities between the estimated LDS
model parameters. Due to the standardised freehand acquisition protocol, the probe
motion patterns are a constant factor throughout the video for all the video sweeps in

our dataset and do not need to be taken into account separately. In an attempt to au-
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tomate the detection of the fetal abdominal standard plane, Kumar and Shriram [105]
applied a method based on the spatial configuration of key anatomical landmarks in
a video to identify the fetal abdominal best plane. Chen et al. [36] utilised a convolu-
tional neural network (CNN) for standard plane localisation of the skull and abdomen
from an ultrasound video, although the details of acquisition were not stipulated. In
previous work we have used the bag of visual words approach with feature symmetry
filters [130] as well as Improved Fisher Vector (IFV) encoding [131] with a Support
Vector Machine (SVM) to identify frames of interest in an ultrasound video sweep. In
this section we review some of the most widely used machine learning techniques that

are utilised throughout this thesis.

2.5.1 Machine Learning in Medical Imaging

Machine learning can be broadly defined as the ability to learn interesting patterns and
information from data and has played an important role in the field of medical image
analysis in recent years. It can be divided into mainly supervised (when groundtruth
labels are available) versus unsupervised learning, and discriminative (when the model
maps the input to the output) versus generative (where the full representation of the
input data is modelled) [146|. Machine learning algorithms used for object detection in
medical imaging are mainly supervised. They can be interpreted as systems or frame-
works that learn from a clinician’s prior knowledge about diagnostic analysis of a given
data [197]. Examples of applications which use such algorithms include computer-
aided diagnosis [142|, image segmentation [114], image registration [43| and anatomi-
cal object detection and localisation [168,197,217,218|. Learning-based approaches to
automatic object detection in ultrasound images can work well, as high-dimensional
input data can be efficiently mapped to compact representations of image patterns
representing various anatomical structures. This requires finding good discriminating

(high-dimensional) features. In what follows, a variety of feature descriptors used in



30 2.5. AUTOMATED METHODS FOR FETAL ULTRASOUND IMAGING

machine learning applications are discussed.

2.5.2 Feature Descriptors

An important step in constructing many robust machine learning classifiers is to select
appropriate feature descriptors to allow for effective discrimination between different
classes. Features that are based on the visual appearance of objects such as optic flow
vectors [12,/15,241|891|123]/198|, texture and raw pixel intensities [54,78,83,[111,|{126] or
edges [27,163,/155,(186,/187] are powerful attributes for object detection. However, in
ultrasound images speckle patterns, low contrast, and poor signal-to-noise ratio can
make it difficult to use such features solely on their own, especially if the training
data sample is not large enough to capture such variabilities in data. To overcome
this, intensity invariant methods and filters such as local feature symmetry [103] and
signed feature symmetry [21| have been previously used to enhance features of ultra-
sound images [211/62,/76,77,140,168,226]. Figures and illustrate two example
ultrasound images of different fetal structures, which have been processed using lo-
cal energy, feature symmetry, product of local energy and feature symmetry, signed
feature symmetry, structured edge probabilities [51], histogram of oriented gradients

(HOG) features [44], and scale invariant feature transform (SIFT) [120] features.

Gradient based features are another set of popular feature descriptors within the
computer vision community, which have been widely used for human detection [44177).
A subset of methods within the family of gradient based features use contour informa-
tion to represent an object of interest. This was demonstrated in [72], where a contour
based hierarchical chamfer matching detector was used for pedestrian detection. These
features have also been adapted in the medical imaging community where boundary
fragments were used in [192] for representation and segmentation of the left ventricle.
However, a high number of false positives can be expected in cluttered regions due to

the weak notion of shapes. Moreover relatively large training sets are required in or-
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der to learn shape variations. An alternative approach is to use statistical information
obtained from gradient features, an example being SIFT, introduced by Lowe [120],
which has become one of the well known and widely used approaches of this type. To
compute SIFT features, a histogram of local oriented gradients is calculated around
a point of interest, which can then be used to describe objects of interest in an im-
age. The HOG [44] is yet another powerful feature descriptor which is based on the

occurrences of gradient orientation in localised portions of an image.
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Figure 2.11: Low-level feature examples. From left to right the grey scale image, local energy filter, local feature symmetry,
the product of local feature symmetry and local energy, and signed feature symmetry, edge probabilities using structured edge
detection (51, HOG and SIF'T features. o = [28, 30, 32| for the filters based on the monogenic signal.
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Figure 2.12: Low-level feature examples. Similar to ﬁgurebut for a different image with significantly varied structures.
From left to right the grey scale image, local energy filter, local feature symmetry, the product of local feature symmetry and local
energy, and signed feature symmetry, edge probabilities using structured edge detection [51], HOG and SIFT features. o = |28,
30, 32] for the filters based on the monogenic signal.
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2.5.3 Learning Mechanisms

Support Vector Machine (SVM) A popular and now classic learning mechanism
for object detection is using a Support Vector Machine (SVM) [39,204]. SVMs are
a type of supervised, discriminative maximum margin classifier. Given some training
data for two different classes with their target labels, the algorithm tries to find a
decision boundary or a hyperplane such that the margin between the two classes are

maximised in the feature space as illustrated in [2.13]

During the training phase, the decision boundary is set based on only a subset of
the training examples, known as the support vectors, such that the complexity of the
system is dependent on the number of support vectors used. One of the advantages of
using SVMs for solving classification problems is that they allow for an efficient use of
kernels. By this we mean that in many real-world problems, it is unlikely that the data
points from different classes are separable in the input space. SVMs allow an efficient
use of kernels to transform the data into a higher dimensional feature space, where
data points can be separated effectively. While linear kernels are computationally
efficient [93|, non-linear kernels have shown to produce higher classification accuracy

[225).

In our work (Chapter , we make use of the homogeneous kernels, which have
shown to significantly improve classification results with only slight increase in the
computational cost [206]. Specifically, this learning mechanism has been used as part of
a multi-class classification to categorise the frames into four classes of skull, abdomen,
heart and other, making use of the linear kernel, the x? kernel and the Hellinger’s
kernel. SVM’s have previously been used in the medial imaging domain including in

various applications such as [59}/129-H131].
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Figure 2.13: Schematic of a linear Support Vector Machine algorithm.

Adaptive Boosting (Adaboost) Adaptive Boosting also known as Adaboost, is a
well known machine learning algorithm that works by combining a weighted sum of
multiple weak classifiers to form a strong classifier ,. This algorithm benefits
from an iterative framework such that at each step, the training examples that have
been misclassified in the previous step are given a higher weight as show in Figure [2.14]
Boosting could lead to accurate results even if the weak classifiers have a performance
that is only marginally better than random, hence the term ’weak learners’. This
method benefits from having no parameters that require tuning other than the number
of iterations. One of the earlier applications of Adaboost is the work of Tieu and
Viola [200] which used boosting to select a small set of discriminatory features from
a larger pool for object tracking in natural scene. This inspired one of the earlier
face detectors by Viola and Jones . Adaboost has been successfully used in a
number of fetal biometry applications including . In this thesis however we
have decided not to use this learning framework, as kernels integrate naturally in an

SVM framework to produce satisfactory yet computationally efficient results.

Random Decision Forests Random Forests [20] is a discriminative learner that is
composed of a collection of binary decision trees constructed by randomly selecting
the best features at each node, based on some criteria, to partition the data into the

possible class labels. During this step, the best feature is generally selected such that
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Figure 2.14: Schematic of Adaboost algorithm.

the information gain is maximized. At the testing stage, the test data points traverse
the tree, where the data is split at each node based on the pre-calculated threshold,
until a leaf node is reached. Each tree will then produce a probability for the class
labels, and the final prediction is achieved through a combination of all the tree outputs
as shown in Figure [2.15]

Random Forests provide a strong learning mechanism and have been successfully
used in the medical imaging domain for many applications including automatic de-
lineation of myocardium in 3D echocardiography [114], and 2D + ¢ ultrasound
images. Furthermore, to perform fetal femur segmentation from 3D ultrasound vol-
umes, Yaqub et al successfully used Random Forests. This framework was later
extended to automatically detect local brain structures in 3D fetal ultrasound im-
ages , where the accuracy of the algorithm varied from 75% to 95% for localising
various fetal brain structures. Namburete et al. used Regression Forests to es-
timate the gestational age of a fetus from sonographic signatures in the brain, where
the accuracy of the method in the third trimester was shown to be higher than the
current clinical standard, reducing the root mean squared error from 7.01 from manual
detection to 6.1. In this thesis, we have utilised a Structured Random Forest (SRF),
which is an extension of standard Random Forests. The SRF is used and discussed

further in Chapter [4] in order to learn edge probabilities for anatomical structures of
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Figure 2.15: Schematic of Random Forests algorithm.

interest in ultrasound images.

Deep Learning and CNNs Early application of machine learning originated from
the development of the artificial neural networks (ANNs), inspired by studies on the
human brain neurons [13/138]. ANNs are generally a compilation of inter-connected
neurons, which exchange messages with each other. Each connection in the network
has an associated weight that is iteratively tuned or learned based on experience. For
any given application, a neural network is defined by a set of input neurons (i.e. the
input data such as image patches), where their output becomes the input to the next
layer. As an example, an ANN for handwriting recognition is defined by a set of input
neurons that can be activated by the pixels of an input image. The activation of
these neurons (the outputs) are then passed on to other neurons (as their input), once
weighted and transformed by a predefined activation function (such as the sigmoid
function). This process is repeated until an output neuron is activated. This process

determines which character was read. Figure [2.16] illustrated a multi layer ANN.
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Figure 2.16: Schematic of a single neuron on the left and multi-layer neural
network architecture on the right.

Convolutional Neural Networks (CNN), a variant of multi-layered neural networks,
was inspired by biological mechanisms discovered by Hubel and Wiesel’s early work on
the cat’s visual cortex [90]. It is now known that the visual cortex contains a complex
arrangement of cells sensitive to small sub-regions of the visual field, called a receptive
field. These sub-regions are tiled covering the entire visual field. Furthermore, the cells
act as local filters over the input space (for example the image) and can effectively
exploit local spatial correlations in images. A feature map is obtained by applying a
function across sub-regions of the entire image repeatedly. This equates to convolving
the input image with a linear filter, adding a bias term followed by applying a non-
linear function. Figure illustrates the structure of LeNet-5 [112], one of the earlier

and well known CNNs in the literature.

There has been a rapidly growing interest in utilising CNNs in the medical imag-
ing domain with highly promising results. For instance, Wu et al. |216] applied a
deep learning framework for classification of focal liver lesions with contrast-enhanced
ultrasound. A CNN learning framework was utilised in [36] for standard plane locali-
sation in fetal ultrasound, where a transfer learning mechanism was used to fine-tune
a pre-trained network on medical ultrasound data. An advantage of such framework is

that instead of using low-level hand-made features such as SIFT and HOG, low-level
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architecture
features can be learned from the data. This however requires having a large dataset

with tens of thousands of images and is further investigated as part of collaborative

work and we report our initial results in Chapter [6]

2.6 Conclusion

Ultrasound is the imaging modality of choice in prenatal care. However, ultrasound
signal properties and its interactions with tissues can cause characteristics such as at-
tenuation and acoustic shadows. These are unique properties of ultrasound that are
not exhibited in other imaging modalities. Despite the body of work on object detec-
tion and localisation, little work has been carried out in relation to ultrasound videos.
Thus, it is necessary to design and implement ultrasound specific tools to address
these challenges in order to take one more step in facilitating the use of ultrasound
for pregnancy management in rural and limited-resourced regions. This thesis is set
to do this. We demonstrate how this imaging modality can be utilised by non-experts

to acquire data and make important diagnostic decisions.



Chapter 3

Multi Object Detection from

Ultrasound Videos

In this chapter we develop and compare two original methods to automatically iden-
tify the frames of interest in an ultrasound video sweep. As pre-processing ultrasound
images prior to any analysis is a common theme in many previous studies, we investi-
gate the merits of pre-processing images on classification accuracy on two datasets of
variable sizes. The data acquisition step is defined by a simple standardised clinical
protocol as illustrated in Figure and is explained in more detail later in Chapter [4]
In this chapter, the framework and the process for automatic detection of anatomical
structures of interest from each video frame are discussed. The technical contributions
of this chapter are as follows; firstly to introduce LP-SIFT (Local Phase based SIFT)
features, secondly to illustrate the efficacy of preprocessing ultrasound images before
classification, and finally a classification framework for 2D ultrasound frames based on
the improved Fisher Vector encoding. An early version of the work presented in this
chapter has been reported in:

Maraci M A, Napolitano R, Papageorghiou A, Noble JA. Fisher Vector Encoding
for Detecting Objects of Interest in Ultrasound Videos. International Symposium on

Biomedical Imaging (ISBI), 16-19 April 2015, New York, USA.

40
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Figure 3.1: A simple predefined-freehand scan protocol. A straight ultrasound video
sweep is obtained from the cerviz up to the top of the maternal abdomen. Three sample frames
are shown from various points in the ultrasound video sweep illustrating "Other Structures”
(left), "Fetal Skull" (centre) and "Fetal Abdomen" (right). These anatomical structures can
provide vital information about the fetal growth and well-being.

Maraci MA, Napolitano R, Papageorghiou A, Noble JA. Object Classification in
an Ultrasound Video Using LP-SIFT Features. Medical Computer Vision workshop
(MCV), MICCAT 2014, Boston, USA.

3.1 Introduction

To empower relatively untrained sonographers to perform diagnostic ultrasound screen-
ing, two main prerequisites need to be fulfilled: Firstly, specific scanning protocols have
to be designed for novice users such that they can be readily learned, yet they must
contain sufficient information for automated analysis. Secondly, a framework has to
be developed for automated analysis of such data, to aid and inform the sonographers
of clinical conditions. The latter is considered in this chapter. Moreover, this is of

particular relevance to limited-resource settings, where pregnant women may not be
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able to attend specialist centres for obstetric care regularly or even at all throughout
the course of their pregnancy. Thus, empowering non-experts in performing diagnostic
ultrasound scans can potentially have a significantly positive impact.

In this chapter, a general framework is proposed for automatic detection of a
number of key fetal anatomical structures including the fetal skull, heart, and ab-
domen from a continuous 2D ultrasound video sweep. Furthermore, we report on
two well-known feature encoding frameworks; the Bag of Visual Words (BoVW) and
the improved Fisher Vector (IFV) encoding models. From here on, improved Fisher
Vector will be denoted as FV. The low-level features encoded with these models are
the Scale-invariant feature transform (SIFT) [120] and the LP-SIFT (dense SIFT ap-
plied to contrast-invariant images) features [130]. We demonstrate that pre-processing
and filtering 2D ultrasound images prior to data analysis can be beneficial on smaller
datasets, where data variability may be difficult to capture. For such cases we propose
learning relevant edge probability maps as suggested by Dollar et al. [51] through
a structured random forest, as opposed to the previously used feature symmetry
map [169]. In what follows, the image dataset and acquisition protocol are explained

and discussed.

3.2 Ultrasound Image Dataset

Clinical 2D fetal ultrasound video sweeps were acquired specifically for this study using
a Philips HD9 ultrasound machine with a V7-3 transducer. Data acquisition was car-
ried out by five qualified sonographers who were asked to follow a simple standardised
scanning protocol. Prior to data acquisition, each sonographer was informed of the
objectives of the study and was asked to place the ultrasound probe at the bottom of
the participant’s abdomen and acquire a linear ultrasound sweep by moving the probe
to the top of the abdomen. This simple training procedure lasted approximately

10 minutes. The participants included in this study were healthy pregnant volun-
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teers at 281 weeks of gestation, who were taking part in the INTERGROWTH-215T

project |157,210,212]. Data acquisition was covered by appropriate ethics approval.

INTERGROWTH-215T Study

The International Fetal and Newborn Growth Consortium for the 21 Century

(INTERGROWTH-215T) was designed to develop new standards for defining normal
fetal growth, preterm growth and newborn nutritional status. It was conducted in
collaboration with eight different sites with geographically diverse populations around
the world. The study only included participants with a low risk impairment of fetal
growth or risk factors for IUGR (alcohol or smoking) and clinical history (diabetes
or chronic illness). Full study demographics can be found from Villar et al. [212].
Moreover, ultrasound video sweeps for this thesis were acquired from some of the par-
ticipants in the Oxford site of the INTERGROWTH-215T project. These participants
were selected at random and the only selection criteria was a gestational age of 28

weeks or over.

Data Preparation Step

Before carrying out any analysis on the data, a number of standard steps were under-
taken to prepare the dataset. Initially, for computational efficiency, all video frames
were downsampled to half their original size (from 460 x 640 to 230 x 320) using a
Gaussian pyramid reduction. Furthermore, each individual video frame was masked
based on the ultrasound field of view, to mask out and discard any text or comments

on the top right and left hand corners of the data as illustrated in Figure [3.2]

3.3 Ultrasound Structure Representation

In this section two popular structural representation techniques for ultrasound im-

ages are discussed. Firstly the feature symmetry maps and secondly structured edge



! 3.3. ULTRASOUND STRUCTURE REPRESENTATION

Original Image

Mask Image Reduce Size SN \
N
SN
ool s N
I ]

Output Image

Figure 3.2: Dataset preparation step. Original frame (left). Frame is masked to keep
the data at the ultrasound’s "field of view" only. This is mainly to remove the text that appears
on the top left and right hand sides of the image (centre). Finally the frame is downsampled
to half it’s original size for computational efficiency (right).

probability maps based on a structured random forest learning framework.

3.3.1 Contrast Invariant Representation

Pre-processing can be an important step in extracting rich features from ultrasound
data, as simple edge detection methods can generally be too sensitive to speckle pat-
terns and shadows in ultrasound images. Local phase based filters as introduced by
Kovesi [103] have been used for computing contrast invariant features and have shown
to be a popular choice for ultrasound images [21,/129,|130}/167,/170]. We investigate
the efficacy of this family of filters in this chapter. Moreover, this family of filters are
required as a first step in constructing the LP-SIFT features as proposed in [130].
Local phase based filters are constructed using the monogenic signal [62], which
provides a degree of robustness to contrast variation and speckle distortion in ultra-
sound images. Furthermore, it can be used to encode local structural information
in an image and has therefore been a potentially suitable and natural first step for
ultrasound images as suggested in [167,/170]. The monogenic signal is composed of
an even-symmetric bandpass image filter (log-Gabor filter in this case) denoted as

even(z,y), and two odd-symmetric filters formed from its Riesz transform denoted as
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odd(z,y). Specifically to construct the even (symmetric) component of the monogenic
signal, the 2D image I(x,y) is initially convolved with an even isotropic band-pass

filter b(x,y),

even(z,y) = Ly(x,y) = b(z,y) * I(x,y). (3.1)

One of the commonly used such filter types is the isotropic log-Gabor filter G%(w) =

exp(—;‘zgzgﬁ f;)), where k is the centre frequency of the filter and 0 < o, < 1 is related

to the spread of the frequency spectrum in the logarithmic domain. Furthermore
to construct the two odd (anti-symmetric) components, the band-passed images are

convolved with the Riesz filter to produce the following,

odd™ (z,y) = KD (z,y) = I(x,y),

(3.2)
0dd® (z,y) = W' (w,y) * I(z,y),

where the spatial representations of these 2D odd filters are: h(V(z,y) = —z /(27 (22 +
y2)2) and K@ (z,y) = —y/ (27 (2% + y2)2). Therefore the monogenic signal I, (z,y) of

image I(x,y) can be expressed as,

Im($, y) =

(3.3)
L(z,y), (2, y) * L(z,y), B (z,y) * L(z,y)|.

As fetal ultrasound images typically exhibit non-uniform intensities and shadows
(highly dependent on the presence of fatty tissues/bones) which can affect the visual
appearance of the same anatomical structures in different scans (for example the fetal
skull, heart or abdomen), it is also possible to define a multi-scale feature symmetry

map such that

Sz, y) Z |levens(z,y)| — |odds(x,y)| — Tk (3.4)
Veveny(z,y)? + odd,(z,y)? + ¢’
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Original Local Energy  Feature Symmetry LE x FS x mask

Fetal Skull

Not Fetal Skull

Figure 3.3: Illustrating intensity invariant features. From left to right, the original
frame, Local Energy, Feature Symmetry, the product of the two are illustrated for six different
ultrasound images. The filter’s o value was set to [28, 30, 32| for this plot.
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where s is the scale of the band-pass filter, € is a small positive constant to avoid
division by zero, |.] denotes replacing negative values with zeros, and T} is the noise

compensation threshold. This threshold can either be calculated empirically or through

the following formulation Ty = exp (mean(log(\/evens(x, y)? + odd(z, y)2))> as used
in previous work |169] to present a scale specific noise compensation term correspond-
ing to the maximum response generated from noise only in the signal. Furthermore

the odd component above is constructed from the two odd components of the filter

such that: odd = voddV* + odd®?. Figure illustrates the corresponding feature
symmetry maps for three examples of the fetal skull versus three other examples of

various other fetal structures.

Apart from the feature symmetry maps, we also construct and utilise the corre-
sponding local energy (also known as the local amplitude) map for each image. The
local energy corresponds to structures which exhibit high amplitude and is formulated

as:

A(x,y) = Veveny(x,y)? + odd,(x,y)?, (3.5)

where s is the scale of the band-pass filter. The combination of the feature symmetry
and local energy therefore produces a feature symmetry map of locations with high
amplitude. This can be a good strategy to discriminate between the soft tissues and
hard structures such as the fetal skull. Furthermore, the effect of varying the bandpass
scale parameter s from o = 5 to ¢ = 40 for the product of feature symmetry and local

energy is illustrated in Figure [3.4]

A potentially richer representation is obtained by using signed feature symme-
try [21]. This measure retains the sign of the even filter response, I(z,y), in order
to discriminate between symmetric structures of high intensity (image peaks such as
bone and echogenic boundaries) and low intensity (image troughs such as the stomach,

heart or blood vessels). We can calculate this measure as follows:
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Figure 3.4: The effect of varying the filter o value. The original images are illustrated

on the top row. The product of the feature symmetry and local energy filters are illustrated
for each images, increasing the filter’s sigma value from 5 to 40.
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[levens(z, y)| — lodds(z, y)| - T5]

Veveng(z,y)? + odd,(x,y)? + € -sgn (eveny(w,y)) (3.6)

SFS(x,y) = Z

s

where sgn(z) is the signum function.

The resulting signed feature value lies in the range -1 to 1, where -1 indicates a
highly symmetric trough, 0 indicates no symmetry, and 1 indicates a highly symmetric
peak. In our experiments we investigate what advantage, if any, this representation
has over the standard feature symmetry measure. Figure demonstrates the result

of the SFS filter on the same set of images for comparison purposes.

3.3.2 Structured Random Forests (SRF) Edge Maps

The local phase feature symmetry maps are fast to compute and highlight key ge-
ometric structures but may not capture finer image details. Moreover given a 2D
image, edges in local patches are interdependent and contain well-known patterns
such as straight lines, parallel lines and Y or T junctions [115,(174]. For problems
exhibiting such characteristics, a family of learning approaches known as structured
learning [101] have been used in the past for example in semantic image labelling [152]
and edge detection [51]. Recently structured random forests (SRF) edge detection has
been suggested for ultrasound feature enhancement 52| and here we investigate its use
for a more accurate structure representation. Figure illustrates an example of four
different anatomical structures in original gray scale, processed using the FS and LE

filters and processed using the SRF edge detector.

Random Decision Forests
SRFs build on the concept of random decision forests (RDF) [42] where a decision tree
fi(z) classifies a sample x € X through a recursive process of branching left or right

until a leaf node is reached. In particular a binary split function is associated with



50 3.3. ULTRASOUND STRUCTURE REPRESENTATION

Original FS LE x FS x mask  Signed FS (SFS)

Figure 3.5: Comparing feature symmetry and signed feature symmetry filters.
Original image, feature symmetry response, product of feature symmetry and local energy,
and signed feature symmetry as proposed in [21] from left to write respectively with a filter
size of [28, 30, 32].
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Figure 3.6: Comparing (feature symmetry x local energy) and structured random
forest edge probability maps. A fetal abdomen (a), and resulting feature symmetry map
(b) € edge detection using structured random forest (c))

each node j of the tree as:

h(337 9]) € {07 1}

where 6; is the function parameter. Here if h(xz,6;) = 0, the sample z is sent to
the left child of node j and if h(z,6;) = 1 node j send z right, where this process
terminates when the leafnode is reached. Thus the output of the tree for an input x
is the prediction stored at the leaf reached for the input x. This can be a target label
or a distribution over all the labels Y. Once an input data x traverses a tree, the

leaf node that is reached depends only on the input data. This allows for arbitrary
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complex outputs, including structured outputs, to be stored at each leaf node [51,/101].
Moreover a decision forest is an ensemble of T independent trees f;. Given an input
sample z, an ensemble model is used to combine the prediction f;(z) from all the trees

into a single output.

Each tree is trained independently to find the optimal parameter 6; of the split
function h(z,6;) for any given node j and training data set S; C X x Y. In order to

do this, an information gain criteria needs to be defined as follows;
I; =1(S;,8F, 81,

where St = (z,y) € Sj|h(z,0;) = 0 and SF = S\ ST, i.e. all the elements of S; that
are not in S]-L . Here the splitting parameter 6; is chosen such that the information
gain [; is maximized. This process is repeated at each level of the tree to train each
node with the S]-L data for the left node and S]R training the right node until either
the tree’s maximum depth is reached or the training set size or information gain falls
below a predetermined threshold. For a multi-class classification the following standard
definition of information gain can be used:
|51

Sk
L=H(S;)~ Y. ﬁH(SJ’?),
ke{L,rR} "7

where H(S) can denote the Shannon entropy or the Gini impurity.

Structured Random Forests

In the SRFs, x represents an image patch and y encodes the corresponding annotation
such as the segmentation mask. Two immediate complications can arise with training
random forests with structured labels. Firstly structured output spaces are likely to
be very high dimensional, thus scoring candidate splits in this space can be compu-

tationally expensive and secondly calculating information gain in such a space is not
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well defined. We use the implementation of [51] where all the structured labels y € YV
at a given node are mapped to a discrete set of labels ¢ € C, C' = {1, ..., L}, where
similar structured labels are assigned to the same discrete label c. Given this discrete
space, information gain can efficiently be calculated over C'. Furthermore to simplify
the calculation of information gain, Y is mapped to an intermediate space Z where

Euclidean distance can easily be measured.

This mapping is defined in the form

Inm:y -z

such that Euclidean distance is used in Z to approximate dissimilarity of y € Y.
This mapping can be further explained using an example. Given a set of 16x16
segmentation masks as the edge detection labels y € Y, the mapping for each mask
z = Il(y) is defined as a long binary vector that encodes whether every pair of pixel
in the patch y belong to the same segment. Given that Z can be high-dimensional,
its dimensionality is reduced by firstly sampling only m dimensions of the original
vector Z and then applying PCA to further reduce the dimensions. During training, a
distinct mapping is randomly selected and applied to training labels Y; at each node

j. Here m has been set to 256.

To compute the information gain given the mapping as described above, the struc-
tured labels y € Y are mapped into a discrete set of labels ¢ € C' where C' = {1, ..., k},
such that similar structures are given the same label as shown in Figure For the
ensemble model, a set of n labels yy, ..., y, can be combined into a single prediction.
During the training phase, this amounts to associating each label with the correspond-
ing nodes and during testing this amounts to merging the predictions. For this the
label whose z;, minimizes the sum of distances to all other z; is selected. In this thesis,
the input to the SRF are 32 x 32 images patches. For obtaining the discrete label set

C given Z, PCA quantization with k£ = 2 was used where the quantization has been
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Figure 3.7: Illustration of the decision tree node splits. (a) Given a set of structured
labels such as segments, a splitting function must be determined. Intuitively a good split (b)
groups similar segments, whereas a bad split (¢) does not. In practice we cluster the structured
labels into two classes (d). Given the class labels, a standard splitting criterion, such as Gini
impurity, may be used (e). Figure adapted from

based on the top logy(k) PCA dimensions.

3.4 Features

The features used in this chapter are constructed from a) the raw pixel intensity values,
b) feature symmetry filtered representation of the image, and c) the structured edge
probability map of the original image. The Low-level features extracted from the

aforementioned images are dense SFIT features, which are explained in more detail
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below.

3.4.1 LP-SIFT Features

LP-SIFT features are constructed by first applying the feature symmetry and local
energy to the original image, followed by constructing dense SIFT features. The SIFT
features are an important compartment of the framework and are explained in this

section.

SIFT Keypoint Detector

Gradient based features such as SIFT have shown to provide a simple and powerful
set of descriptors for a variety of applications. SIFT transforms an image into a large
collection of local feature vectors invariant to rotation, scaling or translation of the
image. A SIFT key-point - or interest-point - detector is a circular image region with
an orientation as illustrated in Figure [3.8a] It is described by a geometric frame
of four parameters including a centre coordinates z and y, the radius of the region
referred to as the scale, and its orientation. Originally SIFT was designed to detect
image structures which resemble blobs, and by searching for blobs at multiple scales
and positions, it showed to be invariant to translation, rotations, and re-scaling of
an image. Searching for keypoints at multiples scales is achieved through a Gaussian
scale space, which in practice equates to multiple versions of the image smoothed at

various scales or more simply reducing the image resolutions multiple times.

SIFT Descriptor

A SIFT descriptor is a 3D spatial histogram of local oriented gradients characterising
the appearance of a SIFT, either around an identified interest points as in Figure
or on a dense grid as in Figurd3.9, The gradient at each pixel is regarded as
a sample of a three-dimensional feature vector, constructed from the pixel location

and the gradient orientation. The gradient norm is used to weight these samples and
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(a) SIFT keypoint detector (b) SIFT descriptor

Figure 3.8: An example SIFT detection , and descriptor . The Detection
selects a point on the image and the descriptor contains the gradient information for the
specific local region.

accumulate them in a 3D histogram to form the SFIT descriptor. Finally gradients
further away from the keypoint center are given less importance through an additional
Gaussian weighting function. The conventional SIFT descriptor is a 3D histogram
consisting of 8 X 4 x 4 = 128 bins as illustrated in Figure [3.8b] Moreover, Figure [3.10
illustrates 20 random SIFT descriptors at various scales and orientations which have

been identified as interest points on a 2D ultrasound image of the fetal skull.

A drawback of using keypoint detectors to identify interesting blobs is that they
can be susceptible to imaging noise, speckle patterns, signal attenuation and shad-
ows in ultrasound images as signal attenuation could have the same blob effect in an
ultrasound image. Dense feature extraction has become an essential part of many
state-of-art image classification methods, where low-level features such as SIFT are
computed on a dense grid (e.g. every n'* pixel) rather than sparsely using an inter-
est point detector on an image [96]. Given the characteristics of medical ultrasound
images, where the level of shadows, speckle patterns and attenuation vary between
images and also depend on the anatomical object being scanned (e.g. fetal heart,

abdomen), dense feature extraction is utilised here.
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Figure 3.9: The schematic of computing dense SIFT. A dense SIFT descriptor
calculated densely on the entire image. Bin size indicates the size of the descriptor, and the
sampling step indicates the density in which the descriptor is created on the image.

LP-SIFT Finally to construct the LP-SIFT features, the gray scale ultrasound im-
ages are initially filtered as described in Section to obtain enhanced images,
followed by computing the SIFT feature densely on the filtered images as described in

this section. Encoding these features is covered in the next section.

3.5 Feature Encoding

3.5.1 Bag of Visual Words Encoding

The concept of visual vocabulary has been inspired from the text retrieval commu-
nity [9] and enables indexing for local image features. Text documents contain a
distribution of words and can therefore be efficiently summarised by their word count,
also known as bag of words. In order to be able to apply this methodology to the
high-dimensional image domain, a quantisation step needs to be performed on the

feature space of local image descriptors. [190].

Therefore the standard framework for constructing a bag of visual words consists of
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Figure 3.10: SIFT interest points on an ultrasound image. SIFT keypoint descrip-
tors at various scales and orientations are detected. Only 20 keypoints have been selected and
plotted at random for illustration purposes.

initially collecting large samples of low-level features such as dense SIFT from training
images, which in practice can be a portion of the overall training dataset. Secondly
learn a wvisual vocabulary from the extracted features. The wvisual words of the vo-
cabulary are constructed by quantising the feature space (e.g. using k-means), where
the cluster centres are the visual words and the number of clusters is defined by the
user. Once the vocabulary of visual words is constructed, novel images can be de-
scribed in terms of the frequencies of visual words of the learned vocabulary. This is

schematically illustrated in Figure. [3.11]

The steps for constructing the BoVW in our framework are illustrated schematically
in Figure[3.12] Once an ultrasound video is acquired following a simple and repeatable
protocol, such as in Figure 3.1 each video frame can be processed using any of the
pre-processing steps described before in Section to enhance acoustically significant
structures in images. This step proves to be vital during the feature extraction process

when limited amounts of data are available. Dense SIFT features are then extracted
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Figure 3.11: Bag of words construction schematic. Low-level features (e.g
SIFT) are computed from a large portion of training images to populate the feature space.
The SIFT feature computed on the images are denoted with green colour, and the black dot is
the same features in some high-dimensional feature space. The features are quantised
into Wy clusters to construct a visual vocabulary of words. The blue dots denote the visual
words (the cluster centres). Given a test image low-level features are extracted and the
nearest visual word is identified for each feature. A histogram of visual words is used
to summarise the test image by counting the number of visual words that occur in the image.

from the filtered images. Each frame (2D image) is then encoded as a spatial histogram
using the vocabulary of visual words learnt during the training phase. For classification

of the data, an SVM classifier with a homogeneous x? kernel map [207] is then trained

and evaluated on unseen data.
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Figure 3.12: Schematic of steps involved in the BoVW framework. Initially SIFT
features are calculated from the (local phase processed) images on a dense grid and vectorised
into visual words. Once the visual vocabulary is constructed, training and test images can be
encoded by keeping a count of the frequency of each visual word though a histogram. If spatial
tiling is used, the encoding can be carried out for each tile of the spatial filter.

3.5.2 Fisher Vector Encoding

The Fisher Vector (FV) |160,/161] encoding aims to reduce the loss of information
caused by the vector quantization step in BoVW. Figure |3.13]illustrates the additional
information that is used in FV encoding compared to the BoVW. Moreover, Figure

illustrates schematically the FV encoding process used here.

The FV encoding approach works by aggregating a large set of low-level feature
vectors, into a high-dimensional space. A common approach, which is also utilised
here is to initially reduce the SIFT feature dimension using PCA and then square root
the features vectors (also known as RootSIFT), as it has shown to improve classifica-
tion results [8]. A parametric generative model such as the Gaussian Mixture Model

(GMM) is then fitted to the features. and the derivatives of the log-likelihood of the
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Figure 3.13: Fisher Vector assignment strategy. Compared to the Bag of Visual Word,
soft assignment strategy is used which helps reduce information loss during the quantisation
process.

model with respect to its parameters are encoded. First and second order differences

between the dense features and each of the GMM centres can then be estimated.

More formally, given I = (z1,...,xy), a set of D dimensional SIFT feature vectors
extracted from an image, and © = (g, Xk, 7 : k = 1,..., K) the parameters of a
Gaussian Mixture Model fitting the distribution of the descriptors, (where K is the
number of multivariate Gaussian distributions, py, X and 7 are the mean, variance
and the prior probability of each Gaussian distribution k), the GMM associates each
vector x; to a mode k in the mixture with a strength given by the posterior probability

such that,
efﬂp[ — (2 — ) T8 (s — Mk)}

Gik = (3.7)

Zfiﬂﬂp{ — M — ) TS (s — Mt)}

For each mode k£ the mean and covariance deviations vectors are defined such that,

Z Gir Mﬂ“, (3.8)

Vi Zcm[(x” “J’“) —1}, (3.9)
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Figure 3.14: Encoding method overview. Fisher vector encoding is computed on dense
SIFT features followed by the classification using an SVM classifier. Input images can either
be the original images(1), feature symmetry maps(2) or the SRE edge maps(3).

where 7 = 1, ..., D and represents the vector dimensions. The Fisher vector ® of image
I is then constructed by stacking the vectors uy and vy for each of the K modes in the
Gaussian mixtures,

O(I) = [u],v],..., uf, T (3.10)

Moreover, as suggested by Perronnin et al. [161] non-linear additive kernels are
applied to each dimension of the fisher vector ®(7) and the fisher vector is [y normalized
to improve classification accuracy. The VLFeat toolbox [205] was used for computing

the features and evaluating accuracy in the experiments reported below.
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3.6 Validation Experiments

The experiments are designed to validate the proposed frameworks explained earlier in
this chapter and are evaluated on two datasets of various sizes. Both datasets contain
four classes of video frames, namely the abdomen, heart, skull and other structures.
”Other structures” class includes any video frame that did not fall into the other three
categories. The smaller dataset consists of a total of 60 ultrasound videos, obtained
from 30 participants (two videos from each participant), whereas the larger dataset
consists of 86 clinical ultrasound videos. This dataset included the first 60 videos and
in addition an additional 26 videos obtained from 26 different participants. Moreover,
the merits of preprocessing ultrasound images prior to classification can be assessed
on the two datasets. It is worth noting that the filtering algorithms may have intro-
duced artefactual edges in some instances, which may effect the classification results.
However, there is no clear evidence from the results that it led to the performance of

the classification algorithms being compromised.

Experiments on the Smaller Dataset:

The experiments were designed to allow a systematic comparison between dense SIFT
features computed on the gray scale pixel intensities and the LP-SIFT features. The
BoVW encoding strategy was applied and classification performance was analysed.
Three binary classification experiments were designed. The first experiment was car-
ried out to measure how well the frames that exhibit the fetal skull were separated
from the ones that did not (Fetal Skull versus All Other Structures), where four fifths
of the data which constitutes to 1510 images are randomly selected for training and
the remaining one fifth which constitutes to 378 images is randomly selected for test-
ing. For the second experiment the same procedure was repeated but for the fetal
heart class (Fetal Heart versus All Other Structures), where 148 images are randomly

selected for training and 38 for testing. The third experiment was to compare classifi-
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cation accuracy between the frames that exhibit the fetal skull and those that exhibit
the abdominal structures (Fetal Skull versus Fetal Abdomen), where again 148 images
are randomly selected for training and 38 for testing. Given that the fetal skull and ab-
dominal structures demonstrate similar oval geometric characteristics, this experiment
was designed to investigate how well the two structures can be distinguished with the
two features. Finally, the fourth experiment evaluated the accuracy for a four class
classification problem using the proposed framework, where 296 images are randomly
selected for training and 76 for testing. All experiments were performed using a 5-fold
cross-validation where the data has been trained on 4/5 of the data and accuracy is

evaluated on 1/5 of the data. The results are summarised in Table [3.3]

Two-Class Classification: Results from this experiment are summarised in Table
for fetal skull verses other structures, Table for fetal skull versus abdominal
structures and Table for fetal heart versus other structures. Generally a higher
classification accuracy is achieved when using the proposed LP-SIFT features and a
higher performance is obtained as the number of codewords increase on the smaller
dataset.

For the fetal skull versus other structures, the highest mean accuracy obtained using
the LP-SIFT features is 95.87% (200 codewords) compared to 86.51% (300 codewords)
using the SIFT features. Similarly for the fetal skull versus the abdomen, the highest
mean accuracy was obtained using the LP-SIFT features of 97.90% (100 codewords).
For the SIFT features it was 90.53% using 50 codewords. The fetal heart is the
exception here where the best result is achieved using the SIFT features and 200
codewords with an accuracy of 92.36% compared to 90.00% with 300 codewords for
the LP-SIF'T features.

Four-Class Classification: Table [3.4] summarises classification results for the four

class classification of fetal skull, abdomen, heart and other structure classes. As can
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Table 3.1: Two-class classification results on the smaller dataset. Comparing LP-
SIFT and dense SIFT features extracted from the Skull and Other Structures classes, encoded
via the BoVW framework. Minimum, mazimum and mean accuracy are reported over a 5
fold cross validation for codebooks of various sizes.

Codewords  Features min/max (%) Mean (%)
Ave. Accuracy Ave. Accuracy
30 LP-SIFT 91.0/95.0 93.10
SIFT 75.9/80.4 78.15
50 LP-SIFT 93.9/94.2 93.87
SIFT 81.0/84.9 83.01
100 LP-SIFT 95.0/96.3 95.82
SIFT 82.8/86.5 84.97
200 LP-SIFT 95.2/974 95.87
SIFT 83.1/86.0 84.60
300 LP-SIFT 94.2/97.4 95.61
SIF'T 85.0/88.6 86.51

Table 3.2: Two-class classification results on the smaller dataset. Comparing LP-
SIFT and dense SIFT features extracted from the Skull and Abdomen classes, encoded via the
BoVW framework. Minimum, mazimum and mean accuracy are reported over a 5 fold cross
validation for codebooks of various sizes. (b)

Codewords  Features min/max (%) Mean (%)
Ave. Accuracy Ave. Accuracy
30 LP-SIFT 92.1/100.0 94.98
SIF'T 73.7/86.6 77.89
50 LP-SIFT 92.1/100.0 96.84
SIFT 89.5/92.1 90.53
100 LP-SIFT 94.7/100.0 97.90
SIFT 79.0/97.4 89.47
200 LP-SIFT 94.7/100.0 97.37
SIF'T 84.2/92.1 86.84
300 LP-SIFT 94.7/100.0 96.84
SIFT 84.2/92.1 88.42

be seen the highest mean classification has been achieved using the LP-SIFT features

(78.95%) using 200 codewords. For the SIFT features, the best results have been

achieved using 100 codewords with a mean accuracy of 66.05%.
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Table 3.3: Two-class classification results on the smaller dataset. Comparing LP-
SIFT and dense SIF'T features extracted from the Heart and Other Structures classes, encoded
via the BoVW framework. Minimum, mazimum and mean accuracy are reported over a 5
fold cross validation for codebooks of various sizes (c).

Codewords  Features min/max (%) Mean (%)

Ave. Accuracy Ave. Accuracy
30 LP-SIFT 85.3/92.7 89.61
SIFT 88.2/92.7 90.87
50 LP-SIFT 88.2/92.7 89.71
SIFT 72.1/92.7 87.35
100 LP-SIFT 85.3/92.7 89.70
SIFT 85.3/92.7 89.41
200 LP-SIFT 83.8/92.7 89.41
SIFT 91.2/92.7 92.36
300 LP-SIFT 83.8/92.7 90.00
SIFT 88.2/92.7 91.77

Table 3.4: Four-class classification results on the smaller dataset. Comparing
LP-SIFT and dense SIFT features extracted from all four classes of Skull, Abdomen, Heart
and Other Structures, encoded via the BoVW framework. Minimum, mazimum and mean
accuracy are reported over a 5 fold cross validation for codebooks of various sizes (d).

Codewords  Features min/max (%) Mean (%)

Ave. Accuracy Ave. Accuracy
30 LP-SIFT 54.0/86.8 72.63
SIFT 54.0/73.7 64.74
50 LP-SIFT  64.5/80.3 70.51
SIFT 58.0/65.8 62.10
100 LP-SIFT 71.1/81.6 77.37
SIFT 51.3/75.0 66.05
200 LP-SIFT 72.4/85.5 78.95
SIFT 56.6/71.1 65.00
300 LP-SIFT  65.9/81.6 73.10
SIFT 51.3/79.0 64.74

Classifier Performance In order to visually assess the classification performance
for the different classes on the test data, the classifier scores for each image have been
ranked in descending order, where the classifier confidence is highest for the first item
in this list and lowest for the last image. Figures and illustrate the top nine
images with the highest scores in each class for classification results using a codebook of

50 and 100 visual words respectively, where figures (a) and (b) correspond to a binary
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(e) Heart (SIFT) (f) Heart (LP-SIFT)

Figure 3.15: LP-SIFT Results. Top nine ranked images based on the classifier scores
on test data for Skull vs not Skull (a,b), Abdomen vs not Abdomen (c,d) and Heart vs not
Heart (e,f). SIFT features are used in (a) & (c) & (e) and LP-SIFT in (b) & (d) & (f) with
a codebook of 50 words.

classification for fetal skull versus other structures, (c) and (d) for the fetal abdominal
structures versus other structures and (e) and (f) show classification results for fetal

heart versus other structures, using the two features discussed in this paper.
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(e) Heart (SIFT) (f) Heart (LP-SIFT)

Figure 3.16: LP-SIFT Results. Top nine ranked images based on the classifier scores
on test data for Skull vs not Skull (a,b), Abdomen vs not Abdomen (c,d) and Heart vs not
Heart (e,f). SIFT features are used in (a) & (c) & (e) and LP-SIFT in (b) & (d) & (f) with
a codebook of 100 words.

It is interesting to note that using a larger codebook of visual words using the
LP-SIFT features has allowed for a diverse set of images to be selected. For example

the top nine fetal skulls selected using LP-SIFT with 50 codewords are all of similar
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structures as shown in Figure whereas the same setting with 100 visual words has
allowed for a wide variety of head structures to be selected as show in Figure [3.16]
Furthermore although generally increasing the number of visual words has resulted in
a higher classification accuracy, the performance gain was found to be only marginal
after 100 words. It is also important to note that classification results for the fetal
heart are better using the SIFT features. This may be due to the fact that fetal heart
is relatively small compared to the skull and abdomen and the pre-processing filters

might have removed necessary data.

Experiments on the Larger Dataset:

Three experiments were designed to evaluate the classification accuracy of the proposed
framework. The low-level feature computed in each of these experiments were: a)
LP-SIFT feature maps, b) SRF edge maps, and c¢) dense SIFT features without any
pre-processing. In each experiment, the model was trained on 850 randomly selected
images from each class (3400 frames over all classes) and tested on 350 randomly
selected unseen images from each class (1400 frames over all classes). The experiment
was repeated five times, each time with a different set of images selected for training
and testing. For each experiment the accuracy and mean average precision (mAP)
were calculated and their average over the five repetitions is reported. Precision is the
positive predictive value and is defined as the total number true positives divided by the
sum of all true positives and false positives detected by the classifier. Moreover, recall
describes the true positive rate and is defined as the total number of true positives
divided by total number of true positives and false negatives. Average precision can
be described as follows: given a ranked set of results for a query, precision is computed
at every correctly returned result (image) and then the average is computed. This is

done over the results for all the four classes to compute mAP.
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Table 3.5: Classification results on the larger dataset.

(a) Results using the dataset used in [130]

min/max Mean

Accuracy (%) Accuracy (%)
BoVWps  71.1/76.3 73.95
BoVWsgrr 75.0/86.8 80.79
BoVWo 54.0/76.3 67.37

(b) Classification using BoVW & FV encoding.

min/max Mean min/max  Mean

Accuracy (%)  Accuracy (%) mAP mAP (%)
BoVWrs  78.4/80.9 80.03 83.9/86.2  85.16
FVrs 97.7/98.7 98.10 99.3/99.8  99.49

BoVWsrr  83.6/84.7 84.07 88.1/89.8  89.12
FVsrr 97.7/98.1 97.88 99.5/99.6  99.52
BoVWo 86.0/88.8 87.12 90.8/92.1  91.50
FVo 98.5/99.4 98.90 99.8/99.9  99.85

FV versus BoVW encoding The results are summarised in Table where bold
font face indicates highest accuracy achieved. The mAP plot for one of the repetitions

is illustrated in Figure [3.17]

Initially we have followed [130] and used the same dataset to perform a four class
classification on feature symmetry (FS) maps. The mean classification accuracy and
the mean mAP achieved are 80.03% and 85.16% respectively using a BoVW approach
and 98.10% and 99.49% using the FV. As an alternative to FS, we used Structured
Random Forests (SRF) as outlined in Section [3.3.2] For this experiment, the mean
classification accuracy and the mAP achieved are 84.07% and 89.12% respectively
using a BoVW approach and 97.88% and 99.52% using the FV. Finally classification
was performed and evaluated on the original grey scale frames. The mean classification
accuracy and the mAP achieved are 87.12% and 91.50% respectively using a BoVW
encoding and 98.90% and 99.85% using the FV encoding framework.
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(f) FV original images

Figure 3.17: Comparing the mAV achieved using the BoVW and FYV.

3.7 Discussion and Conclusion

Ultrasound image acquisition and interpretation can be a challenging task for non-

experts. We have demonstrated that standardised, and possibly non-conventional

scanning protocols can be coupled with image analysis methods to extract useful in-
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formation from ultrasound videos, which can be used for making simple diagnostic
decision. The results suggest that the Fisher vector encoding of dense RootSIFT fea-
tures illustrates highest classification accuracy. Moreover, preprocessing can only add
value when the training datasets are small and the variation of the data may not be
captured. Finally, learning the edge representations using structured random forests
as a preprocessing step, can improve the classification performance compared to the
widely used feature symmetry filters in 2D ultrasound data. In this section mean av-
erage accuracy is reported for each experiment. This indicates the average accuracy
for the five-fold cross validation, averaged for all the classes involved. Although show-
ing the mean classification accuracy for each class could have been reported, given
that the conducted experiments involve the comparison of the skull class versus the
other, skull class versus abdomen, and also a four class classification, the individual
class accuracies have been omitted for clarity. Moreover, statistical significance is less
often reported in such settings. Such information could be useful for a more clinical
study, and the statistical significance could then indeed be used to compare the results
with the ones in this thesis to identify whether the gain or loss in accuracy has been

statistically significant.



Chapter 4

A Dynamical Model for Detecting
Sequences of Interest in an

Ultrasound Video

In this chapter we address the general problem of identifying video segments that con-
tain structures of interest based on their motion patterns. Furthermore, we demon-
strate that this approach can be used in conjunction with predefined free-hand sweeps
described in Chapter [2| (see Figure , to automatically identify the fetal presenta-

tion during the third trimester of pregnancy.
An early version of the work presented in this chapter has been reported in:

Maraci M A, Napolitano R, Papageorghiou A, Noble JA. Searching for Structures
of Interest in an Ultrasound Video Sequence. Machine Learning in Medical Imaging

workshop (MLMI), MICCAT 2014, Boston, USA.

Maraci M A, Napolitano R, Papageorghiou A, Noble JA. Searching for Structures
of Interest in an Ultrasound Video Sequence with an Application for detection of
Breech. Proceedings of the 24th World Congress on Ultrasound in Obstetrics and

Gynecology - ISUOG 2014, 14-17 September 2014. (Clinical Abstract)
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(a) Conventional standardised scan (b) Predefined free-hand scan

Figure 4.1: Obstetric scanning protocols. (a) Conventional standardised ultrasound
scanning protocol where a sonographer scans over multiple paths to locate the best visual
representation of the structure of interest for further analysis. (b) User follows a simple
predefined free-hand scanning protocol, where automated analysis is carried out on this data
to find the structure of interest.

4.1 Introduction

Encouraging results from observational studies have demonstrated that trained and
standardised healthcare workers in developing countries can perform as well as qualified
sonographers in terms of measurements reproducibility . Similarly, we reason
that novice sonographers can also be trained to perform specific and targeted obstetric
ultrasound diagnostic screening tasks through simple predefined scanning protocols
that are focused on specific conditions. This is of particular relevance to limited-
resource settings, where pregnant women may not be able to attend specialist centres
for obstetric care on regular basis, during the course of their pregnancy.

In this chapter, we focus on automatic detection of the fetal presentation as the
clinical application of interest. In order to fulfil this, a simple free-hand clinical ultra-
sound scanning protocol is defined| instead of the conventional obstetric scang?] that
are currently used in practice. The two types of scans are schematically illustrated in

Figure The predefined free-hand scans produce a 2D ultrasound video sequence,

We refer to this type of protocol as predefined free-hand.
2In the clinical setting this is referred to as a standardised scan.
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where sub-sequences of interest within the original videos (the sequences containing a
fetal skull in this case) are identified through their motion patterns and video dynam-
ics. Moreover, although the proposed clinical application in this chapter is a special
case of general ultrasound use, we believe that many clinical tasks that make use of
ultrasound, of which fetal biometry analysis is just one, could be performed using
simplified scanning protocols that can be readily learnt by novice sonographers.
It is worth noting that simplified ultrasound scans inherently contain limited amounts

of information and may not be applied to all types of conditions. Moreover, it is im-
portant to bear in mind that for any given task the necessary structures may be missed
out from a simplified scan, thus the operator would have to repeat the scan multiple

times. Analysis of data of this kind would require taking such limitations into account.

In order to analyse the evolution of dynamic scenes, Linear Dynamical Systems
(LDSs) provide a powerful and general framework for modelling temporal evolution
[54,[55,64],178,1208]. With such models, the task can be broken down into three main
parts. Firstly, extracting features that represent the dynamic context of a sequence
of frames. These are assumed to be the output of an LDS. Secondly, setting up a
recognition pipeline to identify and learn the LDS parameters for the corresponding
video sequences. Lastly, defining a metric between the system parameters to allow an
effective comparison between the models for classification. These steps are covered in
the following sections of this chapter. In what follows, the clinical application and the

image dataset are explained before discussing the method and results.

4.2 Clinical Task: Breech Presentation

As discussed earlier in Chapter [1, fetal presentation refers to the position of the fe-
tus relative to the maternal pelvis, in obstetrics. A fetus is said to be breech if its

head is farthest from the maternal pelvis, as illustrated in Figure 4.2 Knowing the
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Figure 4.2: Fetus in cephalic position (left) and breech position (right). The
red dotted arrow indicates the ultrasound sweep path. In a video obtained from the described
predefined free-hand protocol, identifying the fetal skull in the first part of the video is an
indication of the cephalic presentation.

fetal presentation prior to delivery can be extremely important for effective manage-
ment and planning of labour. Previous studies have shown vaginal birth of a fetus
in a breech position is associated with an increased risk of adverse neonatal outcomes
including morbidity from difficult delivery, low birth weight from preterm delivery,
growth restriction and even death [119]. Therefore, detection of the fetal head and
its relationship with the uterine major axis can be of great importance and is indeed
essential to reducing the likelihood of such outcomes. Identifying the relative position
of the fetal skull in an ultrasound video that has been acquired following a predefined
free-hand scan, such as Figure could be sufficient to identify whether a fetus is
in a breech position or not, during the third trimester of pregnancy. In this chapter,
we propose and describe a method to identify ultrasound image sub-sequences that
correspond to a fetal skull, based on their motion patterns as the basis of a clinical

viable protocol for determining fetal presentation.
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4.3 Image Dataset

Clinical fetal ultrasound video sweeps were acquired specifically for this study. The
ultrasound data sweeps are a stack of 2D frames in time, which constitute to a (2D +t)
dataset. Data acquisition was carried out by four qualified sonographers who were
trained for 10 minutes and asked to follow a simple standardised predefined-scanning
protocol as illustrated in Figure [£.IDb] It is important to note eventhough the data
acquisition is carreid out by expert sonographers, the scanning protocol is extremely
simple and novice sonographers are expected to be able to perform in a similar manner.
The participants were healthy volunteers at 28 weeks of gestation, that participated in
the INTERGROWTH-21%" project [157,210]. The clinical application discussed in this
chapter requires an in-depth explanation of the current practices and their limitation,

which are covered in this section.

4.3.1 Standard Plane in Ultrasound Obstetrics

The current standard practice of fetal ultrasound data analysis is based on acquisition
of key anatomical structures, satisfying a specific set of criteria. These criteria require
the 2D ultrasound images to be acquired in a particular ultrasound plane, subject to
the presence of key landmarks, and are referred to as the standard plane |179}[180].
As an example, Table describes the Salomon criteria [180] for the fetal skull, fetal
abdomen and fetal femur. This can be used to calculate a simple score to quantify
how well a 2D ultrasound image complies with the standard plane criteria. However
it is worth noting that given the single predefined free-hand acquisition protocol and
the relatively small size of the fetal heart structures, the probability of capturing key
structures in their standard plane can be low. Therefore other suitable metrics may
need to be defined for characterising acceptable forms of anatomical structures of

interest.
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Table 4.1: Scoring system for fetal ultrasound images as introduced by Salomon
et al. [180]. For each of the three fetal structure, presence of each measurement is associated
with a positive score.

Fetal head Fetal abdomen Fetal femur
measurements measurements measurements
Symmetrical plane Circular plane Both ends of the bone

clearly visible

Plane showing thalami Image shows the < 45° angle to the
stomach bubble horizontal

Cavum septum pellucidum  Image shows umbilical Femoral plane occupying

1/3 along midline echo vein along 1/3 of the at least 30% of the
abdomen total image size

Cerebellum not visible Kidneys not visible Callipers placed correctly

Fetal head occupies at least Abdomen occupies at least
30% of the total image size  30% of the total image size

Callipers and dotted Callipers and dotted
ellipse placed correctly ellipse placed correctly

4.3.2 New Criteria for Characterising Anatomical Objects

Given that video data are not necessarily acquired by experienced sonographers, the
visual appearance of anatomical structures may vary remarkably in different scans,
due to the inherent flexibility of the predefined free-hand scanning protocol. The
position and angle in which the ultrasound transducer is held directly affects the visual
appearance of anatomical structures. This is illustrated in Figure 4.3} where holding
the transducer at various angles can effect the appearance of fetal brain structures.
Moreover, Figure [4.4] shows the potential ambiguity in a typical predefined free-hand
sweep. As can be seen, the inter and intra-variation in appearance of the fetal skull,

abdomen and heart can be significantly high.

Therefore, it becomes particularly important to define a set of standardised metrics
in order to be able to formally characterise anatomical structures of interest. Although

similar metrics already exist for various anatomical structures, they are mainly defined
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Figure 4.3: Ultrasound probe’s position and angle. The appearance of anatomical
structures depends on the position and angle of the ultrasound probe. Here three different
planes of the fetal skull are illustrated, where different structures are visible on each plane.

Image adapted from .

for structures that have been captured in their standard plane and not for structures

that are out of their standard plane.

This facilitates reproducibility of data by different sonographers and also provides
the means to quantitatively evaluate the learning algorithm’s performance. Consider-
ing the clinical application of interest, it is of great importance that the fetal skull and
abdomen are captured as part of the acquired ultrasound video in order to detect the
fetal presentation. Capturing these anatomical structures in their standardised planes
is however not required, and is indeed highly unlikely. Therefore, in collaboration
with experienced sonographers, new criteria have been defined for characterising and
indeed recognising the fetal skull and abdomen in a predefined free-hand ultrasound
sweep. The criteria are schematically illustrated in Figures and Given that the
structures of interest can now be formally characterised, a method to automatically

identify video sequences that contain these structures is introduced in the next section.
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Skull Heart Abdomen

Figure 4.4: Fxzample frames extracted from a predefined-freehand sweep. Nine
borderline frames from a sweep are shown here. From top to bottom the 937¢, 100", 149"
and 156" frames are on the border of being labelled a fetal skull. Similarly, frames 215, 216,
217 and 218 and frames 241, 246, 248 and 252 are on the borderline of being labelled o fetal
heart and abdomen receptively.
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Figure 4.5: Accommodating criteria for fetal skull. The only necessary criterion is
presence of a semi-elliptical shape with or without the other standard key landmarks. The
criteria are set loosely and independent of the presence of key anatomical structures.

Umbilical Vein

Umbilical Vein Umbilical Vein

Figure 4.6: Accommodating criteria for fetal abdomen. A semi-elliptical shape is
required with at least one of the key landmarks. The criteria are set very loosely and are not
dependent on the presence of key anatomical structures.

4.4 The Dynamical System

Modelling motion in sequences with stochastic motion fields can be challenging. In

the biological visual perception, such motion patterns are generally seen as holistic
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phenomena. For example, it can be much simpler to visually identify a fetal heartbeat
from a consecutive set of frames - as a running video - rather than on disjoint 2D
images. Figure illustrates a set of frames that contain a fetal heart. As can
be seen, it is challenging to identify the fetal heart when the frames are looked at
individually. In our dataset, give that the standardised freehand scanning protocol is
followed during data acquisition, the probe motion is assumed to be a constant factor

throughout the dataset

Motion in a video sequence can be modelled using dynamical systems such as the
dynamic texture (DT) model introduced by Doretto et al. [54]. An advantage of using
this family of methods is that dynamics of the entire sequence are taken into account.
This is achieved by considering the motion patterns as samples from a stochastic
process, defined over some space and time [54,/55}64,/178,208|. The DT model is a
linear dynamical system that consists of an observed variable y; that determines the
appearance of each video frame, and a hidden variable x; determining the dynamics
in the video over time. In such a framework, both the observed and hidden variables
are representative of the entire image, thus allowing characterisation of motion for the

entire sequence.

The problem of modelling dynamic textures to capture the temporal behaviour of
moving scenes has been successfully addressed within the computer vision commu-
nity [54,117,208|. In addition, various extensions have been suggested in the literature
to capture complex non-linear or sudden motion patterns in a video including switch-
ing linear dynamical system models [154|, codebook elements in a bag of dynamical
systems [40,|171], and kernel functions and mixture models [32,33]. An advantage
of utilising kernel functions such as the kernel dynamic texture (KDT) approach, is
that as long as a suitable kernel is defined, features other than pixel values can be
used. The work of Chaudhry et al. [34] is an example of this, where the dynamics of

histogram features are modelled in a video. Recently, Kwitt et al. [107] adopted this
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Figure 4.7: Fetal heartbeat as a continuous sequence. The motion patterns can
play an tmportant role in detection of certain sequences. For example in this sequence it is
challenging to find and located the fetal heart on any single frame. However, it can be seen
easily through a continuous sequence, through its distinct motion patterns.

approach for object localisation from phantom ultrasound video sequences. In their
study, a number of key sequences that contain the structures of interest are acquired
and their model parameters are computed and stored as reference points. During test
time, model parameters are then calculated for the unseen test sequences and com-
pared to those of the key sequences using the Martin distance [46,{133| metric, which
is calculated in terms of the parameters of the state-space models and is explained
later in this chapter. In the next section, we briefly explain the DT model, which is

fundamental in understanding the KDT model used in our work.
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4.4.1 Detecting Sections of Interest

Given an ultrasound image sequence of T' video frames, {y;}._,, the feature trajecto-
ries of {y;}_, can be modelled as the output of an LDS. We follow Doretto et al. |54
for computing the system parameters, which models pixel intensities in each frame
as the output of an LDS. However, instead of using raw pixel intensities as in [54],
our framework consists of a pre-processing stage to produce a contrast-invariant rep-
resentation of anatomical structures by constructing a feature symmetry map for each
frame.

Recall from Chapter that the feature symmetry (FS) and signed feature symmetry
(SFS) maps of a 2D image can be constructed using the monogenic signal |62, which
is composed of an even-symmetric bandpass image filter (log-Gabor filter in this case)

denoted by even(x,y), and two odd-symmetric filters formed from its Riesz transform

denoted by odd(x,y). Formally FS is defined as:

S(.y) Z |levens(z,y)| — |odds(x,y)| — Tk (4.1)
Veveng(z,y)? + odd,(z,y)? +¢

and SFS is defined as:

SFS(z,y) = | levens(z,y)| — |odds(x, y)| — Ts]
) \/evens(x’y)Q + oddg(x,y)? + €

-sgn (eveng(x,y)), (4.2)

where s is the scale of the band-pass filter, € is a small positive constant to avoid division
by zero, |.| denotes replacing negative values with zeros, T is noise compensation

threshold, and sgn(z) is the signum function.

The Dynamical Model

In particular given an LDS model, the appearance of each video frame is determined

through the observed variable y, and the motion and dynamics in the video over a
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Figure 4.8: The dynamic texture model graphical representation. In this model x;
and y; are the hidden state and observed video frame at time t respectively.

given time is determined through the hidden-state variables x, which are sampled from
a Gauss-Markov process. In such a model it is assumed that the observed frame at any

given time can be constructed from a linear combination of the hidden state variables.

More formally, given an ultrasound sequence S of T" video frames, let S = [y, ..., y7],
where y; € R? is the frame observed at time ¢. It is assumed that at each time instant
t, a noisy version of the image can be measured such that y(t) = S(¢) + w(t), where
w(t) € R? is an independent and identically distributed (i.i.d.) sequence drawn from
a known distribution, resulting in a sequence y(t) € R for t = 1,...,T. Therefore the

state and observed variables are related through the LDS that is defined by:

Xip1 = AXy + vy,

(4.3)
y: = Cxy +wy + .

Here x; € R" is the state of the LDS and y; € R? is the observed pixel intensities at
time t. Matrix A € R™*" is the state transition matrix that describes the dynamics
of the state evolution and C € R¥™ is the output matrix (contains the principal
components learned with [54]), and ¥ is the mean of the dynamical texture sequence.
The state noise process, v, has zero mean and has covariance Q, v, ~ N (0, Q) where
Q € R™™ is a positive definite matrix. Similarly the observation noise w; is derived
from a zero-mean Gaussian distribution with covariance R, w; ~ N(0, R) for a positive
definite matrix R € R%¢, The dynamic texture model can be represented by the

graphical model in Figure [£.§

In an LDS model such as Equation it can be seen that the choice of matrices
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A, C, and Q are not unique. Consequently, many such matrices could result in the
same output y,;, given an appropriate initial condition. As shown in [54], in order
to identify a unique model from a sequence y;, a canonical model realisation needs
to be selected to be able to uniquely represent each model. Therefore it is assumed
that d > n and rank(C) = n in Equation [4.3] thus a canonical model that makes
the columns of C orthonormal is chosen such that: CTC = I,,, where I is the identity

matrix with dimensions n X n.

The problem can now be formulated such that given a sequence of measurements,
S = |y1,...,¥7|, we have to estimate A, C, Q,f{, a canonical model of the process
S. We follow the least-squares algorithm proposed in [54] for estimating the system
parameters. In this framework given the observed video sequence S = [y, ..., y7], the

sample mean is estimated by:
T
_ 1
SR %3
t=1
and subtracted from the sequence such that S = V1, ..., ¥r|, where y, =y, — y, Vt.

From here on S will be denoted as S unless otherwise stated.

Model parameters are then estimated using singular value decomposition (SVD)
such that, S = UXVT, where the output matrix C is estimated from the ¢ principal
components of largest eigenvalue. Therefore C = [uy,...,u.], where u; is the i-th
column of U, assuming the diagonal entries of 3 are in descending order. The state-

space parameters are estimated such that:

which leads to the least-square estimate of the state-transition matrix

A= X2:T(X1:T71)T-



CHAPTER 4. DETECTING SEQUENCES OF INTEREST 87

Here X = XT(XXT)~!, which represents the Moor-Penrose pseudo-inverse of X.

Kernel Dynamic Texture Model

In this thesis, we use a kernel dynamic texture (KDT) model as initially suggested
in [32,/107]. In this model, the evolution of the hidden states are kept linear but in
order to capture the dynamics of the video the output matrix C is replaced by a
non-linear observation function C' : R® — R¢, utilising the kernel principal component
analysis (KPCA). With PCA [57|, data is projected to the linear subspace that best
captures the variability of the data. However KPCA is able to project the data onto
non-linear functions in the input space, thus transforming the data into some non-

linear feature space and then applying standard PCA in feature space.

Given the same ordered ultrasound sequence S and a kernel function k(y;,y2) with
associated feature transformation < ¢(y1), ¢(y2) >, the kernel principal components
are the eigenvectors of the covariance matrix of the transformed data ¢(y;). Assuming
the data in the feature space is centred (has zero mean in the feature space), the c-th

kernel principal component in the feature space can be represented as [182],

T
kp, = > ic0(yi), (4.4)
=1

where ;. represents the i-th component of the c-th KPCA weight vector and a,. =
ﬁkpm assuming the eigenvectors are sorted in descending order of the eigenvalues
{\}L,. Here )\, and kp, are the c-th largest eigenvalue and eigenvector of the kernel
matrix K with entries [K};; = k(y;, y;). Moreover, the scaling of the kp, ensures that
the principal component in the feature-space has unit length. Finally, given a training

data sample y;, the c-th KPCA coefficients z.; can be computed as the projection of

y; in the feature space ¢(y;) onto the principal component kp, such that,
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T

i=1
The KPCA coefficients X = [xy,...,xr] and the state transition matrix A for the

training set Y can then be estimated as,

X =a'K,
(4.6)

A= [Xh ) XT—I][X07 "'7XT—2]T7

where @ = [ay, ..., ] is the KPCA weight matrix of the first ¢-th principal components

and X' is the pseudo-inverse of X.

4.4.2 Distance Metrics for Comparing LDSs

Given a KDT model estimate for each sub-sequence, a suitable metric needs to be de-
fined to assess similarity between any two models. Prior work on comparison metrics of
LDSs vary from metrics based on subspace angles between the observability subspaces
of the systems [46] to metrics based on the Binet-Cauchy kernels [14,214] and finally
metrics based on the KL-divergence of the probability distributions of the stochas-
tic processes [|31]. A full comparison of these classes of metrics is outside the scope
of this thesis. However, Chaudhry et al. [35] showed that the metrics based on the
Martin Distance and Binet-Cauchy maximum singular values kernel performed best
on a number of different applications. In this framework during the training phase,
a kernel function is defined based on a distance metric, between all the videos in the
training set. The kernel function indicates the similarity between any two sequences
and is used to train a classifier. During testing, the same kernel function is used to
create a kernel distance matrix between the test videos and those in the training set.
The trained classifier is then used to classify the sequences in the test dataset, based
on the values of the kernel distance matrix. In what follows, the distance metrics used

in this chapter are discussed in more detail.
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Distance Metrics Based on Subspace Angles
Martin Distance

The Martin distance was initially defined by Martin [133] and later introduced by
De Cock and De Moor [47] as a metric for measuring similarity between models of
auto-regressive moving average (ARMA) processes. This metric was first used by
Saisan [178| as a similarity measure between two dynamic texture models, where the
metric is based on the principal angles between the observability subspaces of models.

Formally given M; = (A;, C;) for two dynamic texture models ¢ = 1 and i = 2,
defined by their parameters A; and C; with model order n, the Martin distance is
defined as;

A (M, M3)* = —lochosz(Qi) (4.7)
i=1

where 6; is the ith principal angle between the extended observability matrices O; and

O, which are defined as;

for i = 1,2. As shown in |47], the principal angles can be computed as the solution to

the following generalised eigenvalue problem:

0 012 x 011 O X
(012)T 0 Yy 0 Oy Yy

subject to 7Oz = 1 and yTOqy = 1, where

inf
0;; = (0,)70; = Y (A})TCIC;A! (4.9)

t=0

for e = 1,2 and j = 2,1. It was further shown that the first n largest eigenvalues are
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the cosines of the principal angles, thus \; = cosf; for « = 1, 2, ..., n, therefore

dp (M, M3)* = —2 Xn: log(\;) (4.10)

Furthermore the infinite sum in equation can obtained by solving the corre-

sponding Sylvester equation, which may be solved using standard numerical packages:

Extending the above definition of the Martin distance to a kernel dynamic texture
can be intuitive by considering that the kernel dynamic texture is just the same as
a dynamic texture model, with the difference that it has been learned in the feature
space of a kernel. Therefore the inner product between the principal components in the
linear model, C7C, can be replaced with a kernel principal components in the feature
space. As show in [32] both kernels must however induce the same inner product in

the same feature space.

To illustrate with an example, given two data sequences {y”} Y= and {ygb)}fvz”l with
two corresponding kernel functions k, and k, with feature transformation functions

¢(y) and 9 (y) respectively, such that:

ka(y1,¥2) = (d(y1), 6(y2)),  ko(y1,¥2) = (¥ (y1), ¥(y2))- (4.12)

Applying Kernel PCA to each sequence with their corresponding kernels yields
KPCA weight matrices o and 3 receptively, thus the cth and dth KPCA components

in each feature space is given by:

N, Ny
u= b)), wi=Y Bat(y”). (4.13)
=1 i=1

We can now define the inner-product between the KPCA components as follows:
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uca ud < Z Q; cgb (a) Z 6@ (b) >
Nq Nb

—Zzazcﬁldg ] >y] )

=1 =1

= OéIGﬁd.

where g(y1,y2) = (¢(y1),¥(y2)) and G is the corresponding matrix with entries G, ; =
g(yga), ygb)). As show in [32], the function g can be computed if the two kernels have
compatible feature-spaces, i.e. the two kernels induce the same inner-product in the

feature-space. Therefore the inner product matrix between all KPCA components is:

F =a'GS, (4.14)

which takes the place of C;7C; in Equations [£.9) and [4.11]

Distance Metrics Based on Trace Kernels

BC-Max Singular Value Kernel

As previously mentioned, the SVM classification algorithm can be used on distances
as well as kernels. To capitalise on this property, Vishwanathan et al. introduced
a family of kernels for LDSs, called the Binet-Cauchy (BC) kernels [214]. From this
family of kernels, the trace kernel K74 for comparing two infinitely long centred
Euclidean sequences represented by LDS models M = (z¢,A,C,Q,R)) and M’ =
(x5, A, C", Q' R’) is defined as:
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K};DS({ytz?iO}a {ch:io ): KEDS(Mv M,)

> NyT yé] :
t=0

=Eyw

where A is a weight factor between 0 and 1 and E is the expected value of the infinite
sum of inner products with respect to the joint probability distribution of v; and wy.
Furthermore it was shown in [214] that if the two systems have the same underlying
independent noise process with covariance Q and R for the state and output process

respectively, the BC trace kernel can be computed in closed form as:

Kips(M, M) = x{Px) + %tr&ce(QP +R) (4.15)
where
P=> \(A"CTC'A" (4.16)
t=0

If A[|A]] [JA’|]| < 1, P can be computed using the Sylvester equation [214] as:

P = A'PA’ + C'C' (4.17)

As a result of learning the system parameters following |54], the solution involves
computing the matrix of pairwise inner products of the principal components of the
two data matrices. This was extended to non-linear dynamical systems (NLDS) by
Chaudhry et al. [34], where the trace kernel is now calculated as the expected value
of an infinite series of weighted inner products between the outputs in an embedded

high-dimensional space using the map W as:
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Knrps(M, M) :=Ey w Z AV (ye) T (yy)
t=0

Z Atl{:(yta y;):|
t=0

- IEv,w

Furthermore similar to the case of the Martin distance, CTC’ is now the product
of matrices from kernel principal components rather than the principal components in

the linear LDS. A BC-trace kernel for NLDSs is then suggested in [34] as:

_ by _
Knpps(My, My) = ngxg + ] )\tmce(QP +R), (4.18)

where X, is the initial state of the system, P = > 7 \,(A})TFA?, F is the inner
product matrix between all the KPCA components and Q and R are the state and
output covariance matrices. To remove the dependency on the initial state and the
noise process, Chaudhry et al. [34] proposed the BC maximum singular value kernel
for NLDSs as K§; g = max o(P), where o represents the singular values kernel, to

take into account only the dynamics of the NDLS. Thus a normalized kernel of the

similarity values can be constructed such that K(Mjy, My) =1 if M; = M, as

K(My,M,)
\/K(Ml, Ml), K(Mz, Mz)

K (M, M,) = (4.19)

A distance can now be computed as d(M;, Ms) = 2(1— K (M, M,)) and classification

is then carried out using these values.
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Contact the author for images

Figure 4.9: Snapshots of three key structures at two time points on the noodle
phantom. Key structures are short sequences from arbitrary locations on the
noodle phantom. Image adapted from [108].

4.5 Experiments and Results

Experiment One

This experiment was designed to illustrate the capabilities of the proposed method on
phantom and clinical data. The phantom data was provided by the authors of [107] and
enables direct comparison with that work. The clinical data was generated specifically
for this experiment and consisted of two 2D fetal ultrasound sweeps each acquired

from 35 subjects. Clinical data acquisition was carried out as previously outlined in

Section 4.2

Phantom Study Comparison This experiment allowed a systematic comparison
between Martin distance (MD) as utilised in [107] and the BC maximum singular values
kernel distance proposed in our work, on data from a home-made noodle phantom made
of gelatine with embedded Soba noodles. Figure shows snapshots of the phantom.
The task was to detect key structures in the noodle phantom. For this purpose, two
different datasets were constructed. The first dataset is composed of short (40 frames)
ultrasound key sequences captured by moving the transducer over three different key
structures that are going to be detected. The key structures are set arbitrary from
random parts of the noodle phantom and do not signify any particular structures. The
second set contained longer sequences of ultrasound data acquired along multiple paths
at arbitrary directions, which simulated search paths for any of the key sequences.
Moreover the method described in [107] was re-implemented - without applying our

feature symmetry data enhancement step - to estimate the MD model parameters and
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to carry out sequence classification. As in [107], Average Precision (AP), mean AP
and mini/max AP are reported, and the experiment was repeated for an LDS model
with 2, 5, and 8 states.

Results from the phantom study experiment are summarised in Table Con-
sistent with the findings of [107] for the Martin distance, a 5-state KDT model yielded
the best performance. The highest mAP achieved on the phantom dataset using the
Martin Distance was 51.14% (5-state KDT model). In general, results obtained using
the BC similarity metric were much higher compared to those of the Martin distance.

The highest mAP achieved using the BC metric was 70.14% (8-state KDT model).

Clinical Data Comparison A similar experimental protocol to the phantom study
comparison was followed for the clinical data evaluation with the following changes.
The goal here was to detect the sequences that contain the fetal head. The acquisition
protocol was as described in Section [£.3] The training and testing sequences were
selected to be 20 frames long, and were labelled positive if they contained the fetal
skull and negative otherwise by the author and confirmed by an expert obstetrician.
The data was constructed from a pool of 70 videos, obtained from 35 participants (two
sweeps from each participant). Furthermore, an SVM classifier was trained to identify
sequences of frames that contained the fetal skull. For the purposes of measuring the
performance of the classifier, the average precision (AP) value was calculated for each
classification outcome as in [108], and to summarise these statistics, the mean average
precision (mAP), and the mean classification accuracy (mCA) are calculated over a
10-fold cross-validation.

Tables and summarise classification results for sub-sequences of 20 frames
long. As shown in table without the pre-processing step, the best results were
achieved with a 5-state KDT model (mAP 90.56%, mCA 85.03%) in comparison to
when the frames are pre-processed, where the motion in the video is best described

with a 2-state KDT model (mAP 95.85%, mCA 90.21%) using the BC singular value
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Figure 4.10: Method schematic overview. Given an unseen test video as in step A,
it is treated as an LDS and its model parameters are estimated in step B. A distance kernel
1s computed between the test and training model parameters using an appropriate distance
metric in step C. Finally, in step D a pre-trained classifier is used to classify the test video
using the distance kernel from step C.
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kernel. Generally when filtering is not applied, increasing the number of states from 2
to b increases the classification accuracy, however a further increase to 8 states leads
to a decrease in performance. This can be explained by the fact that when KPCA is
used, the main dynamics of the video are best described using the first 2/5 eigenvalues
for the filtered /raw frames respectively, therefore additional eigenvalues capture a very
small portion of the variation in the feature space, thus resulting in noisier KDT model

parameter estimates.

Experiment Two

The experiments described in this section are designed to show the gain in classification
accuracy when feature symmetry and signed feature symmetry maps - as explained
in Section [4.4.1| - are utilised on real-world clinical data. The proposed classification
framework is schematically illustrated in Figure As such, the framework was

designed to identify sequences that contain the fetal skull from the rest using an SVM
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Table 4.2: Classification on the phantom dataset(a) and the raw clinical (b) and pre-
processed clinical (c¢) datasets using 10-fold cross validation as previously reported in [129)].

(a) Phantom study comparison

State  mAP  min/max AP P/R, a=0.05

m %) (%) (%)
D, 2 452  085/729 53.4/45.3
5 511 18.2/84.5 45.6/50.4
8 320  01.2/724 61.9/34.0
D, 2 622  24.9/80.8 67.4/59.9
5 680  27.7/88.3 69.9/68.3
8 701 26.8,/90.4 77.4/51.8

(b) Clinical data (no preprocessing)

State mAP min/max AP mCA
() (%) (%0) (%0)
D, 2 23.9 20.3/25.9 65.8
5 21.5 20.3/22.9 67.5

8 23.8 22.7/26.3 63.6

Dy 2 87.3 79.6/91.4 82.8
5 90.6 87.0/93.9 85.0
8 76.3 57.7/87.9 77.0

(c) Clinical data (preprocessed)

Keys
State mAP  min/max AP mCA Precision TP/ (TP FP)
(n) (%) (%) (%) Recall TP/(TP+FN)
D,, 2 17.3 14.0/19.6 61.8 AP Average Precision
5 29.5 26.9/33.4 44.7 mAP Mean Average Precision
8 20.7 19.0/22.0 62.7 P/R Precision/Recall
Dy, Martin Distance Metric
D, 2 95.9 94.1/96.8 90.2 Dy Binet-Cauchy
5 86.6 79'2/95'1 78.6 Singular Value Metric
] 79.8 49.8/94.6 81.2 mCA mClassification Accuracy

classifier. To train the system, these sequences have been extracted from long ultra-
sound sequences acquired from a predefined free-hand ultrasound sweep of a mother’s
abdomen, as described in Section [4.3]

A dataset of positive and negative examples was constructed for this experiment.

From the overall number of ultrasound videos acquired, a total of 162 sub-sequences
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with a duration of 40 frames were selected as the positive samples and 314 sub-
sequences of the same length as the negative samples. Here, positive samples are
defined as sequences that contain the fetal skull in all the consecutive frames and neg-
ative samples are defined as sequences that do not have any frames of the fetal skull.
For the purposes of measuring the performance of the classifier, the classification ac-
curacy and the average precision value was calculated for each classification outcome.
The experiment was repeated multiple times with the number of model states rang-
ing from 2 to 10 and the centre-wavelength of the log-Gabor bandpass filter used for

constructing the feature symmetry was varied from 5 to 20 pixels.

Table 4.3: Classification results for the clinical dataset using Martin distance
and BC-mazx singular values kernel metrics.

n2 n3 n4 nod n6 n7 ng n9 nlo0

Martin Distance Metric
RPI 68.3 68.3 68.3 683 683 683 683 683 68.3
FSy—109p 60.6 60.6 599 606 61.3 60.6 60.6 60.6 60.6
FS—15 064.8 648 648 648 648 64.8 648 64.8 064.8
SFS(y—19p 61.3 064.8 648 61.3 66.2 648 61.3 63.4 064.8
SFS—15 61.3 71.1 69.0 61.3 711 71.1 613 71.1 711

Binet-Cauchy Metric

RPI 676 754 T79.6 775 76.1 831 704 69.0 69.0
FS—10p 789 789 845 852 852 859 768 592 782
FS—15 79.6 873 830 91.5 93.0 655 725 648 0648
SFS(,—10p 852 859 86.6 852 894 873 86.6 83.0 90.8
SFS(,—15y 87.3 88.7 87.3 859 90.1 894 B86.6 90.8 87.3
RPI: Raw Pixel Intensity
(S)FS: (Signed) Feature Symmetry

The results illustrate that using the signed feature symmetry instead of the raw
pixel intensities increases the classification accuracy of the proposed framework as
shown in Figures and This can be explained by the fact that such prepro-
cessing provides a smooth intensity invariant representation of structures in ultrasound
sequences and can reduce the impact of speckle patterns and contrast variations that

occur due to shadowing between images.
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Similarly the bottom row of Figure illustrates the results for using the signed
feature symmetry with o values of 10, 15, 20 and 30 pixels and model orders of N =
2 to 10. Although the highest classification accuracy (93%) has been achieved using
FS with ¢ = 15 and N=6, the classification results are consistently higher for signed
feature symmetry data as the number of model states increases. Here the highest
accuracy for SF'S has been achieved for a o value of 15 and a model with 9 states
(90.8%). The settings that have given the best performance are summarised in Table

and their corresponding precision-recall curves shown in Figure
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Figure 4.11: Variation of classification accuracy for the two distance metrics
when using feature symmetry. Classification accuracy is shown (y-azis) using a system
order of n=2 to n=10 (x-axis). The plot shows the effect of changing model order when using
the pizel intensities versus using the feature symmetry maps of centre-wavelength=>5 to 20.
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Variation of classification accuracy for the two distance metrics

when using signed feature symmetry. Classification accuracy is shown (y-axis) using
a system order of n=2 to n=10 (z-axis). The plot shows the effect of changing model order
when using the pizel intensities versus using the signed feature symmetry maps of centre-

wavelength=10 to 30.
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Figure 4.14: Precision-Recall Curves. FS with center-wavelength of 10(top left ) and
20 (top right) for Model order of n=2 to 10 and SFS curves with the same settings at the
bottom.

It is important to note that large o values will smooth the image excessively and

this can have an adverse effect on the classification outcome.

This is illustrated in

Figure [{.11] Furthermore, Figure [1.13] illustrates the effect of various o values when
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using feature symmetry and signed feature symmetry on a number of example frames.
Moreover, given that the duration of the sequences are not long, increasing the system
orders leads to a decrease in accuracy and potentially over-fitting as the LDS systems

become unstable.

4.6 Conclusion

Ultrasound image acquisition and interpretation can be a challenging task for non-
experts. This chapter presented a method, validated on both phantom and real-world
clinical data, to identify short sequences of interest as a first step to tackle this grand
challenge. The results demonstrate that our proposed method outperforms previous
work on structure detection in ultrasound videos.

In summary, we have proposed a general framework for ultrasound video analysis,
motivated by our interest in ultrasound in pregnancy and perinatal care, which couples
standardised, and possibly non-conventional scanning protocols, with image analysis
methods designed to extract predefined useful information from ultrasound videos. As
a specific application, this framework can be used for the detection of breech presenta-
tion, in pregnancies of 28 week and older, given the data predefined scanning protocol.
We emphasise that the accuracy achievable in other applications will be dependent on
both the choice of scanning protocol and to a lesser extent (in our experience) on the

ultrasound equipment.



Chapter 5

The Clinical Application Of Analysing
Linear Ultrasound Video Sweeps:

Detecting Fetal Presentation and

Heartbeat

5.1 Introduction

Confirmation of pregnancy viability (presence of fetal cardiac activity) and diagnosis
of fetal presentation (head or buttock in the maternal pelvis) are the first essential
components of ultrasound assessment in obstetrics. The former is useful in assessing
the presence of an ongoing pregnancy and the latter is essential for labour management.
In this chapter, we describe an automated framework for detection of fetal presentation
and heartbeat from a predefined free-hand ultrasound sweep of the maternal abdomen,
based on the framework presented in Chapters[dand[3] This is a step towards enabling
novice sonographers to identify high-risk pregnancies. Throughout our experiments,

we illustrate the clinical value of the proposed framework on a challenging ultrasound
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video dataset.

An early version of the work presented in this chapter has been reported in:

Maraci MA, Bridge CP, Napolitano R, Norris T, Aye CYL, Molloholli M, Pa-
pageorghiou A, Noble JA. Towards Automating the Six Step Basic Ultrasound Scan.
Proceedings of the 25th World Congress on Ultrasound in Obstetrics and Gynecology
- ISUOG 2015, 11-14 October 2015, Montreal, Canada. (Clinical Abstract, Selected
for Oral Communication and Conference Press Release)

Maraci M A, Bridge CP, Napolitano R, Papageorghiou A, Noble JA. A Framework
to Analyse Linear Ultrasound Videos for Detecting Fetal Presentation and Heartbeat.

Submitted to Medical Image Analysis.

5.2 The Framework

The full algorithm we have developed is shown schematically in Figure In step A,
a multi-class discriminative classifier - trained using the data in T* - is deployed to
categorise ultrasound data into four classes of fetal structure: skull, abdomen, heart
and “other". At test time, given a set of unseen video frames, a pre-trained classifier
is used to categorise the data into the four classes. Considering the typical heartbeat
frequency of a fetus and scan speed (30 fps) employed in this work, it is assumed that
fetal heart motion can be captured in at least 30 frames, if it indeed exists. Therefore,
if 30 or more consecutive frames are classified as a fetal heart in step A, they are passed
on to step B to identify whether the fetal heart beats or not. In this step, a kernel
dynamic texture classifier is trained based on training sequences in T®B, where positive
samples in the training set are short videos of a beating fetal heart, and negative
samples are sequences that do not contain a fetal heartbeat. Moreover, it is important
to note that as the ultrasound videos are intentionally kept simple and general, the
likelihood of having a long sequence of a fetal heartbeat is low. The next subsections

describe each of steps in more detail.
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Figure 5.1: The main steps of the framework. Given a new training video, all the frames are first classified into “skull”,
“abdomen”, “heart” or “other”. If a set of consecutive fetal heart frames are detected in step A, they are further analysed in step B to
identify whether a heartbeat can be found. In step T, the green colour represents the training dataset of frames corresponding to the
fetal abdominal class, yellow indicates the training dataset of fetal hearts, red indicates the dataset of fetal skulls and white indicates
the dataset of frames which belong to the “other” class.
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Classifying Ultrasound Video Frames

As part of the first step, each video frame is represented through a FV encoding
[160L[161] of a set of dense rootSIFT features as described in Chapter [3} A pre-trained
SVM classifier then categorises each video frame into fetal skull, fetal abdomen, fetal
heart or other structures. Furthermore, the results are concatenated to characterise

the entire video.

As the data used in this study consists of an ordered sequence of frames, tempo-
ral information is used to regularise the classification results. In order to utilise this
temporal information a conditional random field (CRF') graphical model [109] is con-
structed, where each frame of the video is represented as a node in the graph. Here
the classification scores for each frame are converted into probabilities and used as the
node potential in the graph. This setting will smooth out the classifier scores by taking
into account the neighbouring frames, where the joint probability of an assignment to
all the nodes f; (variables) is defined as the normalised product of a set of non-negative

potential functions as follows,

N E
p(f1, forooes ) = 1/ Z ][ 61(F) [ ] (fess fer)- (5.1)

Here we have a potential function for each node i, ¢;(), and edge e, ¢.(), in the
graph where (f,,, fc,) represents an edge between nodes j and k. As each frame of
the video is treated as a node in our graphical model, the node potential ¢;() for that
frame is set to the probability scores obtained from the first step. The edge potential
function ¢.() between any two nodes is the probability of a node transitioning from
one state to another and has been empirically set based on the videos in the training
dataset. Moreover, Z is the normalisation constant to ensure the distribution sums
to one over all possible joint configurations of the variables. Finally, the Viterbi [66]

algorithm is used to find the most probable classification result for each frame.
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Localising Fetal Heart

The frame classification procedure described above is able to identify the frames con-
taining the fetal abdomen. But in order to assess fetal viability, it is desirable to
detect the location of the heart within these frames. This task is complicated by the
fact that, in our predefined-freehand scans, the orientation of the heart relative to the
probe is variable and unknown. We therefore chose to make use of rotation invariant

detection methods as suggested in [21].

Rotation Invariant Features

The method is based on the use of a set of complex-valued rotation invariant basis
functions, b, that have a particular form that is described in polar coordinates (r,0)
by the product of a radial profile p(r) and a Fourier basis on the angular coordinate,

0 [21,[118):

bjk(r,0) = pj(r)eikg (5.2)

for 0 <r <R, 0 <80 < 2w, where j indexes a set of different radial profiles, p;(r).
Notice that, while the form of the radial profile is general, the angular part of the
separable form of the basis function must be the Fourier basis in order to achieve the
desired rotation invariance. Figure illustrates a set of basis functions.

In order to use the framework with a vector-valued image representation (such as
the gradient), v(p), we must first express the orientation of the vectors in a Fourier
orientation histogram. This represents an orientation histogram as a truncated set of
M Fourier series coefficients, rather than a set of discrete bins. The m'" coefficient at

image position p is:

cm(pP) = Hv(p)||e’imarg(”(p)), m=20,1,..., M. (5.3)
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Figure 5.2: Set of profiles and basis functions with j =3, k=4 (only k > 0 dis-
played). The saturation and hue represent the complex magnitude and argument respectively.
Image adapted from [21]

When working with discrete images, we sample the basis functions on a rectangular
grid and use them as a filter kernel on the Fourier histogram images. One feature with

parameters j, k, m describing the window centred at position (x) is therefore given by,

Djkm(P) = bjx(P) * cm(P), (5.4)

and a complete description of a window is built up by using a number of such basis
functions. In our experiments, parameters j, k, m are empirically set to 6,4, 4 respec-
tively. As a result of the shift property of the Fourier series, the complex magnitude
of the resulting features are analytically invariant to the orientation of the underlying

image.

For classification of each window as heart or non-heart we use a linear SVM classifier
with the rotation invariant quantities as input. At test time, each pixel in each frame
is assigned a classification score as the output of the SVM classifier, reflecting the
probability of belonging to a heart. For each image location, we simply sum these
scores across frames to get a total score for each pixel, and choose the pixel with the

highest score to be the location of the centre of the heart.
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Detecting the fetal heartbeat

Once the video frames that contain a fetal heart are identified and the heart is localised,
consecutive frames are compiled into shorter sub-sequences. To identify whether a
fetal heartbeat motion can be detected in these sub-sequences, the feature trajectories
(dynamics) of the sequences of frames, {y;}L_,, are modelled as the output of a linear
dynamical system (LDS). We follow Doretto et al. [54] for the system identification
of the model as described in Chapter [d In this model, the appearance of each video
frame is determined through the observed variable and the motion and dynamics in
the video over a given time is determined through the hidden-state variables, which
are sampled from a Gauss-Markov process. Furthermore, the observed frame at any
given time can be constructed from a linear combination of the hidden state variables.

Estimating KDT model parameters is explained in more detail in Chapter [4]

Distance Metrics

Given a KDT model estimate for each sub-sequence, a suitable metric now needs to
be defined to assess similarity between any two sub-sequence models. As discussed in
Chapter ] prior work on comparison metrics of LDSs show on a number of applications
that the similarity metrics based on the Martin Distance and Binet-Cauchy maximum
singular values kernel produced the best results [35]. Moreover, we have previously
shown [129] that the Binet-Cauchy maximum singular values kernel produced superior

results on medical ultrasound data, and it was also used here in our experiments.

5.3 Experiments and Results

Experiments were designed to evaluate the accuracy of the proposed framework to
detect the fetal presentation and heartbeat. From the total of 323 ultrasound video

sweeps, 60% (194 videos) were used for training in the framework and the remaining
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- The Gestationa Ages (GA) of the Fetal Cohort
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Figure 5.3: Gestational age spread of the diverse clinical fetal cohort. Bar chart
of the number of subjects with unknown gestational age and gestational age of younger than
26 weeks (on the left) and bar chart of the number of subjects at each gestational age (on the
right).

40% (129 videos) were used for testing. The participants were from a diverse set
of ethnic backgrounds and at various stages of pregnancy. The data acquisition was
carried out using a Philips ultrasound probe as described in Chapter [3] Furthermore,

the distribution of the fetal ages in this dataset are illustrated in Figure. [5.3]

From 129 test videos, 58.9% contain the fetal skull and abdomen structure, which
are essential for detecting the fetal presentation. Moreover, 37.9% of the test videos
did not contain either the fetal skull (11.6%) or the fetal abdomen (26.3%) and the
presentation could not be detected in them. Finally, only 26% or (84,/323) of the entire
dataset contain a fetal heart sequence of 30 frames or longer. In what follows, the first
experiment evaluates the accuracy of the frame classification task. Given the entire
set of collected ultrasound videos, a dataset of 4 classes (fetal skull, abdomen, heart,
other) was constructed, where all the individual frames containing any of the four

classes are extracted and placed in the appropriate class and the classification accuracy
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reported. The second experiment evaluates the accuracy of fetal heart localisation in
the relevant frames and the third experiment evaluates the accuracy of detecting the

fetal heartbeat.

5.3.1 Classification of Individual Frames

SIFT patches of 8x8, 16x16, 32x32 and 64 x64 pixels with a stride of 4 pixels on each
240 x 320 image were calculated, repeated at 9 different scales with a scaling factor
of /2. Moreover as ultrasound data is only visible within the ultrasound fan (field of
view), SIFT features were only computed within a bounding box around this region
to reduce the chances of calculating redundant features. A schematic of the different
size descriptors is presented in Figure where the red box indicates the bounding
box regions in which the SIFT descriptors are computed. Classification results are
summarised in Table As in [96], the features are decorrelated and reduced in
dimensions from 128D to 40D and also square rooted as this has been shown to improve
classification results [8]. Moreover as some structures of interest are relatively small,
such as the fetal heart and abdominal structures, the image was divided into 1x1 and
2x2 spatial subdivisions as shown in Figure and corresponding FV computed and

stacked as one, to investigate whether detection accuracy could be improved.

In order to ensure training and test data are independent, 60% of the videos were
randomly selected for training and the remaining 40% for testing. The model was
therefore trained on 4500 randomly selected images from each class (= 18k frames
over all classes) and tested on 480 randomly selected unseen images from each class
(~ 1600 frames over all classes). The mean accuracy and mean average precision
(mAP) have been calculated and summarised in Table[5.2] In the table, L; indicates

no spatial subdivisions and L indicates the additional 4 spatial subdivisions.
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(a) Schematically illustrating SIFT descriptors of
various sizes.

(b) No subdivisions (c)

Four additional subdivisions

Figure 5.4: (a) illustrates SIFT descriptors of various sizes including patches of 8 x 8, 16 x
16, 32 x 32, and 64 x 64 pizels. Moreover SIFT descriptors are only computed within the red
boz, to stop computing redundant descriptors. (b) and (c) illustrate the spatial subdivisions.
Ly wndicates no spatial subdivisions and Ls indicates a 4 x 4 subdivision in addition to the

Li. A small number of randomly selected descriptors are plotted for illustration purpose and
not to clutter the image.
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Table 5.1: Video frame classification results (Step A). The effect of increasing the
SIFT descriptor size from an 8 X 8 to a 16 X 16 patch is shown, where the number of the
GMM is set to 80 modes and the PCA is used to reduce feature dimensions to 40.

SIFT Skull Class. Abdomen Class. Heart Class. Other Class. Mean Mean Ave.
Patch Size  Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Precision (%)
8x8 94.38 89.17 35.21 94.58 78.33 90.01
16x16 95.83 91.04 50.42 97.71 83.75 93.37
32x32 96.46 92.08 60.63 97.92 86.77 94.75
64 x 64 96.25 86.13 72.92 97.92 87.55 95.25

Table 5.2: Video frame classification results (Step A). The number of GMMs are
fized to 80 words to analyse the effect of varying the feature dimensions from 10 to 80 with
L5 and without tiling L1. With the L5 tiling, each tmage is broken down into 4 parts where
a set of feature are computed for that tile. The features are the concatenated together.

No. PCA Skull Class. Abdomen Class. Heart Class. Other Class. Mean Mean Ave.
Components  Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Precision (%)
10z, 93.96 76.88 62.92 94.79 82.13 89.93
4014 95.42 89.38 60.00 97.50 85.57 92.59
8071 95.42 89.58 49.38 97.29 82.92 92.77
1025 95.42 83.75 o7.71 97.29 83.54 93.32
4015 96.46 92.08 60.63 97.92 86.77 94.75
8015 95.21 92.71 51.67 98.96 84.63 94.98

L1 No subdivisions

L5 Five subdivisions

5.3.1.1 Visualising the Results

In this part, a visual representation of the FV encodings and the classification results

for a number of examples are presented.

Visualising the FV Encodings

Figures illustrate the FV classification scores on a number of examples.

Here dense SIFT is calculated on each image with a stride of one pixel (for better visu-

alisation effect) and encoded using FV encoding. Furthermore, a pre-trained classifier

is used to categorise them, where positive classification scores are shown in purple and

negative scores are shown in green. The class name with the highest classification score

is written on the top left corner of each image. This is followed by the second highest
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classification score on the second line. If the highest classification score is the correct
class, the label font is set to green colour and if it has been identified incorrectly in
red.

As can be seen. in each category the positively scored pixels correspond to mean-
ingful anatomical structures. For example in each case the purple response in the top
left image has highlighted the fetal skull boundary, and similarly for the abdomen,

and heart.

Visualising the Classification

Moreover applying the CRF model to the classification scores regularises the results

and eliminates sudden peaks. This is illustrated in Figures [5.10] 5.9} [5.11] and [5.12

where the top bar illustrates the obtained classification scores.
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Figure 5.5: Visualising FV responses on the six examples of the fetal skull.
Dense SIFT features are constructed with a stride of one pizels and then encoded using the

FV encoding. A pre-trained classifier scores each F'V. Purple indicates the positive and green
correspond to negative scores.
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Abdomen Abdomen
Other o Heart

Abdomen
Heart

Figure 5.6: Visualising FV responses on the six examples of the fetal abdomen.
Dense SIFT features are constructed with a stride of one pizels and then encoded using the
FV encoding. A pre-trained classifier scores each F'V. Purple indicates the positive and green

correspond to negative scores. Here the frame at the bottom right corner has been classified
incorrectly.
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Figure 5.7: Visualising FV responses on the six examples of the fetal heart.
Dense SIFT features are constructed with a stride of one pixels and then encoded using the
FV encoding. A pre-trained classifier scores each FV. Purple indicates the positive and green
correspond to negative scores. Here the last two frames have been misclassified.
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Figure 5.8: Visualising F'V responses on the six examples of the "other" fetal
structures. Dense SIFT features are constructed with a stride of one pizels and then encoded

using the F'V encoding. A pre-trained classifier scores each F'V. Purple indicates the positive
and green correspond to negative scores.
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Figure 5.9: Visualising the classification results (top bar) and smoothed classification results using the CRF (bottom
bar). The example frames illustrate the visual appearance of the video at various time points. As it is illustrated, the misclassified frame
(green spike on the top bar) has been smoothed out after applying the CRE model (on the bottom bar).
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Figure 5.10: Visualising the classification results (top bar) and smoothed classification results using the CRF (bottom
bar). The siz sample frames correspond to various time points on the video. As is it shown, the misclassified frame (second frame on the

top bar) has been corrected for after applying the CRF model.
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Figure 5.11: Visualising the classification results (top bar) and smoothed classification results using the CRF (bottom
bar). The heart (first yellow block) and abdomen (first green block) are correctly identified, however the second block of frames classified as
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Figure 5.12: Visualising the classification results (top bar) and smoothed classification results using the CRF (bottom
bar). As in the other examples, the green spike on the top bar has been removed as desired after applying the CRF smoothing.
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Figure 5.13: Visualising the classification results (top bar) and smoothed classification results using the CRF (bottom
bar). As in the other examples, the green spike on the top bar has been removed as desired after applying the CRF smoothing.
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Figure 5.14: Visualising the classification results (top bar) and smoothed classification results using the CRF (bottom
bar). As in the other examples, the green spike on the top bar has been removed as desired after applying the CRF smoothing.
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5.3.2 Detecting the Fetal heartbeat

The algorithm described in Section was applied to identify video sweeps that
contain at least 30 consecutive frames of the fetal heart. The extracted frames were
then compiled into a short sub-sequence with 30 frames. Finally a pre-trained classifier
was used to identify whether these short sequences contain a valid heartbeat motion.
In order to evaluate the motion detector framework, two experiments were conducted.
The first experiment used the entire ultrasound frame (see Figure , and in the
second experiment the fetal heart was localised first, following the method described
above, and each frame was cropped based on a empirically adjusted 60 pixels radius
around the detected heart (see Figure [5.15b). Given the size of the fetal heart in our
dataset, a 60 pixels radius ensures that the fetal heart is always part of the cropped

image.

(a) A sub-sequence of (b) Same as |5.15d, but cropped
the fetal heart around the detected heart.

Figure 5.15: The sequence is cropped around the detected fetal heart in to investigate
whether this improved the classification accuracy

Tables [5.3 and [5.4] summarise classification results for these fetal heartbeat sub-
sequences. From the videos in the testing dataset, 136 short videos of a fetal heartbeat
(of 30 frames long) were extracted. The dynamics of these subsequences was then
further analysed to identify whether a fetal heartbeat could be detected.

As shown in Table without localising the fetal heart, the best results were

achieved with a 3-state model and ¢ = 50 and a 4-state model and ¢ = 45 for the
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Table 5.3: Classification results for detecting the fetal heartbeat without localising
the fetal heart (Step B). The sequence dimensions are 240 x 320 x 30.

n 3 4 5 6 7 8 9 10
oc=30 80.46 81.61 8391 8391 79.31 50.57 54.02 56.32
o=35 80.46 81.61 8391 8391 &3.91 50.57 8&8.51 58.62
o=40 52.87 82.76 51.72 52.87 4598 57.47 54.02 85.06
o=45 8391 88.51 85.06 57.47 6897 51.72 52.87 5H2.87
o =50 88.51 &86.21 86.21 8391 5287 7471 54.02 51.72
o =55 55.17 5287 5747 52.87 55.17 54.02 65.52 56.32
o=60 85.06 56.32 56.32 62.07 52.87 44.83 57.47 57.47

Table 5.4: Classification results for detecting the fetal heartbeat after cropping
the frames around the localised fetal heart (Step B). The sequence dimensions are
120 x 120 x 30, cropped around the detected fetal heart.

n 3 4 ) 6 7 8 9 10
oc=30 81.61 80.46 80.46 83.91 54.02 85.06 81.61 91.95
o=35 87.36 88.51 63.22 87.36 86.21 85.06 47.13 83.91
o=40 49.43 52.87 79.31 7816 52.87 52.87 50.57 54.02
o =45 89.66 85.06 52.87 52.87 64.37 77.01 50.57 52.87
o =50 93.10 50.57 89.66 70.11 54.02 91.95 68.97 90.80
o=55 7816 51.72 52.87 51.72 7471 52.87 62.07 73.56
o =60 63.22 57.47 55.17 64.37 4253 8276 50.57 62.07

signed feature symmetry filter (detection accuracy of 88.51%). By comparison when
the frames were cropped around the detected fetal heart, a 3-state model and o = 50 for
the signed feature symmetry filter (detection accuracy of 93.99%) produced the highest
results. Generally increasing the number of states up to 7 increases the classification
accuracy, however, a further increase leads to a decrease in performance. This can
be explained by the fact that when KPCA is used, the main dynamics of the video
are best described using the first 6 or 7 eigenvalues, therefore additional eigenvalues
capture a very small portion of the variation in the feature space, thus resulting in

noisier KDT model parameter estimates.
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5.4 Conclusions

In this study we have looked at the problem of locating certain anatomical features
in ultrasound and in specific, identification of breech presentation and fetal viability.
Breech delivery can significantly increase survival risk for neonates [82]. However,
planned vaginal breech deliveries where antenatal ultrasound is available can be asso-
ciated with a better outcome than reported in randomised trials [74]. Moreover basic
obstetric ultrasound skills such as identification of fetal presentation and the preg-
nancy viability are well recognised skills to be acquired by experienced sonographers.
Yet for less experienced or less trained sonographers, identifying anatomical features
might be a challenging task. Therefore we believe this framework is a step towards
empowering less experienced or trained sonographers to effectively identify structures

of interest and interpret the images more confidently.

In addition, we believe the process of ultrasound image acquisition in search of
certain anatomical objects could also be simplified through this method. As an exam-
ple although the ultrasound sweep videos for this study were acquired by a number of
experienced obstetrician, a simplified protocol has been followed during the data acqui-
sition to ensure the proposed framework is not only kept simple but also is suited for
the application. The data used in this study was obtained from the INTERGROWTH-
215 project [211], which contains mothers at different stages of pregnancy. Therefore
this data include a variety of representations of the fetal structures with different sizes
and shadowing. This provides a set of rich features for the dataset of the positive
sequences. However, a larger dataset of videos may be required to build a robust

classifier.

One of the main limitations of this approach is that as the scanning protocol is
kept simple, fetal skull, abdomen or heart may not be captured or observed as part
of the acquired sequence, specially if the fetus is small or at an early gestational age.

This is depicted schematically in Figure [5.16| This is generally not a problem in our
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Figure 5.16: Protocol limitations. As the fetus size gets smaller in proportion of the
available space in the womb, the chances of capturing key anatomical structures of interest
decreases due to the flexibility of movement of the fetus in the womb.

target population, at a gestational age of 28 weeks and above, as the fetus is grown to a
relatively large size. However, a simple solution to rectify this potential shortcoming is
to deploy multiple scans at various positions. This will potentially enhance the results
in other cases too, and will indeed be incorporated at the next phase of experiments.

Another potential limitation of this study is that all the fetuses in our database
had healthy cardiac activity, thus cases with no cardiac activity were not analysed.
This may not be a major issue as the dynamics of a static heart are indeed different to
one which is constantly beating. We aim to collect static fetal cardiac data to address
this issue in the future. Moreover, sensitivity to scanner settings is one of the major
complicating factors in ultrasound images. Therefore, effect of image artefacts as well
as variations in ultrasound machine’s settings such as frame rate and image persistence
need to be further researched. Finally, the designed framework successfully detected
fetal presentation and viability as shown by the results. The framework successfully
combines simple scanning protocols with image analysis methods and has promising

accuracy for real-world deployment.



Chapter 6

Discussion and Future Work

In summary, ultrasound is a safe and relatively low-cost imaging modality that can be
effectively used to identify pregnancy complications. Recent technological advances
have improved device portability, image quality and cost efficacy, which has triggered
hopes for more widespread use of this imaging modality in limited-resource settings.
However, navigating the probe and obtaining fetal measurements is a non-trivial task.
Moreover, current methods for identifying pregnancy complications and fetal health
require expert knowledge for acquisition and interpretation of complex ultrasound
patterns. Therefore, for the uptake of this technology in limited-resource countries it
is necessary to develop new solutions to empower non-experts to acquire and interpret
data.

This thesis has presented a simple yet effective scanning protocol; simple enough
to be learned in a short time by non-expert sonographers and information-rich enough
to allow automated analysis for detection of the fetal presentation. Moreover, a frame
by frame detection framework has been designed to automatically identify the fetal
skull, abdomen and heart. Sequences that contain the fetal heart are further analysed
to identify whether a fetal heartbeat can be detected. This chapter summarises the
main contributions in this thesis and discusses the current limitations and potential

opportunities for future improvements.
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6.1 Contributions and Limitations

The main contributions of this thesis are as follows;

Framework For Automatic Detection Of Frames Of Interest In Ultrasound
Videos: In Chapter [3| two original methods for automatic detection of frames
of interest in an ultrasound video sweep were introduced. Moreover, the merits of
pre-processing images on classification accuracy, on two datasets of variable sizes,
were investigated. The technical contributions of this chapter were three-fold, namely:
(1) to introduce the LP-SIFT (Local Phase based SIFT) features, (2) to illustrate
the efficacy of pre-processing ultrasound images before classification and to propose a
structured edge representation framework based on Structured Random Forests (SRF)
for learning better edge representations, and (3) to propose a classification framework
for ultrasound 2D frames based on the improved Fisher vector (FV) encoding of low-
level features. The results illustrate that learning edge maps using the SRF framework

can improve detection accuracy on the smaller datasets by a margin of approximately

10%.

Automatic Detection Of Sequences Of Interest In An Ultrasound Video,
Based On Sequence Dynamics: Although ultrasound image analysis has been an
active area of research in recent years, research into solutions which assist during data
acquisition of a 2D scan is a largely unexplored area. In Chapter the general
problem of identifying video segments that contain structures of interest based on
their motion patterns was addressed. To illustrate clinical applicability, this approach
was used to automatically identify the fetal presentation (whether it is breech or not)
during the third trimester of pregnancy from a predefined freehand ultrasound sweep.
The sweeps were partitioned into smaller sub-sequences. A kernel dynamic texture
model was learned for all the video sequences and a similarity metric was defined

between the estimated model parameters. The similarity kernel was then used to train
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an SVM classifier. The classification accuracy achieved using this framework was 93%.

Clinical Application: Detection Fetal Presentation And Heartbeat From
An Ultrasound Video, A Step Towards Automatic Detection Of High-Risk
Pregnancies: In Chapter [5] a framework for automatic detection of the fetal pre-
sentation and heartbeat from a predefined-freehand ultrasound video sweep was pro-
posed. To our knowledge this has not been done before. The clinical value of the pro-
posed framework was shown on a real-world application and a challenging ultrasound
video dataset, to identify high-risk pregnancies. Our proposed framework achieved an

accuracy of approximately 88%.

limitations and assumptions Given the underlying interest of this thesis in de-
veloping solutions for limited-resource settings, utilising simplified yet specific and
targeted ultrasound scans play a key role in enabling midwives, nurses, and volunteers
to undertake certain diagnostic tasks. However, it is important to note that a simpli-
fied ultrasound scan inherently contain a limited amount of information and may not
be applied to all types of conditions. Moreover, another limitation to have in mind is
the possibility of missing information from a simplified scan. Therefore, the analysis
of data of this kind would require taking such limitations into account. One way to
tackle this limitations is by taking multiple measurements similar to the work of [3]
and would have to be studied further.

Another potential limitation is that all the fetuses in our database had healthy
cardiac activity, thus cases with no cardiac activity were not analysed. Moreover, the
effect of image artefacts as well as variations in ultrasound machine’s settings such
as frame rate and image persistence may need to be further studied. Additionally,
the lack of high-quality ground truth data is one of the main challenges that is yet
to be addressed effectively. Furthermore, comparison of the relative performance of

a computer algorithm with a human observer, with various levels of training, in the
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classification of ultrasound images would be a necessary next step to take. Such a
study would clarify whether or not, a human can perform as well as or better than a

computer at classification, when minimal training is provided.

6.2 Exploratory Work and Future Directions

We believe there are several exciting extensions to this thesis that could improve both
the performance and clinical application of interest. The suggested areas of potential
improvement are 1) deploying a low-cost ultrasound probe for data acquisition, 2)
learning features from the data through deep convolutional neural networks (CNNs)
rather than the popular hand-engineering features, and 3) optimising the code for
real-time performance. These suggestions are further discussed here. Furthermore,
attempts have been made towards the first two suggested extensions. Our initial

findings have been reported in:

Maraci MA, Napolitano R, Papageorghiou A, Noble JA. Fetal Head Detection
on Images from a Low-Cost Portable USB Ultrasound Device. Conference in Medical

Image Understanding and Analysis (MIUA), 17-19 July 2013, Birmingham, UK.

Maraci MA, Napolitano R, Papageorghiou A, Noble JA. Automatic Fetal Head
Detection on video clips from a Low-Cost Portable USB Ultrasound (US) Device.

Proceedings of the 23rd World Congress on Ultrasound in Obstetrics and Gynecology
- ISUOG 2013, 6-9 October 2013. (Clinical Abstract)

Gao Y, Maraci MA, Noble JA. Describing Ultrasound Video Content Using Deep
Convolutional Neural Networks. International Symposium on Biomedical Imaging

(ISBI), 2016, Accepted paper.
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6.2.1 Using a Portable Probe

As discussed in Section [2] the use of ultrasound imaging is far less common in limited-
resource settings. Emerging advances in this field have paved way for smaller ultra-
sound machines with acceptable image qualities. This has subsequently led to the
development of portable ultrasound devices to plug into laptops and smart phones,
facilitating use in limited-resource settings. In light of the factors that can affect the
quality of ultrasound image analysis and interpretation, we have carried out an initial
investigation into whether a combined machine learning and data acquisition approach
to fetal head detection using a low-cost USB probe is equivalent to the same analysis
on data from a mid-range probe. Initial results show that the algorithm works well
on images obtained from both devices and that statistically there is no significant
difference between the performance of the algorithms on the two sets [127,|128].

It is important to note that currently the low-cost portable probes that can be pow-
ered from the USB port of a laptop are simpler, with less sophisticated beam-forming
and post-processing. This means the images can look quite different and potentially for
some tasks diagnostically inferior. An example of a low-powered portable ultrasound
device, and a regular ultrasound probe is shown in Figure [6.1] Furthermore, Figure
illustrates two examples of a fetal skull, obtained from two participants, using the
two different ultrasound probes. As can be seen, images from the two different sources
show a different level of detail of the anatomical structures. However, we argue that
although the images are different, for certain applications such as detection of the fetal

skull, this difference in quality is not a limitation.

Data Acquisition

The 2D fetal ultrasound images used in this study were acquired from subjects par-
ticipating in a fetal growth project [211]. Data acquisition was carried out using a

mid-range ultrasound machine (Philips HD9 with a V7-3 transducer denoted as A),
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(a) The Philips transducer. (b) Interson Seemore USB probe.

Figure 6.1: The two transducers used. The Philips V7-8 transducer is shown on the
left and the Interson Seemore USB transducer on the right. Philips image adapted from
http:/ /ultrasound-store.com/products/qz-6073-qzew

and a low-end portable USB ultrasound machine (Interson Seemore denoted as B),
by an obstetrician trained to follow standardised procedures (for this refer to Chapter
1, Figure . The participants were fifteen healthy pregnant women, aged 20 to 38
with the fetus at a gestational age of 16 to 39 weeks. During data acquisition, probe
A was used twice for each participant resulting in a total of 30 images obtained using
A. Similarly probe B was also used twice for each participant resulting in another 30
images acquired using B. Image acquisition was carried out by the same obstetrician
and during the same session. The participants were scanned with the two ultrasound
probes with the intention to include the same anatomical features while keeping ex-

ternal conditions constant.

Analysis

Automatic head detection and localisation was carried out using the boundary frag-
ment model (BFM) as suggested by Stebbing and McManigle [193] and allows an
object to be represented by its scale-normalised edge responses. A pre-trained classi-
fier was used to detect the fetal skull in unseen images. Initially, the scale and centroid
of the skull was detected. Fragments from a pretrained edge fragment library were
then utilised to weekly describe the shape of the skull. An iterative ellipse fitting

algorithm [192] was then used to fit an ellipse on the identified skull edges. The reader
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(a) Images obtained using the Philips ultrasound machine and
transducer.

(b) Images obtained using the Interson Seemore USB
transducer.

Figure 6.2: Images with different quality. Two sample images are shown obtained
using the Philips HD9 and the V7 — 3 transducer and Interson SeeMore probe.

is referred to [193] and [192] for an extensive explanation and discussion of the two

methods.

Validation Methods

The images were graded using a Likert-scale system [132]| as previously reported in
the literature [16}/185]. The Likert-scale used in this study is set from 1 — 3, where
the grades represent poor, fair and good respectively from 1 to 3. The results were
graded with the assumption that all the grades have the same weight. Thus images
are divided into two classes; class 1 includes images that are rated as poor and class 2
includes images rated fair or good. To analyse the results, the images were assessed
prior to any processing. This is to measure 1) sharpness of the images and 2) the

visibility of the region of interest (ROI) to get a better insight into the accuracy of
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(a) Fetal skull acquired using (b) Some fatilure cases where head
probe A4 (button) and B (top). was not detected correctly.

Figure 6.3: a)The Interson Seemore and Philips images are shown on the top and bottom
rows respectively with the Ellipse fitting results on the left and BFM on the right - The fitted
ellipse has been highlighted for clarity. (b) The edge detection has not worked well due to the
bright attenuation marks at the top mainly on participants who are at earlier gestations ages
where the skull for example is small.

the model, given the initial difference in appearance between the images obtained from
the two probes. This assessment was carried out by the author, and with visual checks
by an obstetrician. A two tailed Wilcoxon signed-rank test with a 95% confidence
interval was used to indicate if there was a statistically significant difference between

the result of the head detection algorithm on images acquired using A and B.

Image Quality Analysis

The Likert-scale grading show that from the 30 images that are acquired from A in
this experiment, 6 images are graded as poor in terms of visibility and 2 are graded as
poor in terms of sharpness. In comparison, the results obtained from B suggest there
is a clear difference in the appearance and visibility of the region of interest (ROI) as

19 images are rated as poor and the rest are rated fair.

Head Detection Analysis

The results show that 7 images acquired via A are in class 1 and the other 23 in class 2

suggesting an overall success of 76.7 % in identifying the head boundaries. The results
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Table 6.1: The results of wvisibility €4 sharpness of the ROI in images obtained
with the A and B probes, before and after head detection.

Good  Fair  Poor p Value
No% No% No% Wilcoxon Rank Test
Visibility® 40.0  20.0  20.0 6.69 % 1074
Visibility® 0.0 36.7 63.3
Sharpness® 46.7  46.7 6.6 1.23 % 10~*
Sharpness® 0.0 43.3  56.7
Head Detection® 46.67  30.0 23.33 0.2012

Head Detection® 73.33  6.67 20.0
a. Philips Probe
b. SeeMore Probe

for B are also very high with 6 images in class 1 and 24 images as class 2, indicating
an accuracy of 80%. Figure illustrates the result of the BFM and Ellipse fitting
algorithm on an image obtained from the two probes, A and B. Also an example where
the algorithms have not worked so well can be seen in Figure [6.3b]

The test was carried out with a two tailed 95% confidence interval. The Wilcoxon
Signed-Rank test results from Table show that statistically no significant differ-
ence between the accuracy of the results were found (p=0.2012). However there is a
significant difference in the sharpness (p=0.00067) and visibility (p=0.00012) before
the images are processed, as expected. This suggests that although the visibility and
sharpness of the images from a low-cost probe may not be as high as a mid-range
probe, the performance of the head detection algorithm is not affected by the source

of the images.

Initial Conclusions

The statistical analysis shows that the fetal head detection and segmentation algo-
rithms work well with the images obtained from the low-cost USB probe. Given the
initial results, it would be interesting to perform such analysis on a larger dataset
and for potentially different applications. Currently the main limitation is that data

acquisition using the low-cost USB probe requires non-conventional arrangements and
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can be challenging due to logistical reasons. These include the USB probe’s short ca-
ble, and the requirement for it to be connected to a separate laptop to facilitate data

acquisition.

6.2.2 Deep Learning Approach

Recently deep learning frameworks have shown outstanding state-of-art accuracy in
many applications. The great success on large scale image classification [104}|134}|188§]
has been partly due to very large collections of labelled natural images. Moreover, re-
cent medical imaging studies have shown promising results in using deep convolutional
neural network (CNN) and transfer learning, for example in automated fetal abdom-
inal plane finding [36]. CNNs are highly complex and non-linear models, where the
depth and breadth of the network directly affects their feature representation power.
As part of an exploratory experiment and in a collaboration with Gao et al. |[71], a
CNN was trained for the classification of four different classes of ultrasound images
using a transfer learning approach. My main contribution to this work was providing
and explaining the dataset, describing the significance of the clinical application, and
discussions on the architecture of the CNN.

Figure illustrates the overall architecture of the CNN used in the work. The
design adopts relatively large kernels and stride in the first two convolutional layers.
This dramatically reduces the spatial resolution of the data and can improve the com-
putational efficiency of the process. However, it has to be noted that as a consequence
of this design decision, the lower level features may become less detailed thus affecting

the overall classification accuracy [134].

Transfer Learning

Although CNNs have the advantage of learning powerful feature representations, the

fully-supervised deep architectures could substantially over-fit due to the limited avail-



CHAPTER 6. DISCUSSION AND FUTURE WORK 141

Figure 6.4: A schematic of the CNN wused in this thesis. There are 4096 neurons in
each of the fully connected layers. There are 4 neurons in the output layer. Image from [70)

able training data. A number of studies [53}[172,220] have demonstrated that transfer
learning can be a powerful tool to reduce over-fitting. This involves training a base
network on a separate (and large) dataset, and then transferring the learned features of
the base network to a new target network to be trained on a target dataset. But do fea-
tures extracted from a CNN; trained on natural images, generalise well to ultrasound
data?

To answer this question a transfer learning approach was used as schematically
illustrated in Figure [6.5] The base CNN (denoted by A-CNN) was pre-trained on the
2012 ImageNet database (1.2 million high-resolution images with 1000 different classes
of natural images). The learned parameters of the first n layers (n= 1,2,..,7) of the
base CNN were then transferred to our target CNN, which is denoted as B-CNN. The
remaining layers of B-CNN were randomly initialised from a Gaussian with zero mean
and standard deviation of 0.01. To evaluate this approach, the parameters of B-CNN
were frozen and also fine-tuned using the ultrasound dataset.

Figure illustrates the performance of the standard model. It shows that heart
is the most frequently miss-classified class in the test set (approximately 59%). In
contrast, the fetal skull achieved the best performance with a classification accuracy
of approximately 92%. Abdomen and Other structures achieved an accuracy of around
82% and 90% respectively. It is worth noting that the overall classification performance

is improved by approximately 8% after applying a 50% drop-out to the network and
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labels
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Figure 6.5: Trasnfer learning architecture. Top row: The CNN-A is pre-trained on the
ImageNet database for classification. The labelled purple rectangles (e.g. Wcl) rep- resent
the weights learned by that layer. Bottom row: In the CNN-B, the first n weight layers (in
this example, n = 3) are copied from the base network A. The remaining layers are randomly
wnitialised, and then the entire network is trained on ultrasound datasets with the transferred
parameters locked (frozen) or unlocked (fine-tuned). Image from ,@/

augmenting the training data. Particularly, fetal heart detection is improved by ap-
proximately 10%, compared to the standard model.

As can be seen from Figure the standard model suffers from substantial over-
fitting, where the low level convolutional kernels seem to have learned the low-level
noise in the data. However, applying drop-out and augmenting the training data
helps to reduce overfitting, where clear patterns can be seen in the low-level features.
The improvements are partly due to better spatial feature as a result of augmen-
tation. Moreover, utilising drop-out during the learning phase can prevent complex
co-adaptations of neurons and force the network to learn robust features that are useful

in conjunction with many different random subsets of other neurons.

Initial Conclusions

The results of transfer learning experiments are summarised in Figure [6.8f It can
be seen that transferring the lower layers of the target network without fine-tuning,
equates to an overall drop of performance (about 8% across layers 1 to 7). Moreover,

the high performance of the first two layers indicates that the network has learned
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Performance of Models
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Figure 6.6: Classification performance of models directly trained on ultrasound
images. Image from [70]

Figure 6.7: Convolutional kernels learned by the first convolution layer: (left) standard
model, (right) added dropout and augmentation. Image from ,@

general features. Layers 3 to 5 illustrate a slight drop in performance, and layers 5
to 7 show a more significant drop, across all classes. This potentially signifies that
features learned in the upper layers of the network may have become too specific.
However, transferring features and additional fine-tuning of the network, can provide

a more generalised model.

The initial results show that classification accuracy can be enhanced in a CNN by
initialising a network with features learned from natural images. However, a major

challenge in our dataset are the cardiac frames, partly due to low inter-class variation
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Figure 6.8: Classification performance of transfer learning models. I'mage from

[79]

between heart and abdomen, and high intra-class differences in terms of appearance.
This can be partly addressed with more training examples. Moreover, investigating
motion cues in consecutive heart frames can also be a great advantage and an inter-

esting area to be further investigated.

6.2.3 Real-Time Performance

This work has shown great potential for deployment in low-income settings. An addi-
tional feature which would facilitate the uptake of this technology is to ensure feedback
can be provided to the sonographers in real-time. This can enhance their scanning

experience and also facilitate the use of this technology for non-experts both as a
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diagnostic device as well as a training device.

6.2.4 Summary

The work presented in this thesis represents an inter-disciplinary effort towards com-
bining machine learning algorithms and ultrasound imaging to develop a framework
with potential for clinical use in limited-resource settings (Chapter [5). Specifically,
we have proposed a simple ultrasound scanning protocol, in which an ultrasound video
is acquired through a linear sweep of the maternal abdomen. The framework was de-
signed to automatically infer the fetal presentation by detecting the fetal skull and ab-
domen from the sweep. Fetal viability was then assessed in instances where a suitable
consecutive sequence of frames of the fetal heart were detected through the method
discussed in Chapter [4 To our knowledge this has not been done before. More-
over, we have identified three exiting possible extensions to this thesis, where we have

illustrated some preliminarily promising results Chapter [6]
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