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Abstract

Maternal diet can have a great impact on the health and development of the
fetus. Poor fetal nutrition has been linked to the development of a set of
conditions in later life, such as coronary heart disease, type 2 diabetes and
hypertension, while restricted growth can result in hypogylcemia, hypocal-
cemia, hypothermia, polycythemia, hyperbilirubinemia and cerebral palsy.
High alcohol consumption during pregnancy can result in Fetal Alcohol Syn-
drome, a condition that can cause growth retardation, lowered intelligence
and craniofacial defects. Current biometric assessment of the fetus involves
size-based measures which may not accurately portray the state of fetal de-
velopment, since they cannot differentiate cases of small-but-healthy or large-

but-unhealthy fetuses.

This thesis aims to outline a set of more appropriate measures of accurately
capturing the state of fetal development. Specifically, soft tissue area and liver

volume measurement are examined, followed by facial shape characterisation.

A number of tools are presented which aim to allow clinicians to achieve
accurate segmentations of these landmark regions. These are modifications
on the Live Wire algorithm, an interactive segmentation method in which the
user places a number of anchor points and a minimum cost path is calculated
between the previous anchor point and the cursor. This focuses on giving the

clinician intuitive control over the exact position of the segmented contour.

These modifications are FA-S Live Wire, which utilises Feature Asymmetry
and a weak shape constraint, ASP Live Wire, which is a 3D expansion of
Live Wire, and FA-O Live Wire, which uses Feature Asymmtery and Local
Orientation to guide the segmentation process. These have have been designed

with each of the specific biometric landmarks in mind.

Finally, a method of characterising fetal face shape is proposed, using a combi-
nation of the segmentation methods described here and a simple shape model
with a parameterised b-spline meshing approach to facial surface representa-

tion.
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CHAPTER 1

INTRODUCTION

Poor fetal nutrition has been linked to a number of conditions occurring in later life such
as coronary heart disease, type 2 diabetes and hypertension [64]|. Restricted growth
has been shown to correlate with several more immediate morbidities, such as hyp-
ogylcemia, hypocalcemia, hypothermia, polycythemia, hyperbilirubinemia and cerebral
palsy [83,110,124]. Factors that can have a negative influence on fetal development in-
clude poor maternal diet or disruptions in placental function; when a mother is in a state
of malnutrition, placental functionality is maintained at the cost of fetal development [8].
If the placenta itself is malfunctioning, the passage of nutrients between the mother and
fetus is essentially blocked, resulting in growth restriction [178]. Tt has been suggested
that, if detected before the levels of nutrition remain low for an extended period and
while still in the fetal stage, the damaging effects of such in utero conditions can be
reversed and corrected [8|. In animal studies where severe periods of malnutrition were
introduced, fetal growth increased with improved nutrition after 9 and 16 days of malnu-
trition, but remained at a low rate of growth after 21 days (around 15% of the gestational
period) [111]. This means that the signs of a fetus experiencing restricted growth due
to poor nutrition should be detected as early as possible to allow for rapid intervention
before permanent damage occurs.

Similarly, maternal diet in the form of high alcohol consumption during pregnancy can
result in the development of long term conditions, specifically Fetal Alcohol Syndrome

(FAS), a condition that results in growth retardation, lowered intelligence and craniofacial



defects [172]. Burd and Martsolf claim FAS to be one of the leading causes of mental
retardation in the United States, and the effects of other conditions symptomatic of FAS
form a significant burden on their healthcare system (though it should be noted that this
is a rather outdated paper) [24]. However, many of the physical symptoms of FAS have
been observed to become less severe with time, meaning that the ability to conduct early
diagnosis is essential in correctly identifying the condition [172].

Currently, the purpose of ultrasound (US) scans during pregnancy has been to detect
gross fetal anomalies, as well as to date a pregnancy and assess the development of the
fetus by taking quantitative size measurements, most often taken of the head, abdomen
and femur [154,158]. While this can inform a clinician about the rate at which the fetus
is growing, one dimensional (1D) size measurements do not predict fetal body composi-
tion and therefore using such measures would be insufficient to accurately interpret fetal
nutrition. Basic size measurements used to estimate weight can lack predictive accuracy,
as the ranges of fetal weight that can be considered normal are actually very broad and
do not give nutritional information [26]. As a result, classifications lack differentiation
between fetuses that are small due to malnutrition and those that are naturally small [99).
Similarly, those diagnosed with FAS tend to be smaller than healthy fetuses, but size mea-
sures alone would not be enough to identify this condition, as it would be necessary to
differentiate the diagnosis of FAS from Small for Gestational Age (SGA) or Intrauterine
Growth Restricted (IUGR) fetuses.

Volume measurements have been viewed as impractical in the past due to the addi-
tional effort required to calculate these values, either via computationally-intensive auto-
matic methods or time-intensive manual delineation [100]. In order to give an impression
of fetal nutrition and provide more predictive measures of fetal health, determining fetal
body composition is necessary. Improvements in the quality of US imaging and advances
in image segmentation techniques mean that it is now possible to shift clinical observa-
tions towards even more predictive measures of fetal development, descriptive of both size

and body composition. Studies such as INTERGROWTH-21% are designed to provide a



large data set of standardised, carefully selected, healthy pregnancies, which could help
to define what can be considered normal fetal growth [11]. This data set also provides
the opportunity to discover new, currently unestablished biometric parameters to use in
the assessment of fetal development.

So far, while there have been studies to investigate more effective measures of identi-
fying FAS by performing facial analysis of children from 3D photography, identifying such
conditions in utero has yet to be explored [103]. It is possible that similar techniques could
be used on facial surfaces segmented from 3D fetal ultrasound images thereby providing
methods to diagnose FAS far earlier than previously possible. This could be combined
with segmentation methods developed for fetal volume measurement in order to simplify

the system.

AIMS AND THESIS STRUCTURE

The aims of this thesis are to set the context of alternative methods for the assessment
of health related to maternal dietary factors in fetal development studies, to characterise
the challenges faced in the segmentation of ultrasound images and ultimately to propose
possible solutions for suitable semi-automated segmentation methods. Figure 1.1 outlines
the key targets of this thesis, including the different fetal health conditions being observed,
imaging modalities, dimensionality of data and key components of the solutions for each

of these objectives. This thesis is structured in the following way;

e Chapter 2 outlines current trends in the assessment of fetal development and
nutritional state, as well as studies into the alternative measures which have been
shown to contribute to a more explicit view of fetal nutritional development. The
need for engineering support in the form of tools for the segmentation of volumes

from fetal ultrasound images are justified and existing techniques explored.

e Chapter 3 reviews the literature of object segmentation in ultrasound images. This

section is divided into the main facets that make up semi-automated segmentation



methods; optimisation methods and image features.

Chapter 4 outlines a method for interactive segmentation, FA-S Live Wire, de-
signed with the purpose of segmenting fetal fat tissue from 2D images in mind. This
method is an adaptation of Live Wire, incorporating Feature Asymmetry (FA) and
a weak shape constraint in order to better suit the original technique to the setting
of ultrasound images. FA-S Live Wire is then validated against clinical segmenta-

tions.

Chapter 5 expands on the work described in Chapter 3, to allow for the segmen-
tation of 3D liver volumes. An existing 3D Live Wire expansion is discussed and a
new method, ASP Live Wire, is developed and compared against the former. This

section looks at both segmentation in MRI and US acquisitions of the fetal liver.

Chapter 6 investigates the use of the fetal face shape to detect health conditions.
ASP and FA Live Wire are applied to the segmentation of facial profiles and sur-
faces, while an Active Shape Model (ASM) is used to derive meaning from this data.
Mesh representations of the facial surface have also been explored. This chapter
deals first with the 2D fetal face profile and then the 3D fetal face surface extracted

from US images as metrics for assessment of FAS.

Chapter 7 discusses the key developments and findings of this thesis and out-
lines potential avenues for expansion on this work. In particular, the initial stages
of potential US imaging protocol which could facilitate the forms of fetal health

assessment described here are discussed.



Soft Tissue Liver Volume Fetal Face
Segmentation Segmentation Analysis

Intrauterine Growth Intrauterine Growth
Restriction Restriction
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Feature Asymmetry FA-S Live Wire FA-S Live Wire
Live Wire Sparse Live Wire Active Shape Models
FA-S Live Wire ASP Live Wire Deformable Model
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CHAPTER 2

CLINICAL MOTIVATION

This literature review chapter discusses the clinical motivation for the objectives set out
in this thesis, exploring standard fetal biometry and comparing these to potentially more

effective means of measuring fetal health through US imaging.

2.1 FETAL GROWTH RESTRICTION

2.1.1 ANOMALOUS FETAL GROWTH

It is important that the distinction is made between fetuses that are SGA and those
that are expressing IUGR /Fetal Growth Restriction (FGR). SGA fetuses are defined as
those which are in the lower percentiles of expected growth (often thresholded at 5%
or 10%) while TUGR, fetuses are specifically those which are small due to abnormally
restricted intrauterine growth rather than just being naturally small [110]. It is believed
that around 70-80% of SGA fetuses are not [UGR, which would represent a highly signif-
icant proportion of misdiagnosed cases [124,167|. Consequently, the confusion between
the definitions of SGA and TUGR has been cited as a weakness in many investigations
which attempt to quantify the effects of FGR on fetal health [162].

As SGA is described as when a fetal size metric is below a certain percentile compared
to growth charts constructed from groups of normal pregnancies, by definition that same
percentage of normal fetuses will appear within the SGA region of the chart; consequently

a fetus being SGA can imply FGR but does not define it [110]. Similarly, a fetus may



be growth restricted but remain within the bounds indicative of nominal growth [110].
Mayer and Joseph use the example of a fetus which, in early observations is within the
60th percentile of Estimated Fetal Weight (EFW), but falls to lower percentiles later in
the pregnancy while nonetheless remaining above the 10th percentile; this would be an
indication of a growth restricted fetus but is never classified as SGA [110].

Catalano et al. noted that a wide range of birth weights can be considered Appropriate
for Gestational Age (AGA), while Lee et al. observed that classifying a fetus as SGA
does not necessarily indicate malnourishment [26,98]. Similarly, Viegas et al. stated
that good screening practices should identify nutritional risk rather than just aim to
predict low birth weights [192]. Measures of functional properties and estimates of fetal
body composition rather than just projections of birth weight are required for sufficient
sensitivity in identifying fetal nutritional problems and preventing nutritional insufficiency
post-birth.

There are a number of influences which can result in a fetus experiencing FGR, which

can be categorised broadly under placental, maternal and fetal influences:

e Fetal: Non-singleton pregnancies are far more likely to express FGR in their third
trimester [124|. However, it is possible that an inaccurate estimate of gestational age

(GA) could push the fetus into the lower 10th percentile of expected growth [167].

Methodological differences can be responsible for such variation; for instance, in a
study estimating fetal liver size, CH Chang et al. found that their measurements
on a Taiwanese population were greatly different to those from a Dutch population,
which were generally larger at a given GA |29]. Although there could be factors
such as different maternal diet at play, loannou et al. considered the differences too

great, attributing them instead to variation in methodology [80].

The INTERGROWTH-21* study aimed to an international standard for fetal growth
between geographically diverse populations through standardised measurement method-

ology, enrolment critera and equipment [139]. One outcome of this standardisation



was a greatly reduced variation between study centres compared to other investi-
gations [194], supporting the idea that methological differences may have a greater
influence over fetal growth projections than geographic location. This also high-
lights the importance of consistent measures when designing a system for aiding

the segmentation of fetal biometric landmarks.

According to some studies, a fetus may be more likely to be identified as SGA
due to sex (observing female fetuses to be generally smaller) without expressing
FGR [124]. However, taking birth weights of neonates in the INTERGROWTH-
21%% study against the GA at which they were born, Villar et al. showed near
identical growth trajectories between the sexes [193], suggesting that even this may

not be a factor in fetal development.

If this is indeed the case, the primary cause of deviation from predicted growth
charts could be largely health-driven. Altered growth entirely due to fetal factors

may be a sign of genetic abnormalities, chromosomal defects or infection [124].

Maternal: Maternal age, both at the extreme older and younger end of repro-
ductive ages, have been shown to express higher instances of FGR [178|. Maternal
malnutrition can result in FGR, with fetal growth sacrificed in order to main-
tain placental functionality [8|. Tt has been established that poor nutrition during
pregnancy can result in lower birth weights, with a study by Viegas et al. of 81
pregnancies showing a mean weight of 180g less in neonates that were identified
as having a nutritional deficiency compared to those with adequate nutrition [192].
In this example, the distinction was made by conducting skinfold measurements
on the triceps of the mother, with a less than 20um/wk increase indicating poor

nutrition.

However, as the results were derived from a significant change in average weight
between two groups, the weight measurement of an individual would not necessarily

identify their fetus as being in a nutritionally sufficient or poor environment. The



use of tobacco and drugs such as alcohol, heroin and cocaine, as well as medications
such as warfarin and folic acid antagonists have also been related to FGR [124,178|.
The INTERGROWTH-21%" study aimed to model optimal fetal growth and, as
a result, included only mothers who fitted a set criteria; healthy, well nourished
and with low exposure to pollution, radiation, tobacco smoke and other hazardous

substances [193].

It is important that mothers are aware of these risks and take appropriate mea-
sures during pregnancy in order to avoid preventable fetal health problems, with

additional focus placed on cases where FGR has been identified.

Placental: As the main passage for nutrients between the mother and fetus, severe
problems with the placenta can often result in the death of the fetus [118]|. For
example, if the placenta fails to implant properly, blood flow can be restricted,
thereby hindering the transfer of nutrients between mother and fetus [124]. Such
conditions affecting the placenta that do not result in fetal death may result in
FGR [178]. It is currently not possible for clinical intervention to improve placental

insufficiency [124].

2.1.2 EFFECTS OF GROWTH RESTRICTION

FGR is a major cause of perinatal mortality, with an investigation by Frgen et al.

observing IUGR in 52% of a population of “sudden intrauterine unexplained death" cases

compared to only 13% in a healthy population |[57|. It should be noted that in this case

their criteria is actually identifying SGA neonates (by using birth weight compared to

expected values) and therefore only implicitly ITUGR, which may alter these proportions.

However, in a study of 107 pregnancies identified as IUGR due to placental insufficiency,

the mortality of the group was 50%, which is in alignment with the findings of Froen et

al. [57,127]. In addition to this, complications during birth were common, with 53% of the

mothers suffering from preeclampsia and 13% being affected by HELLP syndrome [127].

FGR is also associated with several newborn morbidities, such as hypogylcemia,
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hypocalcemia, hypothermia, polycythemia and hyperbilirubinemia [110, 124]. Fetuses
identified as TUGR are also more likely to suffer from intrapartum asphxia and prema-
ture birth [124]. In a study of 4,503 cases of cerebral palsy in singleton pregnancies, it
was found that those with weights below the 10th percentile are far more likely to have
the condition [83].

Poor intrauterine growth has also been related to the onset of various conditions in
later life; Barker et al. described the relationship between low birth weights and the
onset of cardiovascular disease [8]. A later, more comprehensive study by Godfrey and
Barker showed a correlation between disproportionately small neonates and conditions
such as coronary heart disease, hypertension and type 2 diabetes in adulthood [64]. Fe-
tuses identified as being SGA have also been shown to have a higher chance of long-term
neurocognitive impairments; neurocognitive disabilities are more common among prema-
ture SGA infants, while higher instances of poor academic performance, behavioral issues
and depression have been identified in both term and preterm SGA infants [162].

The onset of such conditions have been related to malnutrition rather than to just
relative size for GA, for example maternal pelvic size does not correlate with the onset of
cardiovascular disease in adulthood [8]. It was proposed that these changes in fact occur
in response to poor nutrition during fetal development, favouring short-term survival
(reaching reproductive age) at the cost of health in later adult life and that the diet
of the mother during pregnancy can have an impact on these mechanisms [64]. Shah
refers to a ‘dive reflex” wherein the fetus supplies blood to the developing brain, at the
detriment of liver development and the growth of subcutaneous tissue [162]. Similarly,
in Boito’s study into brain/liver volume ratios of SGA fetuses, the ‘brain sparing effect’
is described as a mechanism which prevents loss of the fetus’s natural brain volume but
causes retarded growth in the rest of the fetus [15]. Geva ef al. point out that this
preservation of brain growth is often insufficient in preventing neurocognitive disabilities,
although the mechanisms behind this disparity are yet to be found [62].

Postnatal growth has been shown to have an important influence on the development
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of some of the negative outcomes of FGR, with children who had been identified as [IUGR
but expressing ‘catch-up growth’ within their first two years, exhibiting reduced instances
of neurological impairment compared to those who did not [162]. It has been suggested
that this could justify the use of growth hormone in infants who had been identified as
IUGR in order to prevent later associated complications, although the long term side-
effects of the treatment itself requires further investigation [162]. Detecting FGR can
also assist in preventing short-term complications, aiding with delivery planning, which
could take the form of induced labour and/or the preparation of facilities for care of a

vulnerable neonate [124,167].

2.2 EFFECTS OF FETAL ALCOHOL SYNDROME

Growth trajectory is not the only influence maternal nutrition can have on the fe-
tus; maternal alcohol intake is another factor which can lead to detrimental fetal health
outcomes. FAS was initially described by Jones and Smith in 1973, who identified a
common set of characteristics in the children of pregnancies associated with maternal
alcoholism [84]. Signs of FAS can include, in broad terms, growth retardation (both pre-
and post-natally), mental deficiencies and a characteristic set of craniofacial deformi-
ties [24,181]. Failure to identify such conditions will mean a lack of appropriate support,
potentially resulting in secondary conditions such as depression [6].

Despite a clearly defined set of possible markers, it is the sheer range of conditions
that an individual patient can present with that often makes FAS difficult to diagnose,
with clinical disagreement over the exact combination and severity of signs that can
merit a diagnosis [109]. Additionally, potential indicators such as growth retardation
could be symptomatic of a number of other fetal conditions (such as those outlined in
Section 2.1.1). On top of this, studies have shown that the exact expression of FAS can
vary with the timing of alcohol exposure; for example, Lipinksi et al. found that mice

exposed to alcohol at different stages of development exhibited varying facial and brain
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Table 2.1: Results from Suttie et al.’s study, showing the prevalence of certain facial features
associated with FAS in an FAS-diagnosed group and a non-FAS group [179]

‘ Sign Description H FAS  Control ‘
Flat philtrum Flattening of the region between the 90.9% 21.7%
base of the nose and top of the mouth
Thin vermilion border = Thin pigmentation region between 90.9% 24.6%

the lips and the surrounding skin
Short palpebral fissures Shortening of the distance between the
extremities of the eyelid 81.8% 11.6%

deformations [103]. Duration and severity of the alcohol exposure can also have an impact
on the exact effects of FAS [181]|. This means that objective, discriminative methods of
diagnosing a condition such as FAS are in high demand.

Due to the fact that craniofacial features have been identified as a qualitative metric
for diagnosing FAS, studies have looked into quantifying the differences between FAS and
non-FAS facial features. Suttie et al. observed the differences in the facial features of
young children via 3D photography in a cohort of 192 subjects, with their investigation
including individuals who were subject to heavy alcohol exposure during development but
did not present with FAS [179]. Their FAS group showed high instances of specific facial
dysmorphism compared to the control group, such as flat philtrums, a thin vermilion
border around the mouth and short palpebral fissures [179]. Details of these findings are
shown in Table 2.1 and a schematic of the different facial features is shown in Figure 2.1.
The children observed, who were aged between 6 and 11, were also shorter (127.0 + 13.1
FAS, 135.6 £ 14.1 control (cm)) and weighed less (25.8 £ 7.2 FAS, 34.2 + 13.2 control
(kg)) than the controls, supporting the notion that growth retardation caused by FAS in
utero can persist into childhood [179].

Spohr et al. studied the continued effect of FAS on a cohort of 60 children diagnosed
in infancy over the course of ten years, and showed that while many of the physical
abnormalities symptomatic of FAS lessened over time and catch-up growth tended to
occur, microcephaly tended to persist (88% of the cohort were microcephalic in the first

observation, 65% in the follow-up), as did mental disability [172]. The findings of Suttie

12



Palpebral fissure '
Philtrum \

Vermilion border

Figure 2.1: Schematic showing some of the facial regions of interest used in the diagnosis of
FAS.

et al. confirm this, with their classification between FAS and non-FAS subjects showing
sensitivity and specificity of 100% and 91% respectively and 5 years of age, but fell to 76%
and 83% respectively at 12 years of age [179]. This shows that diagnosis of FAS should
be established as early as possible, as later in life many of the physical characteristics of
the condition may no longer be apparent. Indeed, Spohr et al. note that many of the
patients in their study either expressed mild FAS or were difficult to diagnose at all in

their follow-up observations [172].

2.3 OBSERVING FETAL DEVELOPMENT

Key points at which scans are made during a normal pregnancy are;

e First Trimester: At around 11-14 weeks, the number of fetuses is checked (as-
sessing whether or not it is a singleton pregnancy), an estimation of the fetus’s
age can be made and conditions such as Down’s Syndrome are screened for during
this scan by measuring the nuchal translucency (the amount of swelling behind the
fetal neck) [124,169]. Bryan and Hindmarsh place the dating scan at around 10-12

weeks, stating the argument that this early in the pregnancy, inter-fetal variability
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is small enough to allow for an accurate estimation of GA [22].

Commonly, the crown-rump length is used to estimate the GA of a fetus in the
first trimester, which will be around 50-90mm at this stage, in conjunction with the
date of the start of the last menstrual period [190]. When calculating GA from the
crown-rump length alone, Robinson and Fleming estimated systemic errors to be
in the order of lmm, relating to an error of approximately one day [152]. Further
to this, they estimated a 95% confidence of +4.7 days GA for a single measurement

and £2.7 days GA for three independent measurements [152].

Although it could be argued that an earlier scan means that systemic errors will
have a greater effect on the estimation of GA, Bottomley and Bourne point out
that several factors make early assessment a better option; specifically that there
is low biological variation in fetal size at this age, and the fetus is not yet able to

move and extend itself [18].

Second Trimester: At 18-22 weeks, an assessment of fetal growth and of the
placenta can be made, and an estimation of amniotic fluid volume is taken [124]. If
the GA is estimated at this age, the biparietal diameter (BPD) is often used [186].
At this time a more complete investigation for abnormality is made, which involves
both checking fetal structures for deformity and making biometric measurements.
There are established guidelines to guide this process from groups such as the
International Society of US in Obstetrics and Gynecology (ISUOG) and the Fetal

Anomaly Screening Programme (FASP) [88,157].

Third Trimester: At 28-32 weeks, further assessment of fetal growth can be
made (although this is not a part of general practice in the UK), wherein general
fetal health is assessed and another estimation of the volume of amniotic fluid is
made [124]. Bryan and Hindmash point out that there have been disputes over the
validity of scans in the third trimester, and that these procedures are only deemed

necessary in circumstances where poor growth is expected or has been observed in
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(b)

Figure 2.2: Ezamples of ellipse fitting to (a) the head and (b) the abdomen as well as (c)
femur length measurement
the second trimester scan [22]. They argue that in severe cases of late-onset [IUGR,
either clinical action will have been taken or the fetus will have died, diminishing
the utility of such a scan [22]. This means that a high sensitivity of the second

trimester scan to deficiencies in fetal growth is essential.

Current clinical fetal growth measurements are 1D, size-based measurements taken
from 2D US images, most often taken from the fetal head, abdomen and femur. Their
current roles are to estimate fetal weight, to make approximations of GA and to make
assessments of fetal size development [154]. These measures are detailed by Salomon et
al. and have been adopted by ISUOG as guidelines for fetal biometry [154,158].

The details of these measurements are as follows:

e Fetal head measurements: The fetal head circumference (HC) can be estimated
by taking measurements of the longest and widest sections of the skull (BPD and

Occipito-Frontal Diameter (OFD)) taken on the same plane:

BPD + OFD)
2

o - ™

(2.1)

Alternatively, it can be found by fitting an ellipse to the shape of the skull, as shown

in Figure 2.2a.

e Abdominal Measurements: Abdominal measures (APAD and TAD) are also

taken. The APAD is a measurement across a cross-section of the abdomen, mea-
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sured from the posterior to anterior outer skin edges, intersecting the spine. The
TAD is perpendicular to this, on the widest section of the abdomen. From this, the
Abdominal Circumference (AC) is:

TAD + APAD)

m(
AC = 5

(2.2)

Similarly to HC, an ellipse can be fitted as an alternative measure, as shown in

Figure 2.2b.

e Femur Length: The femur length (FL) is taken along the full length of the femur,
observed in the horizontal plane. The landmarks in this case are simply either end
of the bone, although in practice these two points can be poorly defined. Figure

2.2c shows an example of a FL. measurement being made from an US image.

INTERGROWTH-21% has aimed to create an international standard for fetal growth
using such measures [11]. Papageorghiou et al. outline the results from recording HC,
BPD, OFD, AC and FL in 13,108 healthy singleton pregnancies [139]. These measure-
ments were taken five times between 14 and 42 weeks GA, demonstrating the range of
ages at which such measures can be taken accurately [139].

However, these are purely sized based measures and so only implicitly describe fetal
nutrition. Another concern for routine clinical use is that inaccuracies could be caused

by taking a 1D measurement on a 2D slice of a 3D object.
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2.4 ALTERNATIVE MEASURES FOR FETAL GROWTH

There are a number of different methods for assessing fetal growth, which are not
included in standard fetal biometric measurements, but may provide additional insight

into the development of the growing fetus. Such measurements include:

e Soft tissue measurement, including limb volume and body fat measurement. The
work of Rueda et al. has focused on obtaining segmentations of 2D US images of

fetal fat [155,156].

e Liver size measurement. The liver is clearly visible in some forms of Magnetic
Resonance Imaging (MRI) scan, but can be particularly challenging in US. At the
time of writing, no work has been reported on semi-automatic or automatic liver

segmentation from 3D US.

e Cranial and brain analysis. This includes head shape, brain volume and the de-
tection and analysis of brain structures. Namburete et al. have made efforts to
perform fetal cranial segmentation, and also to predict fetal GA by learning the

structural changes within the fetal brain through development [119,122].

e Face shape, either in the form of the profile or the full face surface. This is an area
which has been studied widely in young children using 3D photography but is yet

to expand into obstetric studies [45,70,182].

This section will outline relevant studies which utilise each of these methods, clinical

significance and the technical advantages of using these biometric landmarks.

2.4.1 SOFT TISSUE ESTIMATION

Estimates of the percentage of fetal body fat have the potential to differentiate ‘small’
and ‘undernourished’ fetuses, as it has been shown that abnormally thin neonates and

altered fat distributions can be indicators of insufficient nutrition [8,100].
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Catalano et al. were able to show that there is a significant relationship between
birth weight and fat mass; in a study of 188 neonates, birth weight, fat mass according
to the Dauncey approximation and hence lean mass (subtracting the fat mass from birth
weight) were recorded within 24 hours of birth [26]. The Dauncey approximation models
the arms, legs and torso as cylinders with a constant fat thickness and the head as a
sphere containing no fat [46]. The results showed that while neonatal fat contributed to
only 14% of the birth weight, it was responsible for 46% of the variance in birth weight.

A poor relationship exists between the size-based ponderal index, defined as:

weight

ponderalindex = W

x 100 (2.3)

and percentage body fat (%BF), demonstrating a clear discrepancy between size and
nutritional state [26]. From this, it can be assumed that an EFW based on size measure-
ments alone is unlikely to correlate well with fetal body composition. Conversely, they
concluded that fat measurement may be a good predictor for neonatal weight.

Based on postmortem observations, Dauncey et al. found that subcutaneous fat
accounts for 70-80% of total fat mass in newborn infants, suggesting that fat volume
estimates could be suitable for predicting neonatal body composition [46]. Using in vivo
estimates of fat thickness from US images, Gardeil et al. showed that subcutaneous fat
around the abdomen could be used as a predictive indicator for fetal weight, with low
thicknesses of abdominal fat indicating a significantly higher chance of abnormally low
birth weight [59]. Significantly, more cases of low birth weight were found in the group
of fetuses with less than 5mm abdominal fat thickness at 38 weeks than those with over
5mm. However, these measures provided only modest sensitivity (76.2%) and specificity
(66.6%), showing poorer performance than conventional fetal weight estimations. Al-
though related to fetal size, using a 1D thresholding measure is unlikely to be sufficient
in assessing fetal size or body composition. A volumetric measure would allow for altered

distributions of abdominal fat. Additionally, taking measurements at 38 weeks prevents
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Figure 2.3: Variation of abdominal subcutaneous fat thickness with GA as reported by Gardiel
et al. [59/

any significant ‘predictive’ value to these results; at this stage, the nutritional outcome
of the fetus will be set.

Some studies claim that prior to around 30 weeks of gestation, little fat deposition is
visible in US images, limiting how early such measurements can be taken and how much
differentiation is possible earlier in pregnancy [161]. Nonetheless, Gardiel et al. were able
to record subcutaneous fat around the abdomen at around 20 weeks GA in 74% of the
fetuses in their study [59]. Figure 2.3 shows the spread of fat thicknesses with gestation,
and shows how variation increases with GA. This suggests that malnutrition may be
easier to detect later, but a balance must be struck between accurate diagnosis and the
ability to influence growth trajectory. In a review for clinical interventions for FGR,
Gulmezoglu et al. comment that nutritional supplements seem to have some impact on
fetal weight outcomes, but timings of such interventions and whether long term damage
has been avoided is yet to be investigated [67].

Hill et al. concluded that it was not possible to form a distinction between normal
and abnormal size fetuses using subcutaneous tissue thickness [75]. This may be more

indicative of the techniques used in that study rather than the predictive use of tissue
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measurements. Fat has an uneven distribution within a given body region, making a
simple 1D measurement at the abdomen, thigh or arm insufficient to accurately charac-
terise the total amount of subcutaneous fat [161]. Any predictor based on these measures
would be unable to cope with physiological differences between fetuses. In that study,
measurements were of general tissue thickness rather than fat quantification; a given
thickness formed by high muscle and low fat will weigh more than the same thickness of
low muscle and high fat. This was cited as a possible reason for the poor performance
of the tissue thickness in assessing growth |75]. Finally, the pixel resolution of their US
probe was cited as 2-3mm, which was of the order of the fat thickness being measured,
contributing to the discrepancies in measurements [75|. The issues faced by that study
highlight the importance of good resolution 3D measurements and tissue segmentation
in order to make useful predictions of fetal weight outcomes.

Lee et al. studied the ability of various fetal parameters to predict neonatal body
composition (specifically neonatal %BF), including HC, AC, EFW, mid-thigh volume,
Fractional Thigh Volume (TVol) and Fractional Arm Volume (AVol), as well as birth
weight |98]. It was found that the image biomarker with the closest correlation to neonatal
%BF was TVol, being the most significant factor in variance of %BF (46.1%). This was
found to correlate more significantly to body fat measurements than even birth weight
(responsible for 44.7% of %BF). However, as with other investigations of this nature (such
as that conducted by Gardeil et al. [59]), the fetal measurements were taken far too close to
birth to be considered predictive, in this case four days, and the quality of measurements
could be questioned. Despite this, it does show that fetal growth parameters observed
using US can be used to estimate neonatal body composition. With additional work
into how fetal body properties change during pregnancy and advances in measurement

accuracy, it may be possible to extend these calculations to earlier stages of pregnancy.

20



(d)

Figure 2.4: The length of the fetal limb can be seen in (a). A sample of slices are taken along
the length of the limb, which can be seen in (b)-(d). Segmentations taken in this way can be
used to form an estimate of TVol.

FRACTIONAL LIMB VOLUME

TVol is an approximation based on taking a series of 2D US images. It is calculated by
taking an approximated volume across half of the femoral diaphysis length (the shaft of
the bone), as viewed on US; five equidistant slices centred around the mid-point of the
thigh are taken, their areas measured by manual segmentation and used to approximate
the volume [99]. Figure 2.4 shows an example of how such measurements are taken. In
addition to identifying T'Vol as having a close correlation with neonatal body composition,
Lee et al. conducted research into the technical aspects of TVol, such as acquisition,
nominal values and reproducibility of results, as well as the specifics of fetal weight
estimation based on TVol [98-100]. Rueda et al. have based a number of papers on the
segmentation of fetal fat for the purposes of assessing fetal nutrition [155,156].

Lee et al. suggest that the performance of TVol at predicting neonatal body com-
position could be improved by conducting further analysis on the proportions of fat and
lean tissue present within the measured volume [98|. Furthermore, they call for improved
segmentation methods between soft tissue in order to conduct this research [98]. This
further supports the argument that in order to more accurately assess fetal development,
techniques of defining the boundary between fat and lean tissue on US images are neces-
sary.

Mayer and Joseph comment that in the event of TVol providing a more accurate

insight into fetal growth, this measure will only be viable if the increased complication
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and duration of the task is compensated for [110]. As time consuming, manual area traces
are required for the calculation of TVol, it is important that supporting software that can

delineate between soft tissues accurately and efficiently are made available to clinicians.

2.4.2 LIVER QUANTIFICATION

As an alternative to taking measurements of fat volumes, measures of organ devel-
opment have been proposed to assess growth. Liver volume (LVol) has been successfully
estimated from US images and abnormally low values of LVol have been shown to correlate
with FGR [15,16,118|.

Naeye conducted an extensive study of 53,518 pregnancies, which were found to con-
tain around 120 cases of death due to placental infarction [118]. By observing known cases
of placental dysfunction, the investigation allowed for analysis of fetal growth under con-
ditions of poor fetal nutrition. A postmortem study showed that while the body weight
of infants who died due to placental infarction were on average around 15% lower than
values published for healthy infant weights, livers showed an approximately 25% decrease
from nominal values, second only to the thymus in terms of decrease in expected growth
of the organs measured [118|. This indicates that estimation of LVol may be useful in
assessing fetal development.

Boito et al. assessed the use of the ratio between hepatic volume measurements
and HC compared to AC by comparing each measurement between sets of healthy and
growth restricted fetuses [16]. In a study of 24 growth restricted fetuses and 85 normal
pregnancies, the mean values of each measurement on growth restricted fetuses were
expressed as a percentage of the median in normal pregnancies, with liver outlines traced
manually. This gave a value of 45% for LVol, 90% for HC and 82% for AC, suggesting

that LVol is a good indicator of FGR. However, using a z-score, calculated as zscore =

IUGRMeasure—MeanHealthyMeasure
StandardDeviation

to not be a better indicator of FGR than AC [16].

, LVol showed an improvement over HC but was deemed

The work of CH Chang et al. is very encouraging in the use of liver measurements
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to assess fetal growth, showing in a study of 42 growth restricted fetuses and 375 normal
fetuses that LVol has a sensitivity of 93.6% and specificity of 97.6% in detecting FGR. [30].
In contrast to the observations of Boito et al. [16] this was shown to be a better esti-
mator than AC (approximate values from the Receiver Operating Characteristic (ROC)
curve; sensitivity 88%, specificity 75%) and EFW (approximate values from ROC curve;
sensitivity 75%, specificity 87%) in assessing FGR [30].

It was suggested by CH Chang et al. that further investigation should be made into
the relationship between brain volume and LVol to assess fetal growth, as had previously
been assessed in another Boito et al. paper [15,30]. This report studied the ratio between
brain volume and LVol; in growth restricted fetuses, the brain sparing effect prevents
significant loss in brain volume, providing an approximation for the fetuses ‘natural size’
[15]. This correlates with Naeye’s observations, which showed that the brain had one of
the lowest changes in size between cases of placental infarcts and normal pregnancies [118].
Comparing brain volume to LVol, which is more significantly affected by FGR, can be
assumed to be a useful measure to assess growth. Comparing 47 AGA to 23 SGA fetuses,
it was found that the mean brain/liver volume ratio was significantly different; 5.9 £+ 1.9
in SGA fetuses compared to nominal values of 3.4 £ 0.7 [15]. LVols were estimated using
10 manually segmented slices on the sagittal plane, while brain volumes were estimated
from HC. One consideration to make with this paper is that the definition of a SGA fetus
is taken as a weight of below the 5th percentile [15] rather than the more conventional
10th percentile |26, 30,59,98,99]. A high brain/liver volume ratio was also found to
be an indicator of fetal outcome for fetuses with a GA of under 29 weeks. This study
shows that there is potential for using liver measurements to estimate fetal outcomes and
assess growth, although a larger study with a more accurate estimation of LVol (since
the original study used an approximation based on only 10 slices) would be required to
establish the relationship firmly. Semi- or fully-automated segmentation techniques could
be used to improve the efficiency of slice segmentation and allow for the use of 3D US

rather than the estimations used in this study. This improved accuracy could compensate
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for the study’s use of the 5th percentile.

The exact method of segmentation of liver slices has varied through different studies.
Measurements of LVol taken by Boito et al. were based on 10 manually traced sagittal
slices, taking the diaphragm as the upper boundary [15]. In a study of LVol in fetuses
with chromosome abnormalities, Gielchinsky et al. used 12 slices rotated around a fixed
axis [63]. In both cases segmentations are manual. CH Chang et al. use a 3D US probe,
but the exact method of segmentation is not commented on [30]. Automated or semi-
automated segmentation techniques could be useful in aiding the segmentation process,
especially as the liver is a particularly difficult organ to visualise accurately in US.

Hata and Deter reviewed other organs which can be successfully measured using US,
including brain structures such as the cerebrum and cerebellum, the heart, lungs, thymus,
spleen, pancreas, stomach, gallbladder, kidney, adrenal gland, intestine and bladder [73].
Some of these may have little use in nutritional assessment, for example the ‘brain sparing
effect’ described by Boito et al. makes brain structure measurements alone a poor measure
of nutrition [15]. In addition, some of these organs were reported to be difficult to
image (the thymus edge was found difficult to determine and bowel loops for intestine
measurement were only observable in 30% of fetuses), preventing consistent, reliable
measurements [73|. The size and sensitivity to environments of poor nutrition make the

liver a good candidate for organ measurements.

2.4.3 BRAIN AND SKULL ANALYSIS

Another method of determining the growth trajectory of a fetus is to detect and
evaluate the size of the brain and the structures within. It has already been discussed
how fetal growth will prioritise the brain, and the resulting ‘brain sparing effect’” means
that brain size can theoretically be used as a benchmark from which to compare the
growth of other anatomical features in the fetus [15].

Al-Riyama et al. conducted a study into the ability of the ratio between HC and AC

to identify growth restricted fetuses [127]. Their investigation observed a cohort of 107
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pregnancies identified as growth restricted by placental malfunction, 58% of cases were
found to have an abnormally high head-to-abdomen ratio (termed ‘asymmetric’), which
is a far higher proportion within a group than would be expected [127]. While this shows
that the ‘brain sparing effect’ can potentially be used to confirm diagnosis of FGR, using
this metric alone may lack predictive power, with many TUGR cases (according to their
study, 42%) not exhibiting a high head-to-abdomen ratio [127].

The shape of the fetal head can also be significant in determining instances of fetal
abnormalities. Namburete et al. segment the fetal skull in US images using superpixels,
with the intention of detecting such fetal cranial dysmorphism, as these deformities can
be indicative of a number of different fetal health problems [119].

The detection and analysis of structures within the fetal brain can be important tools
in assessing developmental health. Namburete et al. use machine learning techniques to
locate the choroid plexus in US images, which can be used to determine the correct plane
from which to calculate standard biometric measurements of the fetal head [120]. Aside
from the alignment of the view, detection and visualisation of the choroid plexus is useful
as the presence of cysts can indicate instances of trisomy 18 [120].

In an aggregation of results from previous post-mortem studies, Swayze et al. identify
a number of commonly found fetal abnormalities in cases of FAS, including instances of
abnormally small brains and defects in the corpus collosum, specifically cases where it
is partially or completely missing [181]. These results were confirmed by their own post
mortem and brain MRI study, which were conducted in a cohort of ten patients who had
been diagnosed with FAS [181]. It is possible that these features could be identified from
US images of the fetus, particularly earlier in gestation, before the skull becomes too
much of an acoustic barrier.

However, it is important to note that while there was a set of brain abnormalities
apparent in each case of FAS, there did not appear to be a consistent set of brain features
which could be used to diagnose the condition without further context, and certainly could

not discriminate between conditions. Microcephaly, for example, could indicate a vast
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range of medical conditions as diverse as genetic mutation, inherited traits, injury and
degenerative conditions [116]. Consequently, brain size and features, while a potential
method for suspecting a diagnosis of FAS, may not be basis enough for confirmation.
Additionally, this means that using the ‘brain sparing effect’ to compare if the size of
other organs are under- or over-sized will not always be a valid assumption in high-risk

pregnancies.

2.4.4 FACE ANALYSIS

A number of health conditions (both genetic and preventable) have been shown to
express themselves through variation in facial shape [70]. Hammond et al. were able to
show not only that facial analysis can be used to determine between controls and those
suffering from a range of syndromes, but that it is also possible to discriminate between
these conditions, meaning that face shape has the potential to be a powerful diagnostic
tool [70].

Of the conditions which can express themselves in facial structures, FAS is of partic-
ular interest within the context of this thesis, as it is both a preventable condition and
influenced by maternal diet, relating this problem to that of fetal nutrition. However,
detection can only occur after the condition has set in, when corrective measures cannot
be taken to reverse the effects of the condition. Despite this, early detection is impor-
tant as it has been demonstrated that the symptoms of FAS can become less visible over
time |172]. Additionally, diagnosis in utero allows for treatment planning and can allow
for intervention to prevent further damage.

FAS is associated with behavioural difficulties, stunted growth and lowered intelligence
and, more significantly to the application of US monitoring, results in physical differences
such as flat philtrums, short palpebral fissures and reduced HC, which can theoretically be
used to detect it [179]. However, Lipinski et al. point out that FAS is often misdiagnosed,
as they showed that facial variation in animal studies can vary depending on the timing

of exposure during the pregnancy, and this may translate to variation in modes of facial
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variation in alcohol-exposed human fetuses [103]. It is therefore important that a detailed
model to represent the variation of dysmorphism related to FAS can be created.

Studies into facial dysmorphism typically use facial analysis from 3D photographic
images to show that it is possible to characterise facial features from extracted surfaces
and hence diagnose instances of a number of conditions. Related investigations which have
attempted to form objective assessment of the differences between the facial features of

those affected by such conditions and control groups include the following:

e Hannes et al. used a dense shape model created from 200 3D face images of control
subjects and 100 images from subjects diagnosed with the genetic condition Wolf-

Hirschhorn syndrome to inform diagnosis [71].

e Fragile X syndrome can also be expressed in facial variations, though these can
be subtle and are rarely used to diagnose the condition [74]. However, Heulens et al.
were able to show the locations and variation of facial differences between affected
and unaffected groups by analysing 3D images from 373 control and 75 example
cases, even detecting dysmorphic features at earlier ages than previous studies and

identifying new differential features |74].

e Suttie et al. were able to successfully classify cases of FAS from both the full facial
surface and facial profile in a study that utilised 3D photography from 192 children
of varying levels of maternal alcohol exposure during development [179]. Levels of
exposure were established via interviews, with average alcohol consumption across
the cohort of 2.8 standard drinks per day and heavier consumption over weekends

[179].

¢ Bardet-Biedl syndrome also expressed itself in subtle ways that were difficult to
characterise without 3D facial and nasal analysis, which Tobin et al. performed on

230 controls and 83 patients, separated by age [184].

e Tassabehji et al. conducted a study into the facial dysmorphism of Williams-
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Figure 2.5: (a) Mean fetal face shape, taken from 20 examples (full description in Chapter 5).

Figures (b) and (c) show the corresponding heat map projected onto the mean facial surface. In

each case the colour shows the difference at each point between the facial surface height and the
mean surface.

Beuren syndrome, with a cohort of 185 control subjects and 85 afflicted subjects,

with ages ranging from 2 weeks to 20 years, finding abnormalities in the skull and

jaw [182].

e Bhuiyan et al. separated 39 subjects afflicted by Cornelia De Lange syndrome
into ‘classic,” ‘mild,” ‘possible’ and ‘definitely not’ CdLS phenotypes based on clini-
cal measures which included prenatal growth and skull circumference, facial assess-
ment, limb deformities and behavioral assessment [10]. A subset of 20 subjects had
3D facial images taken, 15 of which were found to be classified as ‘classic’ or ‘mild,’
labelled with 21 repeatable landmarks and used to form a plot of face shape against

195 control subjects [10].

e Cox-Brinkman et al. constructed their model from 206 3D images of faces from a
set of 160 control subjects and 42 with Fabry disease [45]. Their studies showed
that classification accuracy varied greatly between the sexes, with closest-mean
classification. This is a form of classification where a mean face is created from the
affected and unaffected groups, and then individuals are classified by finding which

of these examples they are most similar to.
The above state the use of Dense Shape/Surface Models (DSM) in order to construct
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their models, which is described by Heulens et al. as a model composed of a set of
principal components which are able to describe the variation in shape for 3D surfaces [74].
Another tool frequently adopted by such studies is the ‘heat map,” which shows where
facial variation between groups is expressed, and the general extent and direction of
displacement and is thought to be a useful tool in informing clinical decisions [179).
Figure 2.5 shows an example of such a heat map of two examples of fetal faces (however,
it should be noted that it is more common to show the heat map of the mean for different
cohorts within a study rather than that of individuals).

Confirmation of the surface models in identifying their respective conditions are varied
across these studies. Bhuiyan et al. compared five "possible" cases of Cornelia De Lange
syndrome to their shape model, finding that two showed similarities to the afflicted group,
two were more similar to the controls and one showed unrelated dysmorphism [10]. In
their study of facial dysmorphism in Fabry disease, Cox-Brinkman et al. performed
analysis on results from closest-mean classification of the faces used to construct the
model [45].

Suttie et al. also confirm their findings by testing the classification accuracy of the
facial surface model they created for FAS [179]. Forming 20 classifiers using 90% of the
faces as a training set and 10% as a test set, pairs of FAS and control faces (determined
by clinical assessment without knowledge of maternal alcoholism) were classified showing
a mean agreement with clinical diagnosis of 0.967. However, it should be noted that this
is a significantly simpler and far less clinically relevant classification task than classifying
individual instances of faces. Since pairs will already consist of one FAS and one non-
FAS, the ‘more-FAS’ face will be classified as FAS, which may actually be closer to the
control mean than the FAS mean, and so would not be diagnosed correctly if observed
individually. Classification also appeared to be successful using the full face surface
(agreement to clinical assessment of 0.967 to 1 depending on the classification method
used), facial profile (0.917 to 0.933) and selected regions around the face, specifically

around the eyes, nose and mouth, each calculated separately [179]. Although pair-based
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classification remains unsuitable for clinical use and the results are arguably skewed
favourably because of this, the comparability of facial profile and facial surface results
at least suggests that 2D facial profiles could be a sufficient metric in diagnosing FAS,
which could be translated to 2D US acquisitions.

At the time of writing, no study has used this form of analysis on surfaces segmented
from 3D US images in order to delineated shape variation in the fetal face. Kurjak et al.
provide a detailed explanation of fetal facial development, and state that the face can be
reliably rendered between approximately 18 and 36 weeks GA, which suggests that these
forms of study would be feasible on fetal faces [94]. Since FAS has been shown to cause
the most visible variation in the philtrum (the central region between the upper lip and
nose), it may even be possible to classify whether or not a fetus has been affected by
FAS using only a 2D contour of the facial mid-line [179]. Therefore, potential avenues for
examining whether facial variation can be used to detect fetal health conditions would
be to use shape modelling techniques in conjunction with segmented profiles from both
segmented 2D contours from US and segmented surfaces from 3D US of the face. This
means that methods developed in the segmentation of surfaces in US will translate well
as a starting point for the process of determining whether the fetal face can be used to
diagnose conditions such as FAS prenatally. From this point, parameterised descriptions
of the facial profile and/or surface could be used to differentiate between healthy and

unhealthy fetuses.
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2.5 OBJECTIVE OVERVIEW

This thesis explores three main objectives, which are as follows;

e Develop a tool to aid in the segmentation of fetal fat in 2D US images
(Chapter 4): While size at a given GA is often used as a predictor of fetal nu-
trition, it is not necessarily indicative of fetal health. TVol has been proposed
as a measure for assessing fetal development, but it is necessary to delineate the
boundary between fat and lean tissue in order to make improved predictions on
fetal body composition and therefore nutrition [98]. As time consuming, manual
area traces are required for the calculation of TVol, it is important that accurate,
semi-automated methods that can delineate between soft tissues are available, and

can be used over a range of image qualities.

e Expand this tool to full 3D liver segmentation in MRI and US (Chapter
5): In order to accurately determine the level to which liver growth has been
impaired, it is important to measure the volume of the organ, as its irregular shape
and general lack of internal landmarks makes it poorly suited to estimate based
on calculations of cross-sectional area [29]. The liver is particularly difficult to
visualise compared to other organs, and so automated methods to find its boundary
(in the form of a contour or surface) may be most suitable to aiding clinicians in
determining its volume. In some cases, the liver boundary will appear very faintly in
an image slice, but the position of the boundary in adjacent slices will help confirm

the decision as to where the actual boundary lies.

e Modify this method to segment both the 2D profile and 3D facial surface
in US images, and use this to develop a method of modelling fetal face
shape to potentially show a correspondence between FAS and fetal face
shape (Chapter 6): Maternal alcohol consumption has been shown to be related

to FAS; a condition which can have long term adverse effects on development [84].
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The segmentation and subsequent shape characterisation of the fetal profile and

facial surface may provide an insight into diagnosing the condition prenatally.

2.6 TECHNICAL CHALLENGES

Segmentation of fetal subcutaneous limb fat and fetal liver have been identified as
promising metrics for the assessment of fetal nutritional state, and so it is important
that tools are developed specifically to target quantifications of these key landmarks. By
facilitating the calculation of such volumes, it can be possible to move towards developing
techniques to assess fetal growth that rely on explicit rather than implicit markers of fetal
nutritional state. US is already commonly used in routine assessments of fetal growth,
and other modalities can present an unnecessary risk to development. In the case of
x-rays the dosage of radiation is actually well within safe levels but associated maternal
anxiety should be avoided, while MRI presents the risk of acoustic damage [35,150]. It
is therefore essential that such volumes can be extracted from US data.

US as an imaging modality can present a number of issues which make conventional
imaging techniques fail. Shadow from dense objects can obscure sections of the image
and occlude boundaries, speckle can make boundaries between tissue appear unclear,
the image attenuates with distance, resulting in poor contrast further away from the
transducer and signal dropout can also occur [128]. Variation in the appearance of tissue
between fetuses and with GA can make it difficult to train segmentation methods on fetal
US images.

US operates by sending a series of acoustic pulses and detecting the time between the
sent signal and the received echoes as well as the amplitude of these echoes. Acoustic
reflections occur when the pulse bounces off an acoustic boundary, which can either be the
boundary between different tissue types or due to the presence of small ‘scatterers’ in the
tissue. This means that the intensity of the signal only shows the difference in acoustic

impedance between tissues forming the boundary, and not any properties of either of the
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tissues individually. Additionally, since multiple echoes will occur as the pulse travels
through the scanned object, the power of the remaining signal decreases as the depth of
the image increases, and the intensity of boundaries appears reduced (this is known as
signal attenuation). In cases where there are objects which present very high acoustic
boundaries, such as bone, only a small proportion of the signal is able to pass through,
creating a region of very low intensity below the object, resulting in a phenomenon known
as shadowing. This means that simple forms of image segmentation, such as intensity
thresholding, are largely unsuitable for US, as intensity is representative of a certain kind
of tissue.

Similarly, problems may occur when intensity-gradient based techniques are applied
to US; these are only useful if speckle and noise are of low amplitude compared to the
changes in intensity along boundaries. While this may be appropriate for, as an exam-
ple, segmenting tissue from surrounding fluid, it can be an issue when segmenting a soft
tissue boundary, as the intensities on either side of the boundary will generally be simi-
lar. Commonly, imaging techniques employing intensity analysis are less suitable for US
images [148|.

An additional challenge presented by fetal segmentation is the difference in opinion
between operators. Any method that involves user interaction has the potential to result
in varying outcomes between different segmentation attempts, potentially impacting on
the accuracy of the segmentation. Sarris et al. investigated the impact of these differ-
ences in a study comparing results calculated by three clinicians on 140 fetuses, finding
intraobserver variability of £3.0% for HC, £5.3% for AC and 45.3% for FL, and in-
terobserver variability £4.9% for HC, £8.8% for AC and £11.1% for FL [159]. This
scale of variation presents the potential for misdiagnosis of SGA fetuses. The method of

segmentation should therefore attempt to limit inter- and intraobserver variability.
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Figure 2.6: (a) Schematic of fetal arm composition. (b) A typical US image of a fetal arm
cross-section. The region outlined by the red dotted line shows an area of shadowing caused by
the humerus bone, altering the appearance of the adipose tissue layer in that region.

2.6.1 FAT SEGMENTATION

Figure 2.6a shows an approximate schematic of the fetal arm composition; the region
of interest in our case is the adipose tissue on the outermost layer. This has then been
overlaid onto a US image of a fetal arm cross section in Figure 2.6b. The separation
of fat from muscle using US images is a rather specific boundary finding problem. The
properties of fat and other forms of tissue will be far more similar than between, for
example, tissue and fluid, meaning that boundaries will have a relatively low contrast.
This could make it difficult to segment using conventional techniques, especially intensity-
based methods such as thresholding and intensity-gradients, and statistical measures
could also suffer from poor distinction between regions.

Ng et al. have attempted to tackle the problem of human fat segmentation and
measurement, providing a good summary of the properties of fat when observed by US and
key issues that arise from attempting to identify regions of fat compared to other tissues,
as well as a comparison of cell structure [126]. In order to identify fat from surrounding
tissue, the spectrum along individual radio frequency (RF) scan lines (essentially the raw
US signal, unsuitable for visualisation but useful in analysis) is assessed using Fourier

analysis. The techniques proposed by Ng et al. are used in a context of calculating fat
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depth from the skin surface, allowing for a number of assumptions (for example, the order
of tissue types with image depth) and are therefore unsuitable for our application [126].
The error of the technique against skinfold caliper measurements was found to be in
the order of millimeters and it was found to be difficult to detect thin layers of fat,
which could have a severely detrimental effect on area calculations [126]. Tt should be
considered that this could be more indicative of the error between US measurements
and physical measurements of fat rather than the inaccuracy of the image segmentation
techniques used. Their investigation incorporates data from 11 beam angles and 4 probe
locations, which is not a common obstetric set-up and may be an issue when imaging a
non-compliant subject such as a fetus. However, there is a growing interest in this form
of measurement of fetal biometrics. A related but different approach of fusing multiple
viewing angles to form an improved image for segmentation has been proposed by Yaqub
et al. using 6 angles [202] .

Rueda et al. have proposed a method that deals directly with the issue of fat segmen-
tation in US [155]. This technique uses the structural information of Local Phase (LP)
with Fuzzy Connectedness (FC) to form an automated technique which segments regions
of fat in images of fetal thighs and arms. FC is a measure of how strong the ‘connection’
between any two pixels is by finding the strongest link along all paths between them [155].
Compared against manual segmentations of clinical images, the technique was found to
have a precision of 93.5% =+ 1.91% and a recall of 82.8% =4 5.74%. This shows that there
is promise in using LP and FA based methods for fat segmentation in fetal US images.

The accuracy of FC segmentation is explored in more detail in Section 4.5.2.

2.6.2 LIVER SEGMENTATION

A number of investigations have been made into the calculation of LVol and the
prediction of growth trajectories [7,16,29,31,93,96]. Table 2.2 gives a summary of these
studies, including estimates of LVol at 23 and 31 weeks based on the equations derived

from each study. These values of GA have been chosen as they represent the maximum
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Table 2.2: Equations for LVol from GA, as estimated by a number of different population-based
studies, along with the scope of each study. Populations have been separated into fetuses identified
as ‘normal’ (AGA), fetuses identified as SGA and fetuses identified specifically as IUGR. Each
study’s estimate of fetal LVol at 23 and 31 weeks GA have also been calculated.

’ Paper Ref H Year GA (weeks) Location Sample ‘ 23wks (ml) 31wks (ml) ‘
Baker [7] 1995 23+ UK 21 AGA | 6.65 75.05
11 SGA
FM Chang [31] || 1997 22-31 Taiwan 55 AGA | 22.56 57.63
Laudy [96] 1998 19-39 Netherlands 25 AGA 17.39 65.95
Kuno 93] || 2002 20+ Japan 14 AGA | 19.10 55.75
10 SGA
Boito [16] || 2002 20-36 Netherlands 85 AGA 19.77 60.05
24 TUGR
CH Chang [29] 2003 20-40 Taiwan 226 AGA | 22.16 48.79

and minimum ages that all of the studies cover. Boito et al. and Laudy et al. estimated
LVol from ten manual segmentations [16,96]. Baker et al., FM Chang et al., Kuno et
al. and CH Chang et al. estimated volume from manual slice-by-slice segmentations,
with slice widths specified as 10mm |7], 2mm [31], Imm [93] and 3mm [29] respectively.
By manually segmenting dense 2D sections to form an estimate of the 3D volume, the
process of finding the LVol can be very time consuming.

CH Chang et al. highlight the importance of 3D measures against 2D measures when
it comes to assessing the liver [29]. They comment that using a 2D measure as an estimate
of a 3D volume relies on the assumption that the target object has a regular, predictable
shape, which is notably not the case in the fetal liver [29]. Calculating a 3D measure
of volume over 2D is a justifiable objective, but taking this value from a series of 2D
slices can be challenging; in the study by Boito et al., which estimated hepatic volume
in this way, it was reported that manual volume calculation of the liver took around 15
minutes per case [16]. This can be a massive drain on clinical resources, particularly in
studies involving large amounts of data, and could be a significant obstacle to taking
LVol as a part of standard fetal monitoring. Additionally, image volumes were not always
considered viable for volume calculations; failure to calculate values of LVol occurred in

18% of their sample of normal pregnancies and 23% of their growth restricted cases [16].
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This further supports the idea that a move towards automated measures of segmentation
is desirable to make LVol measurement a standard metric for assessing fetal health.
Kuno et al. observed in their study that while their sample of SGA infants displayed
a normal value for liver length in 70% of cases, all were in the lower 10th percentile for
LVol, noting that the complex shape of fetal organs means that volume, surface area and
weight measurements are far more useful measurements in fetal growth assessment [93].
Similarly, CH Chang et al. state that the use of 2D US images in fetal assessment assumes
standard geometry, which is particularly unsuitable in the case of the fetal liver [29].
Liver segmentation presents a similarly challenging set of problems for segmentation
methods, with few reliable landmarks, irregular geometry and often poor contrast be-
tween the liver and surrounding tissue. Very few techniques deal specifically with liver
segmentation in the context of fetal LVol measurements, and liver segmentation in adults
is also deemed a very challenging problem. However, efforts have been made to char-
acterise liver tissue in order to identify lesions and tumours in adults, which could be

applied to the segmentation of the liver in fetuses.

2.6.3 FETAL FACE ANALYSIS
At the time of writing, there have been very few studies into the analysis of facial fea-
tures from fetal US images. Much of the current literature involves manual segmentation

or visual assessment. For example;

e Nelson and Pretorius [125] and Lee et al. [97] made early attempts at rendering the
3D body and facial surfaces respectively from US to facilitate clinical diagnosis of

abnormalities .
e Sonek et al. manually measured the nasal bone length of 3,537 fetuses [170].

e Rotten and Levaillant set out to establish protocols for the assessment of the fetal
face in 3D US [153|, while Kurjak ef al. outline assessments which can be made

with the aid of 4D US [94].
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There have also been a number of relevant papers in the two separate tasks of facial
morphological analysis and the segmentation of fetal heads and faces. Each of these tasks
present a number of challenges which must be overcome.

Feng et al. and Chen et al. have conducted research into the automatic detection of
fetal faces from 3D US volumes, the latter relating the problem to studies of face detection
in 2D photography and 3D laser scanners rather than other problems of feature detection
in US [34,55]. The challenges they cite as problematic include many of those already
covered in the difficulties presented by segmentation in soft tissue and liver segmentation
in US, such as poor contrast, varied appearance, speckle and shadowing. However, ad-
ditional issues include the potential variation in position and pose of the fetus and the
issue of incomplete faces due to the limitations of the sweep of 3D US probes [34, 55].

Feng et al.’s solution is to use a sparse face mesh, which is fitted to the fetal face
via a combination of 3D feature detection and 2D profile detection, and then objects
obstructing the face are removed with a process they refer to as ‘carving’ [55]. However,
these methods were created with the intention of providing obstetricians with the best
possible view of the fetal face, rather than a segmentation, and so the facial surface is
never actually acquired, but only implicitly found with the 3D mesh. This is reflected in
their results, which show an error (measured as the Euler distance between points on the
‘ground truth’ surface and their segmented surface) in the order of 7mm [55]; potentially
acceptable for their application but not sufficient for face analysis.

Chen et al. also tackle the problem of fetal head segmentation by starting with a mesh
model, but choose to construct a mesh of the entire head rather than just the face [34].
Gabor filters are used to find the eyes as a starting point, then feature based registration
aligns the model and finally the boundaries are adjusted using a 3D snake-based deforma-
tion [34]. While the final model is sufficient to make standard biometric measurements,
further investigation would be required to find out whether this can provide the facial

detail necessary to perform accurate facial shape analysis.
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Previous investigations into characterising facial structure of children from 3D photog-
raphy have defined faces using a number of points ranging from 16,000 to 25,000 [10, 74].
The resolution of faces constructed from 3D photography may prove challenging to match
in US images, due to both the reduced spatial resolution compared to photographic im-
ages and the smaller facial surface of the target object. A further issue is that the field
of view of the probe may be insufficient to capture the entire face, particularly later on
in gestation. Detection methods such as those described by Feng et al. [55] would result
in insufficient detail compared to what is required for effective face analysis.

Additionally, there is far less control over the expression of the fetal face; in child and
adult studies, it is possible to gain a neutral expression for analysis with relative ease, but
in fetal studies this is not the case. Kurjak et al. even suggest the use of 3D and 4D US
in the observation of fetal facial expressions to monitor behaviour and potentially unlock
additional diagnostic capability [94]. For the purposes of structural fetal face analysis
however, this can be detrimental.

Change in expression is particularly problematic concerning the mouth, which could
take a variety of modes between fully open and fully closed, and actions such as yawning,
sticking out the tongue or thumb sucking have the potential to interfere with segmenta-
tion. This may not in fact be problematic, since in the photographic study conducted
by Hammond et al. into the classification power of separate regions of the face of infants
(full face, around the eyes, around the nose and around the mouth), it was found that
mouth shape was a less effective metric in children than in adults, which may make it
a less important region in fetal studies [70]. It is also possible that asymmetrical facial
expressions can occur during scanning, which could confuse results, as facial asymmetry
can be a sign of a number of fetal health conditions [94].

Segmentation of the fetal face provides a number of challenges, many of which are held
in common with the problems raised by liver and soft tissue segmentation. In addition to
this, the requirements of the segmentation are high, both in accuracy and resolution, for

the facial analysis to be effective. However, one benefit this anatomical feature has is the
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number of reliable and repeatable landmarks which could be used to guide segmentation

more effectively.

TOOLS FOR ULTRASOUND SEGMENTATION

Monitoring Fetal Growth: In order to achieve the goal of accurate, repro-
ducible and fast segmentation of fetal soft tissue, hepatic volumes and the facial
surface, it is essential that a set of tools are developed in order to aid clinicians in
segmenting these key regions.

Fetal Alcohol Syndrome: The primary target of this area is to segment the
curve of the face profile and assess whether or not this can be used to determine
whether a fetus is affected by FAS. This can then be extended to the fetal face
surface, at which point the most effective facial regions for determining instances of
FAS can be found.

Technical Goals: The aim is to create a clinical tool which is highly intuitive
to operate and allows for segmentation in the challenging setting of fetal US. The
tool should clearly reduce the time and effort required to perform accurate segmen-
tations of the biometric features targeted in this thesis. In the case of FAS, a way of

characterising the segmented face shape is required.

The personal contribution in this chapter is a discussion of the clinical issues surrounding
the definition and measurement of metrics for fetal development, as well as the justification for
the use of segmentation methods in the field.
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CHAPTER 3

IMAGE ANALYSIS IN ULTRASOUND

This second literature review chapter investigates the state of the art in US image segmen-
tation and evaluates how useful such methods may be in the context of the segmentation

of fetal biometric landmarks.

3.1 SEGMENTATION IN ULTRASOUND

In the US image segmentation survey by Noble and Boukerroui [128], a number of
different classes of techniques to delineate boundaries between different regions were iden-
tified; these include intensity, intensity-gradient, local phase, texture, shape, motion and
statistical analysis. US images tend to have poor contrast, low signal to noise ratio and
contain speckle, meaning that different techniques to those used in other imaging modal-
ities (such as X-ray, CT and MRI) may be necessary to extract physical boundaries [149].

Intensity thresholding is largely unsuitable for US, as image intensity is based on the
difference in acoustic impedance between tissues rather than the properties of the tissue
itself. Similarly, problems may occur when intensity-gradient based techniques are applied
to US; these are only useful if speckle and noise are of low amplitude compared to the
changes in intensity along boundaries. While this may be appropriate for, as an example,
segmenting tissue from surrounding fluid, it can be an issue when segmenting a soft tissue
boundary, as the intensities on either side of the boundary will have greater similarity.

A gradient still exists at large scales, but at small scales, intensity gradients caused by
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Figure 3.1: Ezamples of challenging imaging conditions often found in fetal US (a) Fetal arm
cross section at GA 39 weeks and 1 day (b) Fetal abdomen at GA 32 weeks and 4 days.

speckle can be on a par with those caused by tissue boundaries. Commonly, imaging
techniques employing intensity analysis are less suitable for US images [148|. LP can
describe local structures in an image and have been shown to be of use in echocardiography
and fetal US [149]. LP can be described as ‘intensity invariant’, showing structures rather
than ‘energy,” which is particularly useful in US where image contrast is poor [148|. This
method is discussed further in Section 3.3.2.

In a medical image analysis challenge event to automatically find fetal biometric mea-
surements, Rueda et al. found that no entrants attempted fetal abdominal measurements,
stating that this is the hardest of the biometrics to automatically calculate, owing to vari-
ations in internal structures both over GA and between fetuses, as well as poor boundary
definitions [156]. Figure 3.1 shows an example of the imaging conditions often found in
fetal US. From the image of the fetal arm cross-section, severe speckle, variation in image
intensity, disrupted boundaries from shadowing and poor contrast between tissue can all
be observed. The image of the fetal abdomen also shows significant shadowing along the
right-hand side and signal attenuation with image depth. Any methods used to segment
anatomical features of fetal US images will need to take these problems into consideration.
Furthermore, it is very difficult to validate the absolute accuracy of US measurements for

in utero applications. This is an issue that will be faced by all segmentation techniques
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3.2: Optimisation Methods 3.3: Image Features
3.2.1: Active Shape/Appearance 3.3.1: Local Histogram Methods
Models (ASM/AAM) Grey level statistics

3.2.2: Level Sets Makagami distribution

3.3.2: Local Filter-based
Methods
3.2.4: Graph Cuts e e

3.2.3: Active Contours/Snakes

3.2.5 Superpixels Feature Asymmetry

3.2.6: Live Wire Local Binary Patterns (LBP)
3.3.3: Non-Local Means

3.2.7: Live Lane

Figure 3.2: Summary of segmentation methods and tools described in this chapter, and which
sections address them.

described, and should therefore allow for fair comparison.

The methods for image segmentation that are covered in this thesis can be broadly
divided into optimisation methods and image features; these two aspects of the segmen-
tation method work hand in hand. Optimisation methods are used to find the most
appropriate or optimal boundary in the image, while the image features drive this pro-
cess and inform how a boundary is defined based on image properties. For optimisation
methods, semi-automated methods are primarily investigated, which require some form of

user interaction to operate. Figure 3.2 provides a summary of the key areas this chapter

covers.
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Table 3.1: Summary of optimisation methods for image segmentation

Optimisation | Application Strengths & Limitations
Method
Active Shape | Echocardiography [17,115,141] Strengths: Can include the appearance of shadowing as part of the
/Appearance | Prostate in US [166] model
Models 3D Facial photography [14] Limitations: Deviations on a mean representation, potentially requires
Fetal anatomy in US [82] large data set to capture variation across GA in fetal US
Level sets Echocardiography |9] Strengths: Flexible tool for image segmentation, can force rigidity to
Left ventricle tracking in MR and US | compensate for shadowing.
[140] Limitations: Requires the tuning of abstract properties to alter seg-
mentation, may require different parameters across GA, often fail to find
a globally optimised solution
Active con- | Heart structures in MRI [203] Strengths: Can compensate for shadowing
tours/snakes | Breast cysts in US [203] Limitations: Can become trapped in local minima, limited functional-
Bone in CT [203] ity on higher dimensions, may require different parameters across GA,
Echocardiography [114] unintuitive user input
Graph cuts Cervical lymph nodes in US [32] Strengths: Optimise globally, can be used in nD space
Fetal head in US [40] Limitations: Unintuitive user input, often fail to find a globally opti-
Breast tumours in US [36] mised solution
Gallstones in US [4] Liver in CT [50]
Prostate in US [206] Photography [20]
Superpixels | Segment the fetal skull in US [119] Strengths: Respects object boundaries in US, good way to simplify
Tumours in US [72,145] segmentation problems
Photography [3,58,151] Limitations: Susceptible to shadowing and attenuation, requires clas-
sification of each superpixel, difficult to control
Live Wire Brain MRI [130] Strengths: Highly intuitive user input, user can observe potential
Bone MRI [52] boundary positions, can adapt as the user adds anchor points, piece-
Knee CT [52] wise inputs are possible
Gall bladder in US [101] Limitations: Requires more user interaction than other methods
Live Lane Bone MRI [52] Strengths: Highly intuitive user input

Limitations: Difficult to use with a mouse/trackpad, requires more user
interaction than other methods




3.2 OPTIMISATION METHODS

Semi-automated methods for segmentation offer a number of benefits over purely au-
tomated or manual methods, allowing for increased speed and accuracy of operation while
allowing for more flexibility when dealing with abnormal image conditions [136]. Investi-
gations into manual segmentation of fetal US images witnessed interobserver deviation in
the order of 10%, and could therefore make a significant difference to conclusions made
from such measurements [99]. O’Donnell shows a significant reduction (around 30%) in
segmentation times of MRI when using an interactive segmentation method [129]. Bet-
ter standardisation of measurements via systems such as semi-automated segmentation
could help to reduce such bias and allow for faster, more accurate classification of fetal
development.

Olabarriaga and Smeulders comment on the importance of semi-automation over au-
tomated processes [136]. A significant obstacle to automated imaging is the variability
of images. While automated segmentation is suitable for applications where fast, high
throughput segmentation is valued over precision, interaction is needed when high ac-
curacy is required and is only possible when a manageable volume of images are to be
processed [136]. A system used as an exemplar throughout Olabarriaga and Smeulders’
review was Live Wire [52,136]. Other techniques for user input explored in this review
include; free drawn user interaction, the selection of control points, direct curve defor-
mation, the positioning of seed points for an expanding-area and the adjustment of a
pre-defined template, as well as more abstract, parameter setting methods [136]. Table
3.1 summarises the optimisation methods explored in this section, detailing their appli-
cations as well as their potential strengths and weaknesses in the context of fetal US

segmentation.
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3.2.1 ACTIVE SHAPE/APPEARANCE MODELS

ASM build up a statistical shape-based description of the object of interest from a
set of prior examples and Active Appearance Models (AAM) expand on this concept
by incorporating additional image properties such as intensity distribution to take into
account the object’s appearance [17]. This model can then be fitted to new instances of
the object.

In the field of US, AAM has been applied to segmentation in echocardiography [17,
141] and has been used for instance, in conjunction with Gabor filtering for prostate
segmentation from transrectal US images [166]. 3D AAM has also been applied to the
segmentation of cardiac MR and US images [115] and the segmentation of fetal US images
[82]. The main advantage of ASM/AAM is that the appearance of shadowing can be
worked into the design of the model, allowing for accurate segmentation in challenging
imaging conditions. Many of the examples in which ASM and AAM have been successful
have been in cases of echocardiography and prostate segmentation, where boundaries are
generally strong, appearance within the object is consistent and the shape falls within a
predictable set of states. Additionally, shape is often a weaker constraint for US analysis
in particular, as appearance variation can dominate.

A major disadvantage with ASM and AAM in the application of fetal segmentation
problems is that solutions tend to be deviations around a mean representation of the
object in question. This may not be appropriate for a method that seeks to segment fat
tissue from both AGA and SGA fetuses, before they are identified as such. Additionally,
variation in appearance with GA can be vast; shadowing becomes more severe with
increased bone density, the shape of objects can change due to compression against the
wall of the uterus as the fetus grows and the appearance of tissue changes as it develops.
This means that a number of models may need to be built across gestation. This would
require more examples than are feasible in the scope of this study to create models with

sufficient flexibility. When creating such a model, it would be important that a wide
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Figure 3.3: Two examples of using level sets on an US image of a fetal abdominal cross
section at 16 weeks, 6 days. While (a) and (¢) show initialisations outside and inside of the
target boundary respectively, (b) and (d) show the corresponding segmentation resulting from
each wnitial state.

variety of fetal growth trajectories are included, to prevent bias towards the ‘normal’
shape for that age. Taking a standard population may be inappropriate, as SGA fetuses
would, by definition, represent only 10% of the examples. This could result in the model

not taking SGA variation into account as broadly as AGA examples.

3.2.2 LEVEL SETS

Osher and Sethian presented the concept of building a mathematical model for a closed
propagating front which takes into account local curvature, simplifying this process by
envisioning the propagation as different layers of a level set [138|. In image segmentation,
the zero level set of this higher dimension surface will be the segmented boundary, and
the exact form of the level set can be influenced by whatever image parameters the user
desires [106]. In the field of US imaging, Belaid et al. segmented echocardiography images
using level sets in conjunction with LP calculations (described further in Section 3.3.2) [9].
The method has also been used in the segmentation and tracking of the left ventricle in
MR and US images by considering a shape-driven approach [140]. Rigidity terms in
in the level set could be useful in fetal US, where shadowing can result in incomplete
boundaries.

Figure 3.3 demonstrates some of the potential difficulties in using level sets for fetal

US, where boundaries are not as strong as some of the situations where this method has

been successful. In this example, intensity gradient, line curvature and background /foreground
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probability (based on the intensity of pixels compared to the mean intensity inside and
outside of the boundary) have been used to steer the progression of the level set. However,
the level set will assume similar properties along the entire object boundary, which may
not be the case in many fetal US images. A potential issue is that initialisation heavily
influences the resulting segmentation, with user-defined contours set on the inside and
the outside of the boundary of the object of interest producing vastly different results.
This means that the user may need to re-segment using different initialisation parameters,
which may not behave intuitively.

Figure 3.3b demonstrates a specific issue with using level sets on some fetal US images;
in cases where the fetus is in contact with the wall of the uterus, the level set contour can
be ‘dragged’ into adjacent but unrelated regions that have similar appearance (although
this could be more of a statement on the use of grey level properties in US applications).
In contrast, Figure 3.3d shows an example where regions within the abdomen (such as
vasculature) have more in common with the regions outside of the abdomen, hindering
the propagation of the boundary. Even with non-intensity based measures, it is likely
that such variation within an object of interest will occur. While curvature can be used
to limit this, it can result in a loss of detail on object boundaries. The balance between
shape preservation and robustness is particularly important in US, where speckle can
influence the path greatly.

A related problem is that level sets can become trapped in local minima. For soft tissue
this can be a problem because fat/lean tissue boundaries may be adjacent to stronger
(fat/fluid or lean/bone) boundaries. Avoiding these could complicate initialisation. This
method is particularly unsuitable as a solution to fetal face segmentation, as it requires
a closed curve, while the face delineation will be either a line segment in 2D or a plane

in 3D.
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3.2.3 ACTIVE CONTOURS/SNAKES

Active contours/snakes are a very well established form of image segmentation in
which a line or surface deforms to find the lowest-energy boundary it can occupy; the
contour adjusts according to a number of different forces, which can be image-dependent
(such as being drawn up or down an intensity gradient) or user-dependent (such as the
selection of the elasticity of the contour) [86].

Different methods of defining the ‘energy’ (or ‘cost’) that the contour is driven to
minimise have been used over the years, depending on the application. In the segmen-
tation of tumours in US images, for example the Gabor response has been used to guide
the contour [33]. In other cases, optical flow has been used to achieve segmentation in
echocardiography, and tracking is accomplished by using the previous frame in a sequence
as the initialisation for the next frame [114|. By combining snakes with features of level
set contour evolution (such as adding an inflation term), heart structures have been seg-
mented from MRI, breast cysts from US and bone from CT [203]. These examples do,
however, often have stronger boundaries than can be found in the target structures for
this thesis. Zouqi and Samarabandu avoid using active contours, reasoning that reducing
segmentation to an optimisation problem exposes it to the weaknesses of optimisation
methods, such as becoming trapped in local minima (in the case of gradient descent)
or having limited functionality on higher dimensions (in the case of dynamic program-
ming) [206]. Yezzi et al. also note the potential for snakes to fall into undesired minima,
and the unintuitive relationship between user input and the final contour [203].

Initialisation and choice of energy terms are important factors in influencing the final
result. The user can influence the final contour through varied initial contour placements
and adjusting cost weightings, but the outcome is not necessarily predictable. It may be
difficult to force the contour out of local minima, for example where two image bound-
aries are close together but the weaker of the two is desired. However, the selection of

appropriate cost terms and multi-scale analysis should facilitate this process. Further to
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this, weightings of user-selected parameters such as the contour’s elasticity can appear
very detached from the final form of the segmentation, and may be inappropriate when

a globally determined elasticity is insufficient to define a boundary accurately |203].

3.2.4 GRAPH CUTS

Shi and Malik present the use of ‘normalized cuts’ (N-cuts) in image segmentation, by
treating the pixels of the image as the nodes of a connected graph, with each connection
being assigned a different cost |[168|. The basic form of graph cut methods involves
finding the cut through the image which represents the minimum combined cost through
these connections, but Shi and Malik noted that this method favoured the partitioning
of smaller regions; the solution, they found, was to express the cut cost as a fraction of
the total cost of connections within each graph (hence normalised) [168]. This technique
has been used within the field of US image segmentation, and has also been used for
the delineation of boundaries for cervical lymph nodes [32], breast tumours [36] and
gallstones [4]. Zouqi and Samarabandu favoured graph cuts over active contours, as they
can optimise globally and also be used in nD space [206].

Although the N-cut method of graph cut segmentation is automated, these methods
require some additional user input in order to achieve a desired segmentation. For exam-
ple, in the case of breast tumour segmentation [36], the user is required to crop the image
around the tumour boundary to a fairly tight degree. Even though the example images
appear to show decent agreement with clinical segmentations, the assessment of their 500
segmentations was vague, claiming that 90% “satisfied clinical demand” [36] while not
providing any details of quantification of accuracy. In the case of gallstone segmentation,
the resulting boundary contains a fair amount of extraneous information in addition to
the gallstone itself, such as the wall of the entire gall bladder [4]. Similarly, the segmenta-
tion of cervical lymph nodes included unrelated regions with similar intensity values [32].
This would require some additional manual user-interaction to correct, making the N-cut

method, overall, semi-automated.
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Boykov et al. note that, much like level sets, N-cut methods regularly fail to find a
globally optimised solution [20]. They present an alternative graph cut-based system of
segmentation in which the user labels different regions as ‘foreground’” and ‘background,’
which forces the assignment of the marked pixels to each group, thereby influencing the
position of the minimum cut [20]. There have been cases of automated boundary im-
provement; Zouqi and Samarabandu iterate their results using a Fuzzy Inference System,
which adds hard constraints to correct the weakest section of the boundary [206]. Al-
though this interaction can be finer (as the user can exclude specific regions), it still does

not allow for an intuitive relationship between the user and the segmentation process.

3.2.5 SUPERPIXELS

Ren and Malik present a method of segmenting images which begins with an ‘over-
segmentation’ of the image into small cells with common features, which can then be
classified to present a full segmentation [151]. Superpixels were initially calculated using
N-cuts graph partitioning, regarding superpixels as the graph nodes rather than pixels
[151]. Other methods have used a clustering algorithm by assigning evenly spaced points
as initial cluster nodes and using an iterative approach to redefine cluster centres and
boundaries until pixel classifications remain stable [3]. Fulkerson et al. used ‘quick
shift’ (a non-Euclidean space based method for clustering [189]) in their method over the
aforementioned alternatives, as this does not pre-define the arrangement or scale of the
superpixels produced (although this may be a disadvantage in some methods) |58|.

The concept of superpixels has been successfully utilised in a number of different seg-
mentation problems in US images. Segmentation is often achieved through classification;
first the image is split into superpixels, then each superpixel is classified as either object
or background [72]. Namburete and Noble used shape information and intensity from
superpixels in US images as features for a random forest classification to segment the
fetal skull, yielding high segmentation performance on a test set of 10 images from the

INTERGROWTH-21%" database [11,119]. Hao et al. use multiscale superpixels and take
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Figure 3.4: Superpizels as determined by a MATLAB implementation of the SLIC superpizels
algorithm as described by Achanta et al. [3] (a) An US image of a cross section of fetal arm and
the corresponding superpizel boundaries using (b) 100 and (¢) 300 initial seed points

into account the properties of neighbouring superpixels in order to segment breast tu-
mours in US images [72]. Quan et al. have applied superpixels to tumor segmentation in
adult liver US by performing N-cuts [145].

Superpixels could present an advantage in the application of texture-based image seg-
mentation, as, when appropriately applied, they are less likely to cross tissue boundaries.
This means that texture measures observed within superpixels are more likely to represent
the value of a single tissue type, making classification between objects more meaningful
than using information from block regions that may encompass more than one tissue type.
Figure 3.4 shows the application of a MATLAB implimentation of SLIC (simple linear
interative clustering) superpixels, following the description of the algorithm published
by Achanta et al. [3], when different numbers of initial classification seeds are used. A
difficulty with the use of superpixels is that it can be difficult to predict exactly where the
final superpixel boundaries will lie; the number of seed points and the number of itera-
tions are the only controlling factors, which may not always provide suitable boundaries.
Additionally, the requirement for further classification to form a final segmentation can

complicate the process.
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Figure 3.5: An example of gradient-based Live Wire being applied to a synthetic image. The
red line leads from the last placed anchor point to the position of the cursor, finding the shortest
path between the two in real-time. The green line shows the previously anchored segment of Live
Wire contour.

3.2.6 LIVE WIRE

Used as an example numerous times in the work by Olabarriaga and Smeulders is a
method for interactive segmentation of general images developed by Falcao et al.; Live
Wire [52,136]. A benefit of interactive segmentation such as this is that it provides a
far more intuitive form of user input when compared to other semi-automated methods.
In the Live Wire method, the user selects points known to be on the desired boundary,
with the algorithm using cost terms such as local gradient information and the boundary
location on previous image slices to trace a path between the two points.

Figure 3.5 shows an example of the process of segmenting a synthetic image using
Live Wire, with green lines showing the anchored segments of Live Wire contour and the
red showing the shortest cost path between the last placed anchor point and the user’s
cursor. The constructed contours can be designed to be affected by contours on adjoining
slices, meaning that this method can be extended to 3D scans. This allows the user to
observe different possibilities for the object boundary’s position before committing to any
actions.

The structure of the algorithm makes it particularly useful for adaptation; a number of
cost terms are taken into account with the plotting of the contour such as image intensity
‘inside’ and ‘outside’ of the boundary, the gradient magnitude and gradient direction

across the boundary, and the distance from the boundary on a previous slice. Additionally,
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piecewise measures can be incorporated into the system, as the properties of segments
the user has already defined can be used to guide future sections of the segmentation.
The modular nature of the algorithm means that it is possible to create additional cost
terms which can be tailored to specific applications and improve performance.
Levienaise-Obadia and Gee use a method related to Live Wire for the specific purpose
of US segmentation [101]. Additional data gathered for the positioning of the contour
between points is the texture on either side of the initial estimate for the line; this takes
advantage of the different speckle pattern that will be apparent in different tissue [101].
Unfortunately, there has not been a quantitative assessment of this technique, meaning
that the performance of such methods has not been fully explored. However, several
important points are raised that should be considered in the creation of a semi-automated
US algorithm, such as the use of geometric constraints to compensate for shadowing [101].
This is particularly important for the intended application of segmentation of fat around
the thigh and arm, as the bone will block US signals, particularly later in pregnancy when
calcification is greater. The main disadvantage of this method is the more advanced level

of user interaction that is required when compared to other methods.

3.2.7 LIVE LANE

Another semi-automated technique developed by Falcao et al. and presented alongside
Live Wire is Live Lane [52]. This is a method related to Live Wire; in this case the user
moves their cursor around the desired contour. The speed and acceleration of the cursor
is used to adjust the width of a ‘lane’ in which the contour is automatically drawn in
real time. While this introduces interesting new properties to the segmentation process,
such a method is more difficult to use with a computer mouse or trackpad. It is better
suited to specialist image segmentation hardware, such as a tablet. Another disadvantage
is that it does not allow the user to observe where the segmentation will lie during the
interactive process.

Both Live Wire and Live Lane were tested on clinical MRI rather than US images by
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Falcao et al. [52]. Investigations into the accuracy and efficiency of these methods against
standard, manual segmentation, showed that there was a clear increase in repeatability
(suggesting increased accuracy) and, in two of the three operators testing the techniques,
a significant increase in speed [52]. However, it should be considered that speed will
be largely dependent on the user’s ability to operate the software; the report highlights
that there is potential for improvement as the user becomes more adept at using the
software, though this is very difficult to predict accurately. As only three operators and
30 images were used, further investigation is required to alleviate these discrepancies.
Another consideration is the expertise of those testing the algorithm; in the case of
clinicians, they may not be as familiar with operating the system as engineers involved
in its construction and, in the case of engineers, clinical accuracy may be lacking. In
order to accurately assess any improvement of speed, tests need to be conducted in a way
that ensures clinical relevance, while avoiding bias presented by operators who may be

knowledgeable in the inner workings of the system.

OVERVIEW: OPTIMISATION METHODS

In a review of segmentation methods by Olabarriaga and Smeulders, Live Wire
appeared to satisfy the goals of simplicity, intuitiveness, predictability, the compu-
tational efficiency and the level of user interaction [136]. In the specific context of
US segmentation, Live Wire seems to be a suitable basis for semi-automated seg-
mentation when compared to other methods. By applying parameters that are more
relevant to US images than local gradients as cost functions, a useful and versatile

tool for US segmentation may be developed.
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Table 3.2: Summary of image features used for image segmentation

Image Feature

‘ Application

‘ Strengths & Limitations

Grey level statistics

Prostate in US [206] Lymph node in US [32]
Breast tumour in US [36] Gallbladder in US [101]
Gallstones in US [4] Liver in CT [50]

Strengths: Computationally simple

Limitations: Intensity does not convey tissue prop-
erties in US, susceptible to shadowing and attenua-
tion

Nakagami distribu-
tion

Masses in US [95]
Liver fibrosis in US |76]
Breast and liver tumours in US [165]

Strengths: Attempts to model US properties
Limitations: Difficulties at object boundaries

Local Phase

Brain MRI [112,130]

Liver tumour in US [38,39]
Echocardiography [66,117,149]
MR Cardiovascular [205]

Strengths: Intensity invariant
Limitations: Dependent on good filter selection,
can have poor response at object edges in US

Feature Asymme-
try /Symmetry

Photography [91,92]

2D+T and 3D echocardiography [117,148]
Fetal soft tissue segmentation in US [155]
Fetal abdomen in US [147]

Bone segmentation in US [69]

Strengths:
edges in US
Limitations: Dependent on good filter selection

Intensity invariant, high response on

Local Binary Pat-
terns

Photographic textures [87,102,123,132-134,142]
Face and palm recognition [5,68] Thyroid in US [79]
Brain MRI [187,188]| Histology [146]

Lung tissue analysis in CT [171]

Mammography [123] IVUS [144]

Strengths: Intensity invariant, computationally
simple

Limitations: Influenced by orientation of texture,
can require many different filters to work effectively,
requires large training set, more suited to classifica-

tion than segmentation

Non-local means

Photography [23]

Noise reduction in US [42,43, 204]
Noise reduction in MRI [44, 199, 200]
Liver in 3D US [43]

Strengths: Reduces the appearance of speckle in
US, respects image boundaries
Limitations: Speckle could convey tissue properties




3.3 IMAGE FEATURES

In order to drive the optimisation methods described, appropriate image features are
required to define the boundaries of objects of interest. A common opinion as to why
segmentation in US can be difficult is the distortion caused by the speckle, which is
often referred to as ‘noise’ and considered an undesirable trait of the imaging modality.
Speckle is caused by scatterers suspended in the observed medium, but the appearance
of speckle is a function of the transducer settings, meaning that speckle statistics cannot
explicitly describe tissue properties [196]. However, it is possible that suitable image
features could be used to detect regions of different scatterer density within an image,
and provide distinguishing features to separate regions of an image by tissue. The fact
that segmentation does not need to characterise tissue appearance, but rather determine
differences in texture, makes texture measures a potential option in addressing such
problems |128].

Wan and Zhou note that features commonly used for US based texture classification
can be summarised as spatial-domain, frequency-domain and model-based, claiming that
out of these, frequency based methods tend to perform most successfully [197]. Noble
and Boukerroui note that there are a vast number of texture measures used in the lit-
erature, observing that texture methods incorporating Haralick’s co-occurrence matrices
have been successful in a wide range of applications, most notably in the characterisation
and classification of liver and breast tissue in US [128]. Tt is therefore possible that regions
of particular tissue can be detected using such classifiers. An alternative approach is to
use methods which mitigate the influence of speckle, attenuation and shadowing.

This section will summarise some of the promising image features currently used
in segmentation and classification methods. Table 3.2 summarises each image feature
explored in this section, detailing their applications as well as their potential strengths

and weaknesses in the context of fetal US segmentation.
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(a) Original image (b) 10 pizel window (c) 20 pizel window

Figure 3.6: The shape parameter for the Nakagami distribution fit to the intensity histogram
of different sized sliding windows on an US image of a fetal arm cross section.

3.3.1 LocAL HISTOGRAM METHODS
GREY LEVEL STATISTICS

In the simplest case, and fairly commonly in the very earliest of digital image processing,
grey level values have been used to segment images by applying a basic intensity level
threshold [85]. Quantification of the shape of grey level histograms have been used in
the identification of liver cirrhosis against fatty liver in US [81]. In certain applications,
texture measures using simple grey level statistics such as magnitude and direction of
grey level gradients have been shown to be effective [132].

Despite this, low-level grey level statistics are deeply unsuitable to US applications,
since they fall into all of the traps presented by the difficulties of the modality; specular
appearance can distort histograms, grey level values will be inconsistent and tend to fall
with image depth, shadowing will provide anomalous results for any region underneath
dense tissue and intensity values for a given anatomical feature are likely to be vastly
different for each individual scan taken. However, as speckle is tissue dependent, it is
possible that observing the shape of histograms in image patches could provide an insight

into where anatomical boundaries lie.
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NAKAGAMI DISTRIBUTION

A method of determining the properties of texture in an image is to fit the pixel intensity
distribution in a given region with a suitable model, using the parameters of the model
to define that region. Previous attempts at achieving this in US have involved fitting to
Rayleigh [195] and K-distribution [163| distributions. Shankar, however, proposed that
backscattering from tissue could be modelled in a generalised way using a Nakagami
distribution, citing analytic simplicity and the ability to depict a wide variety of imaging
conditions (varying scatterer sizes and densities) as main advantages of the method |164].
Nakagami images are produced by finding the shape parameter m and scaling parameter
Q) of the Nakagami distribution that best fits the intensity histogram of a given pixel
region [95]. This method has been applied to the classification of liver fibrosis in rats
from the US RF-signal, as well as the classification of breast masses from the B-mode
image |76]. The concept of modelling US scattering as a Nakagami distribution has also
been used in speckle reduction [165,204].

Figure 3.6 shows an example of using the Nakagami distribution to characterise fetal
US images. In each image, the intensity histogram of a sliding window is fitted to a
Nakagami distribution and the shape parameter is assigned to the central pixel of the
region. From this, the variation in parameter values obtained depending on the size of
window can be seen clearly. Selection of an appropriate window size is an important
factor in the success of the segmentation, as too small a window size will not provide
enough data points to accurately define the texture of the region, and too large a window
may involve boundaries between multiple tissue types.

Larrue and Noble confront the problem of the selection of window size by using
Gamma kernel density estimation to provide an estimate of the texture’s probability
density function from a small window, which ordinarily may not have had enough points
to accurately portray this [95]. In applications on US images of breast and liver tumours,

it was noted that the usually fuzzy boundaries of objects of interest were more clearly
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Figure 3.7: (a) US image of a cross section of fetal arm (b) LP of the image, using a Gaussian
Derivative filter of s = 20

defined and with a higher contrast in the Nakagami images than the B-mode images [95].
Further to this, application to an US phantom showed a lower standard deviation of
Nakagami values within homogeneous regions than without the prior Gamma kernel den-
sity estimation [95]. The more clearly defined boundaries and higher spatial resolution
provided by this extension means that Nakagami images could potentially be used for

segmentation rather than classification [95].

3.3.2 LocAL FILTER-BASED METHODS
LOCAL PHASE

There are a number of papers that suggest that the use of LP could be advantageous in
the analysis of US images [9,66,117]. Phase-based segmentation has already been applied
to echocardiography images in order to enhance segmentation and feature detection [117,
149]. Mellor and Brady also use the technique in multimodal image registration, stating
that its use as "conservative information reduction" is useful in an environment of poor
intensity relationships but strong structural relationships, such as in US [112].

The advantage of using LP is that it is intensity-invariant, proving especially useful
when contrast is low [148]. Rather than being affected by the local energy of the signal,
LP picks up changes in structure [54]. This is of particular interest in US as it means

that signal attenuation can be rectified, making structural changes more prominent. LP
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has been used in level set segmentation of US by Belaid et al., due to the limited success
of conventional gradient based methods used on clinical US images [9]. Their method
produced results cited as being robust to speckle and attenuation, which is advantageous
to US methods. Figure 3.7 shows the application of LP to an US image.

O’Donnell et al. replace the conventional intensity gradient measures of Live Wire
with LP calculations to form ‘Phasewire’ [129,130]. The local energy of the signal is used
to quantify the ‘certainty’ of the LP values and hence modify the Live Wire costs to favour
routes of high certainty of edge structures. While O’Donnell et al. do not conclusively
show the advantage of a phase-based Live Wire technique, they do provide an initial
argument for its use [129,130]. Zhang et al. have used LP as an image descriptor in the
registration of 3D US to 2D MR images [205], while Mellor and Brady have applied LP
to registration in both registration of US images to MR-T1, and MR-T1 images to MR-
T2 [112]. A measure derived from LP calculation called phase congruency has been used
for tumour tracking in 2D US using both Diffeomorphic registration [38] and Log-Demons
registration [39).

Maltaverne et al. estimate motion in elastography from US images using local orienta-
tion, an output related to LP, but provides information on the direction of edge features;
while LP is the angle between the even and odd response, the LO is the angle between
the responses of the orthogonal filters [107]. Ojansivu et al used LP to classify image tex-
tures, using low-frequency features so that texture features are robust to blurring [135].
In the field of segmentation, LP has also been applied to level set segmentation in US
images, demonstrated in synthetic phantom images and validated 20 segmentations of the

left ventricle in echocardiography, showing high levels of accuracy between the two [9].

FEATURE ASYMMETRY

FA is an extension of LP calculations, considering the difference in odd and even response
of the LP filters over a number of different scales. FA will have a positive value when the

odd response is greater than the even response, therefore indicating image edges. The
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Figure 3.8: (a) US image of a cross section of fetal arm (b) LP of the image, using a Gaussian
Derivative filter of s = 20 (¢) The FA of the image, using a Gaussian Derivative filter and scales
of s = [18,20, 22]

ability to take into account structures at different scales of LP and identify regions of
discontinuity can help to differentiate between image features caused by image artefacts
and those of clinical significance [117].

FA has been applied to boundary detection in both 2D-+T [117] and 3D [148] echocar-
diography. It has also been utilised in the automatic segmentation of soft tissue in fetal
US images [156]. Feature Symmetry (FS) is conceptually the same as FA, but gives a
positive value when the even filter response is larger than the odd filter response [92].
This means that FS will give a response of F'S > 0 for ridge- and blob-like structures
rather than edge-like structures [92]. FS has been applied in fetal US to detect features
in abdominal slices, including the umbilical vein and stomach [147]. This concept has
been applied to bone segmentation and fracture detection in 3D US [69].

Figure 3.8 shows an example of FA being applied to an US image of a fetal arm cross
section. Adding to the difficulty of filter and scale choices in LP, FA presents an additional
challenge as the number and value of scales used can be varied, resulting in a practically
infinite combination of filters and scales which may be more or less suitable in different
applications or image conditions. This means that scale and filter selection can only, in
practice, be determined empirically. It is possible that a set of appropriate scales could

be estimated on a basis of feature size, speckle size or fetal GA, but an objective ‘best’
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value would be difficult to determine. Nonetheless, FA has become popular in US image
processing tasks, allowing for the detection of image features in a way that is robust to

the issues of speckle, attenuation and shadowing which prevail in the modality.

LOCAL BINARY PATTERNS

Local Binary Patterns (LBP) were introduced by Ojala et al. as a potential simple texture
measure [132], as an adaptation of the ‘texture unit’ presented by Wang and He [198]. In
this initial form of LBP, the 3x3 neighbourhood surrounding a pixel is thresholded by the
value of the centre pixel, forming an 8-bit binary word which can then be given a numeric
value that represents the texture surrounding that pixel [132]. LBP has seen a wide array
of applications, including classification of mammographic images [123], thyroid nodule
segmentation in US [79] and plaque segmentation in Intervascular US (IVUS) [144].

This has since been modified to be rotationally invariant (where bit-shifted words
are seen as equivalent) [133], to discriminate between ‘uniform’ and ‘non-uniform’ pat-
terns (defined by the number of bitwise transitions in the binary word) [134], to contain
a ‘fuzzy’ element [79], and has been applied to a varied range of texture classification
as well as segmentation problems. Keramidas et al. claim that the major advantages
of fuzzy LBP over conventional LBP methods are an increased robustness to noise and
better differentiation between textures [87]. An advantage of this method includes com-
putational simplicity [134]. LBP is also contrast invariant, though this has been seen as a
disadvantage by Ojala and Pietikdinen, overcome simply by comparing the average value
of pixels assigned the value 1 compared to the average of those assigned the value 0 [131].

The concept of rotationally invariant LBPs is a popular modification, being used in
problems such as photographic textures, face and palm recognition, analysis of brain MRI
[187,188], classification of histological images and lung tissue analysis in CT [134,146,171].
Pietikdinen et al. point out that rotational invariance is only true in the ‘digital sense,’
and so textures are only seen as entirely equivalent at 90° [142].

LBP and its many adaptations present an interesting set of computationally simple,
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grey scale invariant and (arguably) rotationally-invariant texture measures, which could
present a possible solution to tissue classification in US images. This, however, would rely
on a large amount of training data to properly characterise tissue types. Additionally,
this form of image feature is more suited to a classification rather than segmentation

problem.

3.3.3 NON-LOCAL MEANS

Presented by Buades et al., Non-local means (NL means) is a method used to reduce
image ‘noise’ but preserve image boundaries, originally demonstrated to reduce noise
in photographic images [23|. This is a block-based method which uses the distribution
of pixel intensities in a surrounding neighbourhood to inform the calculation of a given
image patch, weighting the influence of each surrounding image patch by a weight related
to the intensity difference between it and the central patch.

It has since been adopted in medical imaging for its ability to reduce noise without
corrupting object boundaries. NL means has been used to improve the appearance of
diffusion-weighted and diffusion-tensor MRI by replacing the standard Gaussian-weighted
Euclidean distance with a log-Euclidean distance [199]. This work was later expanded
on to specifically target the distribution of the noise in MRI, modelled by a Rician dis-
tribution and modifying the calculation of the filtered image by introducing the variance
of the noise distribution [200]. Further expansions in MRI allow for NL. means in 3D,
preselecting a subset of voxels to prevent excessive computation of redundant data |44].

More recently, this method has also been adapted to be more suitable to US appli-
cations by adopting a Bayesian approach to cost calculation, modelling the noise distri-
bution as multiplicative Gaussian noise (imagenpisy = 1MaGEcican + IMAGE iean X NOISE)
and using a Pearson distance calculation to weight the image patches [42]. This work
was expanded to include qualitative assessment on 3D liver US images in addition to
the synthetic images previously used as examples of the method in use [43]. It should

be considered in such assessment that examples of synthetic images being used for the
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Figure 3.9: (a) US image of a cross section of a fetal arm and corresponding NL means results
using sets of inputs for (b) coarse and (c) fine filtering

assessment of a model based approach can be misleading, as they can tend to follow the
model more closely than real images.

Figure 3.9 shows two examples of a MATLAB implementation of NL means, following
the description of the method by Coupé et al. [42]. This has been applied to a fetal arm
cross section in US using two different sets of input parameters. It can be seen here how
the appearance of speckle has been greatly reduced, but with the preservation of major
features and object boundaries. The application of NL. means to US images infers that
the speckle is merely noise, degrading the signal and therefore of no use to informing
segmentation, but could be used to inform non-texture based methods or to extract

texture from the background intensity.

OVERVIEW: IMAGE FEATURES

A number of different image features have been explored, with the goal of providing
meaningful information to drive the Live Wire algorithm in the context of fetal US.
While LP has been used as an intensity invariant cost term for Live Wire in MRI [130)],
FA provides a potential means for detecting object boundaries in the challenging

conditions of US, mitigating the influence of speckle and attenuation.
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3.4 OVERVIEW

3.4.1 LITERATURE OVERVIEW

This section has outlined a selection of the different optimisation methods and image
features that have been used to tackle segmentation problems, focusing in particular on
the context of US imaging. Certain methods such as level sets, active contours, snakes
and graph cuts have been applied successfully to a number of problems in US imaging, but
often require user interaction that is frequently detached from the final segmentation. Live
Wire is a fully interactive semi-automated method in which the user directly positions
the boundary, which is guided by image properties. Because of this intuitive form of
interaction, this thesis will be exploring adaptations that allow for the effective use of
Live Wire for soft tissue segmentation in US.

Methods based on the analytic signal may provide a suitable measure in the case of
detecting the soft tissue boundary, as it overcomes many of the issues presented by US
imaging as a modality, most notably signal attenuation, low contrast boundaries and
speckle. Indeed, LP alone has already been applied to Live Wire’s application to medical
imaging, but FA, a measure derived from the analytic signal, may prove more powerful
in the context of US. Texture measures may provide the additional information needed
to guide segmentation for liver segmentation, where boundaries in US are often difficult
to observe. Tissue-dependent speckle pattern may help to differentiate regions.

Finally, ASMs provide a potential avenue for allowing face shape, once segmented, to
be expressed as a form of comparable parameters. This could then be used to classify
images depending on whether or not they exhibit features related to FAS. AAMs have
already been used in face recognition and modelling, for example, in the construction of
3D models from 2D images [14]. By using a parameterised model for face appearance,
segmentations of different faces can be characterised by the model parameters which result

in a fit to the segmented surface. This can allow for very simple forms of classification to
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be applied to determine facial differences between two groups.

3.4.2 VALIDATION OF METHODS

It can also be concluded from the work reviewed in this chapter that validating the
absolute accuracy of US measurements for in utero applications is a difficult task, as is
quantifying the success of semi-automated methods. Olabarriaga and Smeulders provide a
comprehensive overview of how semi-automated segmentation methods should be assessed
in terms of accuracy, repeatability, efficiency and interaction [136]. However, in most
cases, accuracy can be a difficult measure since there is no such thing as a ‘gold-standard,’
only collected clinical opinions of where a boundary should lie, which may vary between
clinicians and between attempts at segmentation. This means that it is important that
several examples of each segmentation are taken (preferably by different individuals) to
find such a consensus.

A complication of validating accuracy of semi-automated methods is that accuracy
can often be improved with additional user interaction. GGiven enough time and effort, the
system can be made to match the clinically defined boundary exactly. It can be argued
that this renders most of standard measures irrelevant when assessing the quality of such
a system. The time taken to segment and ease of use are more relevant to the success
of the system, but prioritising the former may influence accuracy and the latter can be
difficult to assess in a meaningful way. However, the number of actions taken by a user
to form a boundary can be recorded and assessed, and be used as an approximation of
ease of use, particularly when identical optimisation methods are being compared.

O’Donnell’s validation method involved recording the number of user interactions per
image set and average per slice, average time per slice and segmented volume, as well
as an ‘opinion poll’ of clinicians using the system [129]. Doctors’ opinions of a system
designed for use in a clinical environment is an essential aspect, but is rarely consid-
ered explicitly in technical papers. This paper does not, however, make any comment

regarding the accuracy or repeatability of results [129], which may reflect the fact that
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interactive methods such as Live Wire intend to facilitate human decision making rather
than replacing it. Any attempt to quantify and compare the efficacy of semi-automated
segmentation methods should take into account both the accuracy and the level of user
interaction required to make that segmentation in order to form a definitive conclusion.

Finally, other aspects of segmentation which should be considered in the evaluation of
any method are inter- and intraobserver variability. Sarris et al. have shown that differ-
ences in clinical opinion can result in differences of up to +11.1% in certain fetal biometric
measures [159]. This has two consequences which are important to the validation pro-
cess. Firstly, it should be considered that if the manual and assisted segmentations are
conducted by different people, there may be a discrepancy which can be attributed to
difference of opinion, rather than inaccuracies in the method. Secondly, interobserver

differences present a challenge which the segmentation method should aim to limit.

The personal contribution within this chapter is a comprehensive review of the state of the
art in image segmentation tools, with respect to their application in addressing the problem of
segmentation in a fetal US setting.
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CHAPTER 4

FEATURE ASYMMETRY AND SHAPE
GUIDED LIVE WIRE

In this first contributions’ chapter a semi-automated segmentation method suitable for
use specifically on US images is outlined and tested. This is achieved by modifying an
existing Live Wire framework to follow edges defined by a combination of a FA based
cost and a weak shape constraint. This ensures that the method will follow paths which
favour edges more typical of US images than standard intensity-based methods would

allow.

4.1 LIVE WIRE METHODOLOGY

Live Wire was introduced in Section 3.2.6. The basis of the Live Wire algorithm is
the construction of a cost matrix which defines the ‘cost’ of the path between each node
(defined as a pixel vertex) and all adjacent nodes, and then finding the minimum cost
path from one user-defined point to another [52]. In the original implementation, the
cost is determined by the pixel values in the ‘neighbourhood’ around the path between
nodes, shown in Figure 4.2a [52].

Any property of the pixel neighbourhood can be used to influence the cost; while
Falcao et al. use the grey scale pixel intensities [52|, Chodorowski et al. use colour infor-

mation, Canny edge values and Laplacian zero crossing edge values [37] while O’Donnell
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Figure 4.1: Pizel neighbourhood around the path between nodes A and B.

uses LP values [130].

Further to this, the size of the pixel neighbourhood can be adapted. In Chodorowski
et al.’s implementation, the intensity gradient is used within a cost function (using only
pixels m and ¢ from Figure 4.1) [37] while Falcdo et al. adopt a cost based on the ratio
of many surrounding gradient values, including all of those shown in Figure 4.2a [52].
Using a number of different costs allows for the algorithm to be trained by adjusting cost
weights to fit against example contours, but cost optimisation decreases the ease of use
of such a system.

The method outlined by Falcao et al. also introduces directional dependence to paths;
costs are different depending on whether a gradient flows from, in the example shown in
Figure 4.1, m to n or from n to m [52]. This means that the algorithm will prioritise

different closely neighbouring contours depending on the direction in which the path
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Figure 4.2: The differences between different applications of Live Wire;(a) Using nodes and
edge-based costs, with directional dependence (b) Using pizel-based costs.

Nz N

70



(a) (b) (c)

Figure 4.3: This diagram shows a simple example of Dijkstra’s algorithm in use. (a) A recently
found ‘shortest path’ between P and A is shown in orange. (b) The path v from node A to the
adjoining node R is made. In this example, a shortest path between P and R has already been
assigned (shown in green). (c) If the new path is shorter than the previous path or a previous
path did not exist, this will be the new path to P associated with R (top). If the path including
r is longer than the original path, it will be rejected as shown (bottom). R will then become the
new A as the algorithm continues to the next iteration.

is being drawn. The application of Live Wire from Chorodowski et al. deviates from
the original methodology by applying costs in terms of pixels instead of vertices [37].
This reduces the search-space and simplifies the path calculation but removes directional
dependence.

Figures 4.2a and 4.2b show the differences in cost basis between applications of Live
Wire. In Figure 4.2a, the ‘wire’ travels between pixel vertices (labelled A to L). Travelling
from node A to node B will have the path of cost C,_;. However, travelling from B to A
will be associated with a different cost; C,_,. In Figure 4.2b the path is drawn between
pixel centres. The line will accumulate the cost of each pixel it travels through. For

example, moving from pixel A to pixel B will have the cost C, + C,. As a result, this

will be the same cost as moving from pixel B to A.
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4.2 DIJIKSTRA’S ALGORITHM

An important part of the Live Wire algorithm, once the cost matrix has been es-

tablished, is the shortest path calculation. In their implementation of the Live Wire

algorithm, Falcao et al. [52] and O’Donnell [129] use Dijkstra’s algorithm in order to cal-

culate the shortest path. This algorithm finds the shortest cost path to any given node

from a seed point by following these steps:

e Take the initial seed point as P, the node thats minimum path was most recently

calculated is A, the currently investigated node as R and r is the path between A
and R (as shown in Figure 4.3b).

The green route shows an existing path between P and R, while the yellow route
shows the current path between P and A. In this example, the route from P to R

via A is being tested.

If R is not already part of a shortest path and the use of r results in a path length
between P and R that is shorter than has already been discovered, it replaces the
previous path (top option in Figure 4.3c). Otherwise, the path is rejected and the
previous one is maintained (bottom option in Figure 4.3c). The new path is also
recorded if R has not previously been considered in any path at all. In both cases,

R becomes the new A, since it is the most recently calculated path.

e This is repeated until the path from all nodes to P has been found.

By following this algorithm, the shortest path to any given point from an initial seed

point is calculated [47]. This can be useful in an interactive application such as Live

Wire, as once the calculation has been completed the user can observe the shortest path

to any point without further computation, allowing for a less interrupted decision making

process between point anchoring. O’Donnell cites this as a possible disadvantage when

applied to images as it can be "computationally wasteful," including paths which would
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be unlikely to occur in image segmentation [129]. However, the context of that paper
should be considered; this may have been an important factor when the paper was written
in 2001, but computational resources are now far more abundant. From experience of
implementing this algorithm, this is not a significant issue when Dijkstra’s algorithm is
run on a 64-bit Windows machine with a 2.27GHz processor and 9GB RAM in a speed-
optimised coding language such as C compared to slower environments such as MATLAB.

On a standard US image, the path calculation process took approximately one second.

4.3 FEATURE ASYMMETRY

LP was introduced and its literature reviewed in 3.3.2. The LP of an image contains
structural information and is intensity invariant, making it particularly useful for US,
which attenuates with distance from the probe and allows for the detection of weaker,
low contrast boundaries [9,54,149]. This is derived from the analytic signal, a tool used
in 1D signal processing, expanded into a 2D representation known as the monogenic
signal. The most important attribute of the analytic signal is the ability to extract phase
and amplitude information of the original signal, referred to as the "split of identity" by

Felsberg and Sommer [54].

4.3.1 METHODOLOGY OF LOCAL PHASE

Felsberg and Sommer present the monogenic signal as an nD extension of the analytic
signal (but in this case, only n = 2 is considered), replacing the Hilbert transform with
the Reisz transform [54]. The monogenic signal serves a similar function to the analytic
signal in 1D, giving information on structures present in a 2D image via the LP, and
the energy of the image via the local amplitude [9]. Although FA is the measure used
in the segmentation methods outlined in this thesis, LP is a commonly used facet of the
monogenic signal in US applications. It is therefore important to establish the context of
this value.

Mellor and Brady explain the analytic signal in terms of the following [112]; if a
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zero-mean 1D signal can be represented in the Fourier domain as

f(z) = /000 A(w)cos(wz + ¢(w))dw, (4.1)

this can also be represented as the real part of an exponential function, as cos(wzx +
d(w)) = real[e™*+*®)]. Including all parts of the exponential function, the analytic

signal, fa(x) is obtained, where

falz) = /000 A(w)e® 90 gy (4.2)

The analytic signal, fa(z), will have the same amplitude as the original signal, f(x),
but there will be a change in phase between the real and imaginary components. The
modulus of f4(x) will represent the amplitude, while the argument will represent the

phase |54]. As €'® = cos(¢) + isin(¢), it follows that

falx) = /000 A(w)cos(wz + ¢(w))dw —l—i/ooo A(w)sin(wz + ¢(w))dw (4.3)

which can be written as

fa(x) = f(x) +iH[f(2)], (4.4)

where f(z) is the original signal and H|[f(x)] is the Hilbert transform of the signal. Tt
is this transform which is replaced by Felsberg and Sommer in order to apply this same
concept to 2D signals [54].

For an nD signal, n+1 filters are required [112]. A zero-mean bandpass filter must be
applied to the image, I(z,y), in order to limit the range of frequencies being observed
[54,112]. This bandpass version of the image, I;(z,y) will represent the ‘even’ part of the
signal, or f(z) as described in Equation 4.3.

In order to form the bandpass image I(x,y),, the original image is convolved with
a filter, most commonly Gabor, log-Gabor, Cauchy or Gaussian Derivative, although

specialist filters for LP such as the Mellor-Brady filter [112] have also been used in the
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literature. The bandpass image can now be expressed as

Iy(w,y) = I(z,y) ® F(s), (4.5)

where [(z,y) is the original image, F' is a filter of scale s and ® is the convolution
operation [112].

The ‘odd’ part of the signal described in Equation 4.3, i H|[f(x)], requires a 2D approx-
imation of the Hilbert transform using two anti-symmetric filters [112]. As the Hilbert
transform is a primarily 1D transform, a generalised 2D form must be used, known as
the Riesz transform [54]. In this case, let the convolution kernels of the Reisz transform

be represented by two anti-symmetric spatial filters, oy, 0o, defined as

_ x _ Y
o1(z,y) = 2(22 1 )2 09(z,y) = o(a® + g2 (4.6)
Therefore fy/(z), the 2D representation of Equation 4.4, can be represented as
fu(@) =1+ [(01 ® 1), (02 ® I)] (4.7)

where I, is the bandpass filtered version of the original image, I, and ® denotes the

convolution operation [9,112]. The LP can finally be expressed as

¢ =tan ' (I,// (01 ® I,)2 + (02 ® 1,)2), (4.8)

where values of LP, ¢, takes a range of —7/2 < ¢ < 7/2.

4.3.2 METHODOLOGY OF FEATURE ASYMMETRY

FA is a technique that uses different scales of filter described in Equation 4.5 in order
to provide an indicator of the significance of structures in images [91]. By altering the
response of the bandpass filter different scales of detail are detected, with significant

structural features holding prominence across many scales. FA describes regions where
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the odd (edge) filter response is greater than the even (ridge) filter response over a number
of scales. This has been applied successfully to feature detection in echocardiography
and automated segmentation in fetal images [117,155]. The ability to take into account
structures at different scales of LP can help to differentiate between image features caused
by image artefacts and those of clinical significance [117]. FA should therefore be useful

as a cost term in an US application of Live Wire. The FA of an image is defined by;

1 dds| — s| — T
pa— Ly llodd even ~T,] 4o
N~ even? 4+ odd? + ¢

where;

s is the scale,

N is the number of scales used to form the FA image,

¢ is a small constant (typically around 0.01) to prevent division by zero,

even = I, (from Equation 4.5),

odd = (01 ® Ip, 09 ® 1) (using the spatial filters from Equation 4.6),

e |-| represents an operation which sets negative values to zero

T is a noise-controlling threshold value [91,155|. In this implementation, Ty = 0.1.

Figure 4.4.b shows an example of FA being applied to a clinical image, with N = 3 and
s = [19,20, 21] using a Gaussian Derivative filter. As can be seen, F'A ~ 1 for structurally
significant boundaries and F'A = 0 for most other regions of the image. While boundary
localisation is good for regions of clear structural importance, there is little to guide the
Live Wire algorithm in regions with less clear structural significance. As a result, an

additional cost term is required to allow for delineation of regions where F'A = 0.
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(b)

Figure 4.4: (a) A clinical US image of a fetal arm at 27 weeks and 6 days GA. (b) An
example of FA image estimated on the same image with N = 3.

4.3.3 BANDPASS FILTER

When calculating the LP of an image, the selection of both the bandpass filter b and
the scale of that filter can have a significant impact on the appearance of the resulting LP
and hence FA image. Different sizes of features may appear more prominent depending
on the scale, and the response of individual kinds of edges may vary depending on the
type of filter. Boukerroui et al. summarise the functionality of commonly used filters
applied in LP calculation, including Gabor, log-Gabor, Gaussian derivative, Difference of
Gaussian (DoG) and Cauchy filters, making an effort to objectively quantify the relative
merits of each [19]. Meanwhile, Mellor and Brady developed a filter specifically for LP
calculations, aimed at reducing the effect of scale dependence [112].

With the vast number of filter and scale combinations available, each resulting in
subtle differences to boundary localisation, methods are often selected empirically. Haci-
haliloglu et al. [69] and Cifor et al. [38,39], for example, give no explicit justification for
their use of the log-Gabor filter in 3D LP calculations. Table 4.1 summarises details of
commonly used filters and their use in the field of analysis of medical US images. Fig-
ure 4.5 shows the LP of an US image of a fetal arm cross section using the Gaussian
Derivative, Cauchy, log-Gabor and Gabor filters at several different scales. Throughout
this thesis, the filter scale is referred to as s. This is analogous to w, (the centre/peak
tuning frequency) for the Gabor and Log-Gabor filters, and o (standard deviation) for

the Cauchy, Gaussian Derivative, DoG and Mellor-Brady filters.
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Table 4.1: Bandpass filters commonly used when estimating the LP of an tmage, each with example applications within the field of medical
US imaging. Equations are as shown by Boukerroui et al. in their review of filter choice for the application of LP [19], with the exception of
the Mellor-Brady filter [112]. The notation of these equations is shown in Table 4.2.

‘ Filter H Equation Applications in US ‘
Gabor By(w) = nce(—%z(w — Ww,)) None found at time of writing -
Log-Gabor Big(w) = nee (—%) Boundary detection in echocardiography using FA [117]

Bone segmentation from 3D US [69]
Object detection in fetal US |147]
Tumor tracking in 2D US (Diffeomorphic registration) |38]
Tumor tracking in 2D US (Log-Demons registration) [39]
Cauchy B.(w) = n.e(—ow) Level set segmentation in US images 19]
Gaussian Derrivative Bya(w) = nee(—o’w?) Boundary detection in 3D echocardiography using FA [148|
Automatic segmentation of soft tissue in fetal US images  [156]
12,2 0202
Difference of Gaussians || Bpog(w) =n.(e” 2 —e” 2z ) Motion estimation in elastography from US images [107]
Mellor-Brady b (1) = A5 — =25 Multimodal image registration [112]
Registration of 3D US to 2D MR [205]

Table 4.2: Definition of the notation used in the equations for Table 4.1

] Constant H Definition ‘

‘ Constant H Definition ‘

w Frequency

_ 2 | .2
Wo Centre/Peak tuning Frequency " =ty

. a and § || Constants selected such that § << «
o Standard Deviation )
o . . L A and B || Constants selected such that the function
Ne Normalisation constant (n. = 1 in this applications) . o
integrates to one, giving zero DC

Rp Rp = 0Wy




At the time of writing, no studies concerning US image processing were found to
use the Gabor filter for the calculation of LP. This lack of use may be explained by the
comments made by Boukerroui et al., finding that the Gabor filter is the least suitable
choice of bandpass filter for feature detection, showing poor performance in localising
features in comparison to competing filters [19]. Mulet-Parada and Noble favour the
log-Gabor filter over the Gabor filter to avoid the latter’s non-zero DC component and
response at negative frequencies [117].

The log-Gabor filter appears to be the most commonly used filter in the estimation
of LP; Rahmatullah et al. note its commonality in their selection of this filter [147].
Cifor et al., while using the log-Gabor filter for their application of LP, note that other
filters, specifically the Cauchy and DoG filters, "could equally be used," [38]. However,
the results of the investigation Boukerroui et al. conducted contradict this, with the DoG
and Cauchy filters performing better in their localisation for edges, but the log-Gabor
filter outperforming the others for detecting lines [19]. Indeed, Belaid et al. use Cauchy
filters in their phased based level set segmentations based on this analysis [9].

Rajpoot et al. compared the log-Gabor and Gaussian Derivative filters empirically,
determining that the latter was more appropriate for their application [148|. Rueda et al.
also uses the Gaussian Derivative filter but without justification [156]. Boukerroui et al.
note that the Gaussian Derivative filter has invariance to smooth gradients, which may
be useful to US applications [19]. Maltaverne et al. use a DoG filter, tuned to the scale
of the US speckle, but do not offer any reason for this choice of filter in particular [107].

The ‘Mellor-Brady’ filter, which has the form shown in Table 4.1, has been proposed
as an alternative to more generic bandpass filters, and has been designed specifically for
the use in LP estimation [112,113|. This filter was not investigated in the comparative
study by Boukerroui et al., having been published a year earlier than the paper detailing
the filter [19,112]. The properties of this filter include zero DC and approximate scale
invariance when the value of « is far greater than that of 5 (true scale invariance when § =

0, but this reduces the entire function to zero). The filter was deemed more appropriate for
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LP analysis over previously used filters as it reduces the problem of interference between
close features via its property of near-scale-invariance. Scale-invariance will mean that
the response from regions where features are close together will theoretically be equivalent
to far features in terms of LP and interference [112|. Zhang et al. use this filter due to
the scale invariance it provides [205]. However, it should be noted that their application
was in image registration, where maintaining the quality of all features regardless of scale
is important. In contrast, this scale invariance is not necessarily an advantage in US
segmentation, as smaller, compact features may be due to local variation from speckle
rather than indicating boundaries of structural significance. In this case, interference

between speckle may be advantageous.

FILTER CHOICE

Figure 4.5 shows the scope of the challenge presented in effectively selecting an appro-
priate filter, in this case showing the impact of different filter and scale combinations for
LP calculations. Each filter presents subtle differences in response to image boundaries,
and in particular the way nearby boundaries interact with each other.

Even once a particular filter and scale is decided, FA can be calculated using an
average response over a number of different scales. This can allow for both large-scale
and small-scale filters to be used in tandem. Figure 4.6 shows the further challenge
of selecting an appropriate set of scales for the application of FA, in this case using
the Guassian Derivative filter. When a larger spread of scales are used, as in Figure
4.6b, smaller image details are preserved alongside stronger object boundaries. This is
particularly useful in fetal limb segmentation for cases where the limb is in contact with
surrounding tissue, and a strong boundary may not exist. Conversely, using a tighter set
of scales as in Figure 4.6¢, only boundaries of a similar detail are shown. This is useful
in the application of Live Wire, as it will limit the number of potential paths, thereby
facilitating the segmentation process. A balance needs to be made between prioritising

the visibility of the boundaries on the object of interest while retaining image detail.
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Figure 4.5: Rows show the LP images of a fetal arm cross section in US using (from top
to bottom) the Gaussian Deriwative, Cauchy, log-Gabor and Gabor filters respectively. Columns
show (from left to right) scales of s = 1, 10, 20, 50 and 100.

Figure 4.6: (a) US image of a cross section of a fetal arm and the corresponding FA using a
Gaussian Derivative filter and scales of (b) s = [10,20,30] (¢) s = [19,20, 21]
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Figure 4.7: This figure shows an example of a fetal arm cross section in US, and it’s ap-
pearance using FA. The red dashed bozes highlight the same region of shadowing in both images.
Consider the shortest path the Live Wire algorithm using FA alone would take (blue, dashed
path), compared to the desired path to delineate the full contour (green, solid path). The shape
constraint aims to combat this discrepancy.

In the specific application of fetal limb soft tissue quantification, it is important to
choose a filter that will detect boundaries relevant to soft tissue segmentation, and con-
tinue to perform across a range of GAs. Empirically, the Gaussian Derivative filter with
scales s = [25, 30, 35] was found to give better FA maps in terms of preserving the bound-

ary of the object of interest while rejecting smaller features caused by speckle and forming

a smooth contour, as would be drawn by a clinician.

4.4 SHAPE CONSTRAINT

Certain aspects characteristic of US images can cause a semi-automated method such
as Live Wire to deviate in undesirable ways, even after FA has removed some of the
problems presented by signal attenuation and poor contrast. For example, small struc-
tures such as speckle can influence the delineated contour adversely and, in this specific
application, shadowing is present in most images, resulting in an incomplete boundary.

Figure 4.7 shows an example of how Live Wire would favour a path across a shadowed

82



region, compared to the desired path to accurately estimate the adipose tissue in this
section of fetal limb.

In order to make this method more robust, the addition of an additional cost term
to the Live Wire method in order to locally guide the shape of the paths calculated at
each iteration is needed. This allows Live Wire to estimate the shape of missing pieces
of contour, and has the side effect of tending to make other sections of the contour follow
a smoother path, penalising sharp deviations in direction.

By using a weak shape constraint (in this case circular), locally smooth contours
can be ensured, without the requirement of prior information about the object’s overall
shape. An advantage of a weak constraint such as this is that the method does not require
training sets. This would be particularly difficult to obtain in an application such as fetal
soft tissue, where GA and fetal position may alter the shape of the desired object to be
segmented.

This weak shape constraint is constructed by fitting a circle to the arc formed by the

previous two anchor points;

e When the user places an anchor point on the image to create a new segment of the
Live Wire path, the method retrieves the previous n elements of the arc between

the previous two anchor points, as shown in Figure 4.8.a.

e Three distance maps are created, considering the first, (n/2)" and the n'* pixels

forming this segment.

e A variance map is created, with a size equal to the original image, where each pixel
displays the variance of distances from each of the three contour points to that

pixel. This is shown in Figure 4.8.b.

e The pixel at which the value of this variance map is lowest is taken as the centre
of a circle, with the radius of this circle being the mean distance between the three

contour points at this pixel.
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Figure 4.8: (a) An US image of a fetal arm with a single Live Wire segment, constructed using
a FA cost map. (b) Conlour segment over a distance variance map; the first, the (n/2)"" and the
nt" points along the contour are selected. The value of each pizel in the distance variance map
corresponds to the variance of distances from each of these three points. (c¢) The shape-based
cost map derived from the location of the minimum distance variance from the three points and
the mean distance at that location.

(c)

e The region enclosed by the circle is given a cost of Cgpepe = 1. The cost outside
this region begins at Cgpape = 0 and increases uniformly with distance from the
boundary, set such that the cost outside the circle never exceeds Cspope = 1. A

visualisation of the resulting cost map can be seen in Figure 4.8.c.
e The shape cost is recalculated for each segment that is drawn.

Each time the user places a new anchor point, the size and position of the shape
constraint is re-defined, considering only pixels that form the segment between the new
anchor point and the previous one, rather than the entire segmented contour to that point.
This allows the shape constraint to locally adapt to different sections of the contour. This
prevents over-constraining the contour with additional anchor points and hence retains

the flexibility and the interactive component of the Live Wire approach.

4.4.1 FA-S L1vE WIRE

The complete FA-S Live Wire method uses FA and a piecewise local shape prior cost
map as the costs of the Live Wire algorithm, to form the cost map in the form of the one

shown in Figure 4.9. The cost of the wire connecting pixel A and pixel B, for example,
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Figure 4.9: Possible Live Wire paths using pizels rather than vertices as nodes.

is calculated as Cpqi, = C, + Cy. For each pixel centre, the cost is defined as;
C= wFACFA + wshapecshape (410)

where Cpy = F'A from Equation 4.9, Cspepe is the shape constraint cost as described in
Section 4.4, and wpy and wgpepe are their corresponding weights [37]. In this application
the costs have been set to wpg = Wspepe = DO after empirical testing of performance of
FA-S Live Wire on example images.

While components of the analytic signal contain directional information, FA does not
contain directional information in the same way as a gradient value would, and so there
is little value in including a full pixel neighbourhood for FA values. Indeed, the only pixel
with relevant information to determine whether a point in an image is on an edge or not is
the FA value at that pixel. This means that this application of the Live Wire algorithm
does not concern edges and vertices of pixels, but instead is calculated in terms of a
path running between pixel centres, as shown in Figure 4.9. As a result, an application
such as this in which FA is utilised should follow the Chorodowski et al. method of

cost-per-pixel [37], rather than the Falcao et al. method of cost-per-vertex [52].
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Figure 4.10: Flow diagram of the FA-S Live Wire method.

METHODOLOGY OVERVIEW: FA-S LIVE WIRE

e A cost map based on the FA of the image is calculated.

e A weak shape constraint is applied by approximating a circular cost region from

the most recently drawn segment.

e The FA and shape constraint costs are used in order to guide an adaptation of

the Live Wire algorithm. The user sets anchor points on the image, and the

lowest cost path is shown between the last anchor point and the cursor in real

time. These paths are set in place by setting a new anchor point.

e The shape prior helps overcome small missing pieces of boundary in the image

and guarantees the local smoothness of contours without making an assumption

about the object’s overall shape, keeping the application of FA-S Live Wire

general.

Figure 4.10 summarises the overall FA-S Live Wire method.
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Figure 4.11: The LP response of an US image using a Gaussian Deriwative and (from left to
right) scales of s = 1,10,20,50 and 100.

4.5 VALIDATION OF METHOD

4.5.1 EXPERIMENT OUTLINE

In order to test the ability of FA-S Live Wire to segment the adipose tissue layer in
US images of the fetal arm, it is necessary to compare the accuracy and efficacy of this
method against existing methods. The proposed method is therefore compared to the
intensity-based Live Wire method developed by Chodorowski et al. [37] as an extension of
the original method by Falcao et al. [52], and to a fully automatic segmentation method
for the fetal US images, which is also graph-based and incorporates FA and LP and
is specifically developed for US image segmentation, which will be referred to as ‘FC-
Auto’ [156]. As an additional experiment, FA-S Live Wire will also be tested with the
shape constraint removed, to show the purpose of this extra component. This will be
referred to as ‘FA Live Wire.’

Phasewire has not been compared, as it was found to be inappropriate for this partic-
ular application. The original application of Phasewire was in MRI segmentation [130],
where boundaries are strong and phenomenon such as speckle and poor image contrast
do not need to be contended with. Applying LP to US images of fetal soft tissue results
in poor delineation between adjacent objects and a poorly defined object boundary as
shown in Figure 4.11.

The data set consisted of 48 cross-sectional US images of the fetal arm, from a selection

of healthy singleton pregnancies studied in the INTERGROWTH-21% project [11]. This
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Table 4.3: Colour legend

’ Method \ Colour
Manual Orange
Live Wire Blue -
FC-Auto Red -
FA Live Wire Purple ==
FA-S Live Wire | Green

Figure 4.12: A fetal arm cross-section in US. The red
dotted line shows an area of shadowing, while the yellow
crosses indicate segmentation start points.

selection features images from across gestation, ranging between 21 and 38 weeks GA.
This presents a significant variability in size, shape and appearance.

In order to assess the accuracy of each method’s output, a comparison must be made
to a reference segmentation, which can be regarded as an approximation of the ‘true’
region of adipose tissue. In the assessment outlined here, this reference segmentation
was carried out manually by Caroline Knight, a clinician associated with this project.
Segmentations were conducted using a bespoke manual tracing tool built in MATLAB.
In order to take into account intraobserver variability, this manual segmentation was
performed twice for each US image. These were both used as reference segmentations in
the evaluation stages, and the results averaged.

The Live Wire, FA Live Wire and FA-S Live Wire method were each applied to all
48 images three times, and performed by me. The entire image set was segmented once
before the second segmentation was made, and so on, so that there was a large gap
between successive segmentations of the same image. This meant that it was not possible
for the segmentation to be learnt by the user over successive attempts, which would
improve segmentation speed and accuracy and undermine the validity of the results.

The process has been standardised by starting the segmentation at one side of the
shadow cast by the bone, around the region to be segmented and back to the initial point.
This ensures that the shape constraint influences the segmentation over the shadowed
region. Potential start points for this segmentation are shown in Figure 4.12. FC-Auto

was applied to a subset of 20 images; in comparisons involving FC-Auto results, the values
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from the other methods are taken from the same subset of images. For consistency, all
graphs and charts in this section use the same colour legend to display the performance

of different methods of segmentation, as displayed in Table 4.3.
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Table 4.4: Evaluation of precision, recall and Dice similarity in terms of area for each of the segmentation methods considered. The highest
performing results are in bold.

] Table 1 Method H Precision (%) Recall (%) Dice Similarity (%) ‘
20 image set Live Wire 89.33 £ 3.71 85.08 £+ 4.89 86.93 £+ 2.78
FC-Auto 87.64 + 3.64 80.31 £ 5.72 83.57 £ 2.71
FA Live Wire 90.20 £+ 4.71 84.42 + 5.22 87.02 £ 2.81
FA-S Live Wire 87.21 £6.01 88.08 &+ 3.98 87.36 + 2.89
48 image set Live Wire 87.65 £ 6.12 85.82 + 6.62 86.55 £ 5.62
FA Live Wire 89.17 £+ 8.57 84.02 + 8.16 86.31 £ 7.24
FA-S Live Wire 86.52 £ 5.24 88.37 £+ 4.07 87.20 =+ 2.55

Table 4.5: Contour agreement between each segmentation method and the reference delineation. The highest performing results are in bold.

| Table 2 Method | <1pixel (%) <5 pixels (%) < 10 pixels (%) | Average deviation (pixels) |
20 image set Live Wire 30.33 + 7.40 80.04 £ 8.51 95.50 £+ 3.94 3.41 + 0.85
FC-Auto 25.13 £ 7.93 73.69 £ 15.64 91.60 £ 11.22 4.82 + 3.88
FA Live Wire 29.74 £ 7.11 79.94 £ 10.65 95.05 £ 5.35 3.47 £ 1.15
FA-S Live Wire 2787 £5.71 80.29 £ 7.54 96.02 £+ 3.41 3.43 £ 0.72
48 image set Live Wire 29.51 + 6.86 76.44 + 10.28 92.79 £ 7.73 4.07 £ 2.57
FA Live Wire 28.12 £ 7.00 76.18 £ 12.00 92.12 £ 8.75 4.12 4+ 2.87
FA-S Live Wire 26.05 £ 6.13 75.80 £ 9.75 93.40 + 5.35 3.94 + 1.04

Table 4.6: Time required and number of anchor points needed to complete the segmentation, averaged across all images, as well as the
repeatability of the semi-automated and manual segmentations. The highest performing results are in bold.

‘ Table 3 H Time (s) Anchor pts. ‘ Precision (%) Recall (%) Dice (%) ‘
Manual 28.0 £ 5.1 - 87.55 £ 5.21 94.28 + 4.28 90.61 £+ 2.06
Live Wire 24.9 + 4.8 15.7 £ 2.4 93.51 + 3.08 94.49 + 2.19 93.94 + 1.97
FA Live Wire 18.5 £ 3.9 85+1.6 96.17 £+ 6.26 97.28 £+ 6.00 96.67 £ 5.81
FA-S Live Wire || 13.9 + 2.6 7.8 £ 1.5 | 96.62 + 2.82 97.43 £+ 2.19 96.98 + 1.89
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Figure 4.13:  The precision, recall and Dice similarity for; (a) The 20 image set for all
segmentation methods, (b) The 48 image set for Live Wire and FA-S Live Wire

4.5.2 RESULTS: ACCURACY

To assess the agreement between the areas segmented by each method with the refer-
ence segmentation of adipose tissue, a comparison was made by calculating the precision,

recall and Dice similarity for each segmentation method, defined as;

M
:ﬂxl

Precision: P 5 00 (4.11)
IM N S|
Recall: R =-——— x 100 (4.12)
| M]
L 2x |MNS]|
Dice similarity: D = —————— x 100 (4.13)
|51+ |M]

where M and S refer to the manual segmentation (which is used as a reference) and
the semi-automatic segmentation method, respectively [156]. These were calculated for
each segmentation method against the two corresponding manual segmentations, with an
average value being recorded for each image. The mean and standard deviation of these
values across all images can be found in Table 4.4, and a graphical representation of these
results can be seen in Figure 4.13.

FA-S Live Wire showed a significant improvement in accuracy over the automated
method in terms of recall and Dice similarity (p < 0.01 in both cases), while remaining

comparable in terms of precision (p = 0.39). Live Wire, FA Live Wire and FA-S Live
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Figure 4.14: Awverage deviations of segmented contours from the manually segmented contours

Wire have shown near-identical results in terms of accuracy across the board, with FA-
S Live Wire showing slightly better performance in terms of recall and Dice similarity
(p = 0.02 for recall in the 20-image set, but p > 0.05 for all other cases), suggesting
that FA-S contours are generally over-estimating the segmented area. This could be due
to the shape constraint causing the curve as chosen by the user to ‘inflate’ slightly, or
overshoot sharp corners to fit a more circular path. The lower values for recall and higher
values for precision in FA Live Wire compared to FA-S Live Wire in particular could
indicate this. However, it is important to note that a similar level of accuracy would
be expected between multiple interactive segmentation methods such as Live Wire and
its derivatives, as the output is influenced heavily by the user’s judgement. For these
experiments, the manual segmentation was conducted by a clinician while I performed
all of the semi-automated segmentations. Therefore, it is expected that an investigation
involving the same operator for each method, but a different operator than the source of
the manual segmentations, would have a similar level of error.

Another evaluation metric consists of the relative position of the semi-automated
contour against the clinical standard. A suitable metric to quantify the similarity in
contours is to calculate the distance of each pixel on the contours segmented by each
method from the manually segmented contours. This is calculated as the percentage of
pixels that fall within certain distances of the pixels on the reference contour. In this

case, shown in Table 4.5, the percentage of pixels which fall within 1, 5 and 10 pixels of
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Figure 4.15: (a) A comparison of the time taken to perform a segmentation manually, and
using the Live Wire based methods (b) A comparison of the number of anchor points required to
complete o segmentation using Live Wire based methods

the manually delineated contour are determined. Figure 4.14 illustrates these results.
As with the accuracy in terms of area overlap, contour deviation showed comparable
results to traditional Live Wire and more significant improvement over FC-Auto. Tt
is important to note that these results also show that FA-S Live Wire generally has a
lower standard deviation compared to the other methods. The lower standard deviation

exhibited by the FA-S Live Wire results may suggest more consistent segmentations.

4.5.3 RESULTS: EFFICIENCY

Investigations into the accuracy of FA-S Live Wire compared to alternative methods
have shown that this method demonstrates similar, though in some cases marginally
better, performance. This is not, however, sufficient to justify the use of FA-S Live
Wire over competing methods. As semi-automated methods are intended to facilitate
segmentations, allowing for a higher throughput of data in as quick and as easy a manner
as possible, it is important to assess each method on these terms. Consequently, this
section will detail the number of anchor points required and the time taken to complete
the segmentations carried out in Section 4.5.2.

Table 4.6 displays the average time taken and the number of anchor points required
for the manual segmentation, the intensity-based Live Wire and the proposed technique.

Figure 4.15 presents a graphical representation of these results. The figure for the manual
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Figure 4.16: Delineations and anchor points needed for segmenting an US image of the fetal
arm at 27 weeks GA using (a) Live Wire (19 anchor points) and (b) FA-S Live Wire (10 anchor
points). The anchor points are displayed as red crosses.

segmentation average time for segmentation is taken from a subset of 40 segmentations.
As can be expected, the time taken and anchor points required for FA-S and FA Live
Wire are much lower than Live Wire, since FA provides a very strong path around the
object’s boundary. FA-S Live Wire’s ability to refine the number of paths available to

the user appears to further reduce the time taken and anchor points required.

Figure 4.16 visualises the difference in anchor points required to complete the same
segmentation using Live Wire and FA-S Live Wire. Note that the FA-S Live Wire required
around half the time and half the number of anchor points than Live Wire to segment the
adipose tissue layer on the same US image, while Live Wire did not present a significant
reduction in time compared to manual segmentation.

Also in Table 4.6, the precision, recall and Dice similarity were calculated comparing
subsequent segmentations using the same technique and on the same image, in order
to provide an indication of the repeatability of each method. This has been achieved
by using equations 4.11, 4.12, and 4.13 but replacing M with the initial segmentation
(S or S3), and S with repeated segmentations (Ss or S3), such that all segmentations
are compared against each other. In the case of the manual segmentations, which were
conducted twice, only S; and Sy could be used. Figure 4.17 gives a visualisation of these

results.
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Figure 4.17: The repeatability of the manual, Live Wire based methods

4.5.4 RESULTS: SIGNIFICANCE TESTING

In order to assess the relevance of the results shown in this chapter, it is important
to determine the mathematical significance of the improvements described. This is to
prove that the positive results obtained in the assessment of these tools are more likely
to have occurred due to inherently better properties of the FA-S Live Wire segmentation
method, rather than due to random chance; falling within the expected deviation of the
values obtained. In order to achieve this, the p-value for each result must be calculated.
For two groups of mean p; and ps, variance w; and wo, and number of samples N; and

Ns, the unequal-variance Students’ t-test can be calculated using;

t = L’L?? (4.14)
wy + wy
N TN

From this the associated p-value can be found. Since segmentations on the same sets of
images are being compared, Ny = Ny = N, except in the case of the time measure for
manual segmentations, where 40 of the 48 images had corresponding time data.

Table 4.7 outlines the significance values of the results for precision, recall and Dice
similarity, as well as for contour agreement. Since the FA-S Live Wire, FA Live Wire
and standard Live Wire results were conducted on both the full and partial image set,

significance for both of these sets have been considered. Table 4.8 shows the same for the
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Table 4.7: Significance values of the results for precision, recall, Dice similarity and contour
agreement. The highest performing results are in bold.

‘ Measure H FA-S Live Wire Live Wire Samples t-value p-value
Precision (%) 87.21 + 6.02 89.33 + 3.71 20 -1.347  0.09752
Recall (%) 88.08 + 3.98 85.08 + 4.89 20 2.128 0.02299
Dice Similarity (%) 87.36 + 2.89 86.93 + 2.80 20 0.478  0.31895
Precision (%) 86.52 + 5.24 87.65 + 6.12 48 -0.972  0.16803
Recall (%) 88.37 £+ 4.07 85.82 £+ 6.62 48 2.273 0.01376
Dice Similarity (%) 87.20 + 2.55 86.55 + 5.62 48 0.730  0.23456
<1 Pixel (%) 27.87 £ 5.71 30.33 £ 7.40 20 -1.177  0.12650
<5 Pixels (%) 80.29 + 7.54 80.04 + 8.51 20 0.098  0.46132
<10 Pixels (%) 96.02 + 3.41 95.50 + 3.94 20 0.446  0.33009
Average dev. (pixels) 3.43 £0.72 3.41 £ 0.85 20 0.080  0.46840
<1 Pixel (%) 26.05 + 6.13 29.51+6.86 48 -2.606 0.00609
<5 Pixels (%) 75.08 £ 9.75  76.44 + 10.28 48 -0.665  0.25461
<10 Pixels (%) 93.40 + 5.35 92.79 £ 7.73 48 0.450  0.32753
Average dev. (pixels) || 3.94 + 1.04 4.07 + 2.57 48 -0.325  0.37335

‘ Measure ‘ FA-S Live Wire  FA Live Wire Samples t-value p-value
Precision (%) 87.21 + 6.01 90.20 + 4.71 20 -1.751  0.09523
Recall (%) 88.08 + 3.98 84.42 + 5.22 20 2.494 0.02153
Dice Similarity (%) 87.36 + 2.89 87.02 + 2.81 20 0.377  0.70999
Precision (%) 86.52 £ 5.24 89.17 + 8.57 48 -1.828  0.07381
Recall (%) 88.37 + 4.07 84.02 £+ 8.16 48 3.305 0.00180
Dice Similarity (%) 87.20 £ 2.55 86.31 + 7.24 48 0.803  0.42576
<1 Pixel (%) 27.87 £ 5.71 29.74 £ 7.11 20 -0.917  0.18501
<5 Pixels (%) 80.29 + 7.54  79.94 4+ 10.65 20 0.120  0.45286
<10 Pixels (%) 96.02 + 3.41 95.05 + 5.35 20 0.684  0.25099
Average dev. (pixels) || 3.43 £+ 0.72 3.47 £ 0.72 20 -0.176  0.43116
<1 Pixel (%) 26.05 + 6.13 28.12 + 7.00 48 -1.541  0.06490
<5 Pixels (%) 75.08 + 9.75 76.18 + 12.00 48 -0.493  0.31217
<10 Pixels (%) 93.40 + 5.35 92.12 £ 8.75 48 0.865 0.19576
Average dev. (pixels) || 3.94 + 1.04 4.12 + 2.87 48 -0.409  0.34235

‘ Measure ‘ FA-S Live Wire FC-Auto Samples t-value p-value
Precision (%) 87.21 £ 6.01 87.64 + 3.64 20 -0.274  0.39357
Recall (%) 88.08 + 3.98 80.31 £ 5.72 20 4.987 0.00004
Dice similarity (%) 87.36 + 2.89 83.57 £ 2.71 20 4.278 0.00018
<1 Pixel (%) 27.87 £ 5.71 25.13 + 7.93 20 1.254  0.11216
<5 Pixels (%) 80.29 + 7.54  73.69 + 15.64 20 1.700  0.05252
<10 Pixels (%) 96.02 + 3.41 91.60 + 11.22 20 1.686  0.05370
Average dev. (pixels) | 3.43 £+ 0.72 4.82 £ 3.88 20 -1.575  0.06544
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Table 4.8: Significance values for the time required and number of anchor points needed to
complete the segmentation. The highest performing results are in bold.

‘ Measure H FA-S Live Wire Manual Samples t-value p-value ‘

| Time (s) | 13.9+ 2.6 28.0 £ 5.1 40  -15.853 0.00000 |

‘ Measure H FA-S Live Wire Live Wire Samples t-value p-value ‘
Time (s) 13.9 + 2.6 24.9 + 4.8 48 -13.961 0.00000
Anchor points 7.8 + 1.5 15,7+ 24 48 -19.339 0.00000

‘ Measure H FA-S Live Wire FA Live Wire Samples t-value p-value ‘
Time (s) 13.9 + 2.6 18.5 + 3.9 48 -6.799  0.00000
Anchor points 7.8 + 1.5 8.5+ 1.6 48 -2.211  0.01591

time required and the number of anchor points needed to complete the segmentation. In
both cases, significance values are shown in bold for p-values of p < 0.05 (indicating a
strong significance) and italics for p-values of 0.05 < p < 0.1 (indicating a weak, but still
mathematically relevant significance).

All instances of FA-S Live Wire performing better in terms of recall showed a strong
significance (p < 0.05), while instances of other methods outperforming FA-S Live Wire
in terms of precision showed weak significance at best (0.05 < p < 0.08). All results
for the time taken and the number of anchor points, which were all favourable for FA-S
Live Wire, showed very strong significance with p &~ 0. In contrast, none of the p-values
related to the contour agreement were in the range of p < 0.05, which were among the
weaker results for demonstrating the benefits of FA-S Live Wire. Most improvements

over FC-auto, however, have been shown to be within 0.05 < p < 0.1.
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29 weeks, 3 days

27 weeks, 1 day 28 weeks, 1 day

(b) (c)

Figure 4.18: Three examples of FA-S Live Wire on three fetal arm cross-sections for different
GAs. The manual segmentation is shown in orange while the segmentation obtained by FA-S
Live Wire is displayed in green.

PERFORMANCE OVERVIEW: FA-S LIVE WIRE

e Overall improvement in area recall and Dice similarity over other methods,

comparable precision and contour deviation to conventional Live Wire.
e Improved repeatability over manual segmentation and conventional Live Wire.
e Around twice as fast as manual segmentation.

e An average reduction of over 40% in the time and number of anchor points

required to complete the contour compared to conventional Live Wire.

e The shape constraint improves the performance of the method compared to

using FA alone

4.6 DISCUSSION

4.6.1 ASSESSMENT OF FA-S LIVE WIRE

FA-S Live Wire is an adaptation of the Live Wire algorithm which is more suited to

US images than standard intensity-based methods by incorporating intensity invariant
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structural information (FA) and a piecewise weak local shape prior. This method is
particularly suited to use with US images, where attenuation can reduce the efficacy of
intensity-based measures, speckle can influence the appearance of the object boundary
and shadowing can remove sections of the contour entirely. While the bandpass filter
of FA can reduce the influence of speckle and provide an intensity invariant indication
of boundaries, the weak shape constraint can ensure that boundaries are locally smooth
and fill in missing sections of contour based on the trajectory of the previously delineated
segment of the object boundary. The method presented is general and not related to
the shape of the object to be segmented, preserving the flexibility of the Live Wire
method. Figure 4.18 shows examples of the FA-S segmentations against manual clinical
segmentations.

When applied to examples of fetal adipose tissue segmentation, it had been demon-
strated that the accuracy in terms of agreement with both the contour and area of the
segmented area is comparable to and, in some cases, exceeds that of alternative meth-
ods. FA-S Live Wire gave a precision of 87%, recall of 88% and Dice similarity of 87%
compared to manual segmentations; this discrepancy may be an issue for the clinical
application of this method. Assuming the difference between AGA and SGA measures
of fetal fat are similar to those of other biometrics, an area calculation error of 10-15%
could easily result in a heavily SGA fetus being identified on the low end of AGA or vice
versa.

However, this may have been influenced by interobserver variability, which can be
supported by the fact that Live Wire and FA-S Live Wire results showed very similar
levels of error. Meanwhile, repeatability measures suggest that successive measurements
of the same fetus are more highly comparable with FA-S Live Wire than manual measures.
It is possible that if all fat measures were taken using the same method, and a model for
fetal growth were built using these results, accuracy of SGA diagnosis would actually be
increased since a more consistent definition of the fat boundary is being used.

The main improvement on conventional Live Wire, against which accuracy is generally
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the same, is the great reduction in time and anchor points required to complete the
segmentation. FA-S Live Wire has been shown to have an average reduction of around
40% in both the time and number of anchor points required compared to Live Wire,
with a reduction in time exceeding 50% compared to manual methods. Additionally, the
advantages of this method over alternatives include the fact that it allows the user to
have a direct influence over the contour while greatly reducing the amount of time and
number of anchor points required to complete the contour over other interactive methods.
Additionally, the operation of this method allows for the segmentation of shapes without
the use of specialist equipment, which is often required for manual segmentation. The
weak shape constraint keeps the application general while allowing for the segmentation
of objects prone to shadowing, a common feature of US images.

In the testing of FA-S Live Wire against other methods, assessment via ROC curve
has not been attempted. This is because varying parameters such as the cost weightings
for FA-S Live Wire and conventional Live Wire would make the segmentation more
difficult, but not necessarily have a significant or meaningful impact on the accuracy of
the resulting segmentation. As the user has direct control over the ultimate appearance
of the segmentation, varying the parameters of Live Wire to become less indicative of
the features of interest will only require the user to apply more anchor points, tending
towards a manual segmentation as the ability of Live Wire to describe edges decreases.

The evaluation of FA-S Live Wire also showed improvement over FA Live Wire, which
itself outperformed standard Live Wire. This demonstrates both the utility of using FA
in US images over traditional gradient based methods and the benefit provided by the
additional shape constraint. The reduction in the time taken and the anchor points used
is likely tied to the fact that the shape constraint effectively limits the number of potential
paths around the object to those which would be consistent with the current trajectory
of the Live Wire path. This means that the segmentation is less likely to deviate to a
non-boundary region.

The improved repeatability of results is particularly important when considering the
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potential application of such a segmentation method; to build up a library of measure-
ments of fetal adipose tissue in healthy and malnourished pregnancies in order to establish
a metric to distinguish between the two. As a potential extension, it could be possible
to apply automatic scale selection used for bandpass filter b by taking into consideration

the relative size of important structures and speckle in the US images.

4.6.2 POSITION IN CLINICAL WORKFLOW

One important consideration for the utility of this method is its placement in clinical
workflow, particularly in an environment where a number of alternative segmentation
methods exist, many of which may involve less intensive user interaction. Rueda et al.,
for example, have developed segmentation methods for the specific task of segmenting
fetal fat in a form that requires minimal user interaction, requiring only the positioning
of a seed point within the region of interest to initialise segmentation [155,156].

FA-S Live Wire provides the user with the opportunity to directly control the position
of the contour, which is of particular use in challenging imaging conditions where auto-
mated methods may fail and are difficult to alter to find the desired boundary. This also
makes the method useful for diagnostically critical applications when clinicians would
be more comfortable interacting directly with their data, rather than passively acquiring

results.

An early version of the work described in this chapter has been pub-
lished in the proceedings of SPIE Medical Imaging 2013:

T.M. Rackham, S. Rueda, C.L. Knight, J.A. Noble, ‘Ultrasound image segmen-
tation using Feature Asymmetry and shape guided live wire,” Proceedings of SPIE

Medical Imaging 2013: Image Processing, 86690P, Orlando, FL, USA, February 2013

The personal contribution in this chapter is a previously-unexplored combination of FA with
Live Wire, as well as the creation of a shape constraint which works specifically with Live Wire
to improve performance on the segmentation of generic closed-contour shapes.
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CHAPTER 5

FA-S LIVE WIRE FOR LIVER VOLUME

In this second contributions’ chapter the utility of Live Wire is explored in a 3D setting,
both in MRI and US. Previous methods have involved using sparse segmentations along
two orthogonal axis being used to guide segmentation along the third. This chapter will
explore the limitations to and potential improvements on this method in the context of

fetal liver segmentation in 3D imaging modalities.

5.1 FETAL LIVER VOLUME ESTIMATION STUDIES

Fetal hepatic volume is another potential biometric for assessing the growth of a
fetus. A number of investigations have been made into the calculation of LVol and the
prediction of growth trajectories, the results of which can be found in Table 5.1 [7,16,29,
31,93,96]. Figure 5.1 and Figure 5.2 show the corresponding graphical representations
of the relationship between LVol in millilitres and GA in weeks, as determined by these
studies.

These measurements have been obtained primarily via the manual segmentation of
2D areas through each volume. The deviation in trajectory for fetal liver growth between
these studies are, in part, a result of attempting to form a relationship between GA and
liver size through differing methods of approximation. Additionally, different modalities
were used to capture the data.

As an example of the scope of the contrast, Baker et al. calculated LVol from MRI

102



160

140

120

100

80

Liver volume (ml)

60

40

20

———Baker, 1995 ———~Chang, 1997

| audy, 1998 /

T T T T T T T T T T T T T T T T T 1
18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40

Gestational Age (weeks)

Figure 5.1: Plot of the relationship between LVol (ml) and GA (weeks) for studies that found
a linear relationship. Fach line is drawn across the range of GAs used in each study. [7, 31, 96/
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Figure 5.2: Plot of the relationship between LVol (ml) and GA (weeks) for studies that found

a quadratic or cubic relationship. Fach line is drawn across the range of GAs used in each
study. [16, 29, 95/
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with a 10mm slice separation 7], while Kuno et al. segmented 3D US images at lmm
intervals [93]. A further consideration is that many of the studies had relatively small data
sets (around 25 fetuses total), which may be due to the difficulties involved in calculating
such volumes.

In order to collect more data to establish effective growth charts from which to assess
fetal growth, and to allow liver volumetry to be a viable option in clinical practice, it is
essential that methods are developed for the segmentation of the fetal liver. This can be
achieved through either MRI volumes or US volumes. MRI has the advantage that, under
certain settings, the boundary between the liver and surrounding tissue can be clear (as
shown in Figures 5.3a and 5.3b). However, it is not a routine part of clinical assessment,
with scans usually being taken either specifically for studies or in order to confirm the
diagnosis of severe fetal conditions such as spina bifida. US, in contrast, is a standard
part of clinical procedure for pregnancy but presents a far more challenging modality to
identify liver boundaries (as shown in Figures 5.3c, 5.3d and 5.3e). This chapter will

address the issues of segmenting the liver in both of these modalities.

5.2 DATA

5.2.1 INTERBIO-21°5"

MR images of the fetal liver for volume measurement have been obtained from the
INTERBIO-21% study [2]. The intake requirements for INTERBIO-21% are not as spe-
cific as those used for INTERGROWTH-21% (which sought to eliminate as many risk
factors for malnutrition as possible), but at the time of data collection the population
still predominantly consisted of healthy, singleton pregnancies.

The MRI volumes have a spatial resolution of 1.95mm x1.95mm with a slice separation
of 4mm, acquired using the e-THRIVE protocol. Spatial resolutions of the US images
were not available from their DICOM files, and so this chapter will be considered a proof

of concept for the segmentation process rather than a study into volume measurement.
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Table 5.1: Equations for LVol from GA, as estimated by a number of different population-based studies, along with the scope of each study.

’ Paper H Year GA (weeks) Sample size Equation ‘
Baker et al. |7] 1995 23+ 217117 LVol = —190 + 8.55G A
FM Chang et al. [31] || 1997 22-31 5H* LVol = —78.285 + 4.3844G A
Laudy et al. [96] 1998  19-39 25* LVol =—12222+6.071GA
Kuno et al. |93] 2002 204 14*, 107 LVol =167 — 14.6GA + 0.3552G A?
Boito et al. [16] 2002  20-36 85*,248 LVol = —18.268 + 0.0443G A% + 0.0012G A?
CH Chang et al. [29] || 2003 20-40 226" LVol = —398.26 4+ 46.199GA — 1.7567G A? + 0.0236G A3

(a) Patient9 Transverse (b) Patient18 Coronal (c) 16 weeks, 6 days  (d) 23 weeks, 1 day  (e) 35 weeks, 2 days

Figure 5.3: Ezamples of fetal abdominal cross sections across GA in both MRI ((a) and (b)) and US ((c), (d) and (e))

*Fetuses identified as AGA
TFetuses identified as SGA
1Fetuses identified specifically as TUGR



5.2.2 US CHALLENGES

As with all forms of US imaging, typical challenges in image segmentation include
speckle, attenuation, low contrast boundaries and shadowing [128|. Liver boundaries
are particularly indistinct compared to other structures and can often be difficult to
judge by eye. Furthermore, the problem of shadowing is more apparent as GA increases,
as structures such as the ribs become greater acoustic boundaries and cause greater
attenuation to the signal.

The liver presents an additional problem in that it is unlikely to be the most predomi-
nant feature of a given US image. Clearer boundaries can be seen between the liver tissue
and its internal vasculature, which may distort many conventional segmentation methods
by presenting stronger boundaries than those of the object of interest. Similarly, there is
a thin region of tissue between the liver and surrounding amniotic fluid, which presents
a strong but incorrect boundary in close proximity to the target boundary.

Figures 5.3c, 5.3d and 5.3e show the appearance of the fetal liver in a slice of 3D US
at 16, 23 and 35 weeks GA respectively. The appearance of the liver can also change
drastically through gestation, meaning that many shape- and appearance-based methods
would require very large training sets throughout gestation in order to build an accurate
model. Even in modalities that are generally easier to interpret than US, such as CT, the
liver is identified as difficult due to shape variation and inconsistent boundary conditions,
due to the the organ forming boundaries with many different tissue types [77].

Additionally, US presents the issue that appearance can change greatly between ex-
amples due to factors such as shadowing. The setting of obstetric US increases variation
in liver appearance, since GA, growth trajectory, the maternal fat layer and US settings
can also influence how it appears. As with the issue of fetal fat segmentation, any assump-
tions that could influence the overall volume of the segmented shape would be ill-suited

to an application in which volume is critical to diagnosis.
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5.2.3 MRI CHALLENGES

MRI is another imaging modality which is often used during pregnancy, although not
with the same ubiquity of US. Fetal MRI is most frequently used in circumstances where
US is insufficient to accurately diagnose conditions, and so is often applied to observe the
fetal brain which can become occluded in US during later gestation due to increased bone
density [60]. Additionally, it is not performed before approximately 20-24 weeks GA.

Figures 5.3a and 5.3b give two examples of the fetal liver as observed in MRI. Tt can be
seen that boundaries here are far clearer than in the US examples, with a more distinct
difference in intensity for the liver tissue compared to surrounding areas. Shadowing
and attenuation are not issues in MRI. Potential disadvantages of the modality are that
images take time to acquire, meaning that maternal and fetal movement can potentially
impact imaging quality [60]. In the examples used for this thesis, e-THRIVE acquisition
times were in the order of 10-15 seconds but other protocol can take even longer. As
mentioned earlier, boundary conditions can be inconsistent for the fetal liver, regardless
of the modality used [77].

In INTERBIO-21%*, MR images were taken in a small subset of volunteers for the
purposes of research once during pregnancy, after 21 weeks GA. These were taken using
the e-THRIVE image setting, as this was found by clinicians to give the best appearance
of the fetal liver. e-THRIVE is an ‘enhanced’ version of THRIVE, which is a Phillips
specific imaging protocol, equivalent to FAME and VIBE on GE and Siemens machines
respectively |25]. These images have a pixel spacing of 1.953mm in the x and y direction,
with a slice thickness of 4mm and slice separation of 2mm (this overlap essentially makes
each slice represent 2mm in real terms). A number of the images from the set were
rejected on the basis that the sweep, which typically amounted to 40-90 slices, did not
completely capture the full volume of the liver.

FA-S Live Wire is suited to this application, as fetal liver can exhibit some of the

problems faced with segmenting features seen in US in MRI as well, such as low con-
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trast and varying boundary contrast, although in this case the latter depends on what
surrounding tissue the liver is in contact with rather than signal attenuation. As the
volumes are a lower resolution than many of the US images, the scales used for the FA

calculation must be modified accordingly.

5.3 OBJECTIVES

The main objective was to develop a method for the segmentation of the fetal liver,
a potentially complex 3D structure, in fetal US and MRI. As with Chapter 4, the use of
user-guided techniques have been explored, to allow for a greater, intuitive control over
the final segmentation. Additionally, an important design constraint for this method
is that it must be able to cope with the challenges brought by the imaging modalities
used, particularly US (both as the primary method for fetal observation and the more
challenging modality). For similar reasons to those described in Chapter 4, it has been
decided that an interactive segmentation scheme would be well suited. The solution
to this task focused primarily on expansions of the Live Wire algorithm, as a logical
expansion of previously discussed work. Facets of the monogenic signal are also utilised,
as they have been shown to be useful in solving US-related segmentation problems [128§].

The secondary objective was to reduce the amount of user interaction required to
perform the segmentation in 3D. This is arguably more essential than in the 2D case, as
it is likely that multiple segmentations will be required to form the entire volume. This
would increase the time taken to perform the segmentation and could increase the chance
of user fatigue during the process [136]. As a result, methods that allow for 3D surfaces
to be accurately represented, using a small number of 2D segmentations to initialise the
segmentation through the volume, have been investigated.

At the time of writing, there appears to be very little research into automating the
segmentation of fetal liver in US and MRI, presumably because of the difficulty involved in

observing object boundaries. Segmentation problems often involve segmenting internal
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Figure 5.4: (a) A sparse sel of segmentations are taken in the x and y directions (b) Inter-
sections between each layer of the z plane and the existing segmentations are used as the anchor
points for Live Wire

liver structures rather than the organ itself, for example mapping liver vasculature in
CT [77]. However, attempts have also been made in the segmentation of the full liver in

3D, although this has been limited to adult livers, again in CT [191].

5.4 EXISTING 3D LIVE WIRE METHODS

In forming a volumetric segmentation of the fetal liver, typically around 100 slices
are required to form a full segmentation of the liver in US and around 40 slices in MRI.
Even with the increased speed of 2D segmentation time given by using a semi-automated
method, volume segmentation remains a lengthy process. This can be addressed by
adapting Live Wire to cater specifically for 3D applications rather than just using the 2D

method on a slice-by-slice basis.

5.4.1 SPARSE 3D LIVE WIRE

A number of attempts have already been made at extending the functionality of Live
Wire into 3D imaging problems, primarily by using a sparse set of 2D segmentations (often
in two orthogonal directions) to automate the creation of a dense set of 2D segmentations

which are combined to form a complete volume [185].
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Falcao and Udupa [51], Lu and Higgins [105], and Poon et al. [143] all conduct 3D seg-
mentations in this manner, although none of them address the problem of US applications
in particular. For simplicity, this method is referred to as Sparse 3D Live Wire.

Figure 5.4 shows a simplified example of how this concept operates in practice; in
Figure 5.4a, a sparse set of segmentations are taken in the x and y directions. In Figure
5.4b, every image slice in the z direction is considered, with the intersections between the
current z plane and the existing sparse segmentations forming the anchor points for the

Live Wire segmentation for that slice.

5.4.2 POINT ORDERING

An important part of forming an algorithm to construct a Sparse 3D Live Wire volume
is automating how the points selected on the plane are ordered as inputs for the Live
Wire algorithm.

Poon et al. address this issue by using a so-called Turtle algorithm [143]. Since two
orthogonal planes are used to select the points on the third orthogonal plane, seed points
will always occur in groups (usually pairs) in line with each other on the image axis, as
shown in Figure 5.5. This means a connected map of seed points can be constructed
with relative ease. Each point on this map can be assigned different values, flagging them
as either path, intersection or seed point, an object (referred to here as a ‘turtle’) can
traverse the map, assigning an order to the seed points.

As long as the ‘turtle’ is on a pixel marked as a path, it will continue to travel in the
same direction. When a pixel labelled as an intersection is reached, the ‘turtle’ will take
the leftmost available path with respect to its current direction (prioritising directions
in the order; left, forwards, right then back). When a pixel labelled as a potential seed

point is reached, the ‘turtle’ operates as follows;

Set n =1
if The turtle is on a path

- Move forwards
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(b)

(d) (e) (f)

Figure 5.5: MR image of the fetal liver with Sparse Live Wire points, the ‘turtle’ map used to
order the points and path taken by the ‘turtle’ to define the point order. This is shown for three
((a)-(c)) and siz ((d)-(f)) slices in an MRI segmentation. In figures (c) and (f), the colour

of the pizels indicates the path of the turtle, with blue as the first-visited point and red as the
last-visited point.

else

if The turtle is on an intersection
- Take the leftmost unexplored path
else
if The turtle is on a seed point
- Mark the current location as the n'* seed point
-Setn=n+1

- Reverse direction of travel

This is repeated until a closed loop is formed. If there are any remaining anchor

points, a new one is chosen and the process is repeated until all possible closed loops
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(a) (b)

Figure 5.6: An example of where the two sample slices are not connected, and must be bridged
for the point ordering algorithm to operate properly.

are found. Figure 5.5 shows an example of this algorithm being applied to two sets of
segmentations of the same liver MRI volume, but with different slice separation. Figures
5.5b and 5.5e show the label image for the anchor points; label = 1 (cyan) for the pixels
joining anchor points in the x and y directions, label = 2 (yellow) for intersections and
label = 3 (red) for anchor points. Figures 5.5¢ and 5.5f show the path taken by the turtle
in this example, and from this the order of the points as they will be applied to the Live
Wire algorithm can be seen (the path of the turtle starts with the blue pixels and ends
with the red pixels). Here, it can also be seen how this process assures appropriate point
selection, even in special cases such as a T-junction. In some cases, sections of the path
are not initially connected. Figure 5.6b shows how the mid-points of such sections can

be joined, completing the map.

5.4.3 UTILITY OF SPARSE 3D LIVE WIRE

One of the major drawbacks of using sparse 2D segmentations to inform a 3D segmen-
tation is that it may not be clear as to how many segmentations are required to complete
the full surface. Difficult imaging conditions or adjoining structures may mean that more
segmentations are required; but this will not be known until the surface is generated and
the user observes that the segmentation process has behaved as expected. In the limit
of this case, the user may be required to conduct a number of 2D segmentations close to
the order of that required for a slice-by-slice segmentation, but this would be unknown

at the outset. Figure 5.7a shows how segmentation accuracy (in terms of volume error)

112



|

45 o
=—MRI

40 —Ultrasound

35

30

25

20 ~ 1 7

Volume Error (%)

15

4

10

o wn
N
w
IS
w
)
~
®
©
=
o

Number of Slices
(a) (b)

Figure 5.7: (a) Variation in segmentation accuracy (in terms of volume error) of a fetal liver
changes with the number of slices in both MRI and US. (b) This schematic demonstrates how
more slices does not necessarily improve segmentation accuracy. Blue elipses represent a 2D
segmentation, while regions in which a 8D segmentation can be performed are shaded in red.

of a fetal liver changes with the number of slices in both MRI and US. This experiment
is described in full in Section 5.6.2, which explores the limitations of using sparse 2D
segmentations to inform 3D segmentation.

Even when ideal imaging conditions are available, a reasonably large number of slices
would be required in order to give enough information in the third plane to make a
segmentation throughout the entire object. This is especially true in the case where
the object has unusual topology, for example the liver, since it is essential that multiple
points persist through the entirety of the third plane. Consider the object in Figure
5.7b, with a set of segmentations made in two orthogonal planes. Slices in the third
plane which intersect with at least two points are able to be segmented. Regions in
which this is the case are shaded in red. In the top diagram, four segmentations are
used, but the entire object is covered by segmentations in the third plane. In the lower
example, seven segmentations are made, but there are regions of the object which have no
information from which to inform the 3D segmentation. This may explain the fluctuation
in results shown in Figure 5.7a, and how fewer segmentations can occasionally provide
better accuracy.

A better way of forming a 3D segmentation from 2D information would be to create a
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method that ensures that the entire object can be delineated, regardless of the number of
segmentations made or where they are placed. The objective is to use 2D segmentations to
inform 3D segmentations with entirely arbitrary topology and aiming at using a minimal

number of 2D segmentations to achieve this.

5.5 ASP LIVE WIRE

There are alternatives to extending Live Wire to a 3D context which could reduce the
number of initialisation slices required. One potential way of bringing automation to a
process such as Live Wire is to use the information obtained in an initial segmentation
in order to inform subsequent segmentations. Schenk et al., for example, have developed
a method for using Live Wire to segment liver C'T images by using shape-interpolation,
in which sparse segmentations in two dimensions are used to inform the location of
the position of the segmentations between these user-defined contours [160]. In order
to improve the results of the interpolated shapes, user-defined seed points are selected
from adjacent slices to calculate what the corresponding Live Wire result would have
been on that slice, and the user is able to insert additional seed points to improve this
segmentation result [160].

Taking this idea in a different direction, it could be possible to use image data to
determine the position of seed points in adjacent slices rather than shape information,
iterating through the image volume. If points are selected such that they lie on the
same boundary in consecutive images, far fewer 2D segmentations would be required to
complete the object boundary in 3D. This method will be referred to as Automated Seed
Point (ASP) Live Wire.

FA has been successfully utilised to localise edges in US images, from which it can be
inferred that it may be suitable to identify point locations in consecutive slices. However,
using FA alone may result in such an algorithm trending towards the closest, strongest

boundary, regardless of whether or not it is the same boundary as the one followed in
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() (d)

Figure 5.8: (a) Original US image (b) First orthogonal filter response (c) Second orthogonal
filter response (d) LO
the previous slice. In order to guard against this, additional image information must be
acquired; the LO of the image may be a useful tool in determining which boundary is the
same through different image slices.

An additional advantage of conducting the segmentation in this way is that the user
need only define the search window size and number of points around the contour required,
altering these parameters to compensate for difficult imaging conditions or complex object

topology rather than by conducting further 2D segmentations.

5.5.1 LOCAL ORIENTATION

Chapter 4 introduced the concept of FA-S Live Wire, utilising a circular shape con-
straint and FA as cost functions to guide the Live Wire segmentation. In this example,
the shape constraint introduced by FA-S Live Wire is not appropriate, since the bound-

ary lies on a generally linear path rather than a circular one. The FA aspect of FA-S
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Live Wire remains relevant, but any other constraint must consider the properties of this
particular segmentation problem in order to be successful.

The FA of an image can provide information on the location of boundaries within it,
but in order to find a place that is structurally similar between images, this may not be
sufficient. The LLO may be able to provide additional context by which to identify similar
points between images. Recall from Chapter 4 that the equation for the monogenic signal

of a 2D image can be expressed as,

fu(@) =1+ [(01 @ 1), (02 ® 1)] (5.1)

where [, is the bandpass filtered version of the original image, I, o; and oy are odd
orthogonal filters and ® denotes the convolution operation [9,112]. In contrast to the LP
of the signal, which is a measure of the angle between the odd and even filter responses,

the LO of the signal is the angle between the responses of the odd filters on the image,

I
0 = tan™* (01 = b) : (5.2)

09 @ I

and can be defined as

giving the angle between the orthogonal filter responses [112]. Figures 5.8b and 5.8¢
show the appearance of (0 ® I) and (02 ® I) respectively for the US image displayed in
Figure 5.8a, while Figure 5.8d illustrates the resulting value of §. This information alone
appears unintuitive, but could prove useful when used in conjunction with other image

information.

5.5.2 AUTOMATED SEED POINT PROCESS

The goal of this process is to select a point which has been established to occur on the
boundary of the object being segmented (in this case the fetal liver) and to find where
the same point occurs on adjacent slices. These points can then be used to automatically

guide a FA-based Live Wire contour. The method operates as follows;

e Initially, a set of contours are drawn throughout the object of interest, utilising
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(d) (e) (f)

Figure 5.9: Neighbourhood for (a) an image patch on slice n — 1 (b) an image patch on the
slice n, where the localisation is occurring (¢) FA (d) LO (e) LO of slice n with respect to the
LO of the centre point of the neighbourhood in slice n — 1 (LOpoq) (f) FA X LOpoq

a tool such as FA-S Live Wire (or, in the case of an entirely arbitrary shape, FA

alone may be more suitable). It is important that the extremities of the object are

included, as these will be the stopping point of the process.

e One of the slices near the centre of the object is selected as the start point of the

automated 3D segmentation process.

e This contour is sub-sampled to somewhere in the region of 10-20 points, evenly
spaced around the contour. These are used to determine a number of pixel loca-
tions which can be used as initialisation points for the anchor points in the next
slice. Schenk et al. suggest the use of points corresponding to the user’s initial
control inputs, since they may be indicative of regions which require greater guid-

ance [160]. However, evenly spacing a fairly large number of control points around
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the segmented contour will increase robustness to any change in shape and bound-

ary conditions through the image volume.

These locations are translated onto the next adjacent slice, and a neighbourhood is
determined around each pixel, modified to ensure they do not extend beyond the
image boundaries. Figure 5.9a shows the intensity for the neighbourhood around
the Live Wire contour point on the previous image slice, which can be referred to as
slice n — 1. This is the reference neighbourhood which will help inform the position
of the new anchor point in slice n. In this example, an 11 by 11 pixel neighbourhood
is used. Figure 5.9b, meanwhile, shows the intensity for the neighbourhood at the

same location but on slice n.

FA is calculated for the neighbourhood in the current slice, n, as shown in Figure
5.9c. This determines where the image boundaries are located for the new image

slice.

The LO for the patch in the slice n is also calculated, showing the orientation
of the odd filter responses. This is shown in Figure 5.9d. Note that this forms
a line perpendicular to the image boundary identified by FA. The goal is to find
the intersection between these two regions, therefore finding a structurally similar

location between the previous image slice and the current one.

Next, the difference in LO between each pixel in the image shown in Figure 5.9d and
the LO value at the central pixel of the slice n — 1 neighbourhood shown in Figure
5.9a is calculated. Figure 5.9e shows m — |00,0a|, Where |00,,04] is the magnitude
in the difference of LO. This gives a high response where the LO is similar to the

value of the LO at the previous Live Wire contour location.

Finally, the FA value for each point in the image patch is multiplied by the corre-
sponding LO difference. The location of the maximum value of this region is taken

as the new anchor point for the Live Wire algorithm, as shown in Figure 5.9f.
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Figure 5.10: Fzample of how the ASP Live Wire curve deforms as it propagates through a
liver MRI volume as seed points are re-defined

e These new locations are used as the next inputs for the Live Wire algorithm, al-
lowing for the segmentation to be conducted automatically from this point. The
process is repeated for all other image slices. In the case where multiple slices

are used throughout the volume, the contours are propagated up to the mid-point

between the user-defined segmentations.

In the case of ASP Live Wire, it is not necessary to perform any kind of point-ordering,
since they will remain in the order that they appear on the original contour. Figure 5.10
shows an example of the algorithm being applied to several slices within a 3D US image
of a fetal liver. Figure 5.10c is the initial contour from which the others are derived. One
point to make when calculating the difference between values of LO is that, as is the
nature of angles, they follow a cyclic pattern, meaning that values of 6 = —m and 0 =«

actually represent the same value, while § = —7 and 6 = 7 have a separation of 7 rather
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than 37” Therefore, the modified difference in LO, 66,,,q4, is the original LO, 6, altered

by the previous orientation, ¢, using the equation,

0—¢p—2m if 0+o>m
59mod: 9—90 Zf 7T>9+Q0> -7 (53)

0—p+2r  af 0+p<—7

This ensures that zero represents a point where §=¢ and the greater the value of [66,,,4],

the greater the angular deviation.

METHODOLOGY OVERVIEW: ASP LIVE WIRE
e The user segments a selection of evenly spaced slices throughout the volume,
ensuring that they segment at the extremities of the object. This will be used

as the stopping conditions.

e A subsample of points are taken on the central user-defined 2D segmentation
and projected onto the next slice in the 3D sequence (propagating in either

direction).

e FA and LO images of the new slice, and LO of the original slice are then calcu-

lated.

e A window around each point is taken, giving a map of the FA and LO in the
point’s neighbourhood. The FA map is multiplied by the LO difference map,
which will take a high value for the smallest difference between the LO map
values and the original LO value of the point on the previous slice (giving

e The points are then moved to occupy the highest value of the F'A X LOg;s
region and a new FA Live Wire contour is calculated using these adjusted point

positions.
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e This process is repeated until the final user-segmented slice is reached and the

full object volume has been covered.

5.6 VALIDATION OF METHOD

5.6.1 EXPERIMENT OUTLINE

In order to explore the limits of this method, it is important to observe how the
segmentation results were influenced by the number of slices used to define the volume.
To do this, the fetal livers were segmented on a slice-by-slice basis using FA-S Live
Wire. This segmentation was used as the standard by which the others are judged, as
it defines the ‘best possible’ segmentation possible with interactive segmentation. Using
these boundaries as a base, a sparse set of segmentations were selected and spread evenly
through the segmented volumes. These were used as inputs for the Sparse 3D Live Wire
and ASP Live Wire algorithms.

For the MRI group, ten images were used, with the segmentations conducted on every
slice in which the liver was visible. Each of these images had a corresponding US image,
taken of the same fetus on the same day. However, due to difficulties in determining the
exact location in the liver in most of the examples, only four of these were used for the US
group. An additional US image with no MRI analogue was also used. Although it would
not be possible to compare the results from this example between the two modalities,
it can still provide an additional example of the automated tool’s use in different US
conditions.

Precision, recall and Dice similarity were used to assess the quality of segmentation
achieved by each of these methods, comparing automatically segmented results to a vol-
ume in which every slice has been manually segmented once using FA-based Live Wire.

These values are calculated on a slice-by-slice basis for all of the example images. Ad-
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ditionally, the volume error has been calculated; this is a particularly important value
in the context of liver segmentation, as the aim is to measure LVol and hence infer the
trajectory of a fetus’s development.

For both the MRI and US volumes, 1-10 user-defined contours were selected for the
initialisation of ASP Live Wire and 2-10 for Sparse Live Wire, in order to determine
the maximum separation these methods can suitably take while retaining segmentation
accuracy. In these experiments the number of user-defined slices is denoted by d. MRI
volumes were made up of a total of 40-90 slices total, while US volumes were made up of
around 50 slices.

In both cases, the 2D segmentations were performed using FA-driven Live Wire and
taken in the sagittal and coronal planes, with the automation taking place in the trans-
verse plane. These have been chosen since they present the easiest segmentation problem
for human interaction. There are clearly visible landmarks in both the coronal and sagit-
tal planes, since the stomach and lungs can be used as the upper and lower bounds for
nearly any given slice. There is slightly more judgement required to see exactly where
the liver stops and starts in the transverse plane, whereas in the sagittal and coronal
planes the extremities are approximately at the edges of the abdomen. Additionally, the
coronal plane has the more complex geometry, making either transverse or sagittal good
candidates for the automated segmentation.

For the ASP Live Wire case, the user-defined contours were distributed equally
through the volume. It is important to note that while Sparse 3D Live Wire segmen-
tations require the use of user-defined segmentations in two orthogonal directions, ASP
Live Wire only distributes them along one axis. Therefore, in the application of Sparse
3D, the number of user-defined slices is split between the x and y axis of the object.

Other variables to investigate to assess the functionality of ASP Live Wire are the
filter scales and window sizes used. Filter scale is also relevant to the application of
Sparse Live Wire but window size is not a feature of its operation. While the utility of

the monogenic signal filter scale is dependent on how large the image features are, the
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selection of window size is related to the imaging modality’s slice separation. An image

with poor spatial resolution can mean that features move further between adjacent slices

compared to an image with better resolution, requiring a larger window size to be able to

more accurately follow the contours. However, too large a window size can result in the

automated seed points being moved out to structurally similar but incorrect locations.

In order to test this, a variety of window sizes are used (5 x 5, 7 x 7,9 x 9 and 11 x 11

pixels for MRI, 11 x 11 pixels only for US).

In the calculation of the MRI contours, the scale for FA and LO calculation is defined

as s = [1,3,5] + k where k is varied between 0 and 10. For US, the scale for FA and LO

calculation is defined as s = [5, 10, 15] + k where k is varied between 0 and 10. It is likely

that a better result would be obtained by selecting k to specifically suit each example,

but this would complicate the assessment process.

Table 5.2: MRI Sparse and ASP 3D Live Wire

| Method || d (slices) | Precision (%)

Recall (%)

Dice Sim. (%) | Volume Err. (%) |

Sparse 1 - - - -
Live Wire 2 94.02 + 10.53 59.12 + 36.15 64.54 + 35.85 39.55 + 36.23
3 93.98 + 10.09 72.32 + 35.83 74.55 + 34.95 26.96 + 35.51
MRI 4 93.23 +12.80 79.82 £ 32.50 80.70 £ 32.04 19.43 + 32.04
5 92.93 + 12.56 79.68 £ 33.92 80.16 + 32.80 20.19 + 33.02
s=[4,6,8] 6 93.92 + 10.95 82.43 + 33.25 82.11 + 32.69 18.41 + 32.92
7 92.96 + 11.60 83.07 £ 32.31 82.47 + 31.58 18.20 + 31.96
8 91.86 + 16.51 79.96 + 35.84 79.51 + 35.14 20.53 + 35.08
9 93.34 + 12.97 83.48 £ 33.20 82.92 + 32.41 16.70 + 32.19
10 92.08 + 18.88 83.43 £ 33.54 83.05 + 32.93 16.74 + 32.91
ASP 1 80.75 4+ 19.81 88.12 £ 15.54 81.75 £+ 15.82 30.59 + 83.67
Live Wire 2 81.73 £ 17.48 92.78 £ 873 85.28 + 11.81 23.38 4+ 45.25
3 87.88 £ 12.79 91.83 £9.52  88.84 4+ 9.07 13.32 + 27.17
MRI 4 87.51 +13.61 92.87 +£ 7.88  89.22 + 9.17 12.85 + 25.14
5 88.73 + 13.26 93.58 + 7.46  90.23 £+ 8.95 12.59 + 27.19
s =[4,6,8] 6 89.58 + 12.33 93.27 + 7.24  90.70 £+ 8.65 10.61 £+ 25.13
w="T7x7 7 89.54 + 12.42 93.73 £ 7.27  90.95 + 8.87 10.21 + 24.43
8 89.91 +12.24 93.59 +£ 7.60  91.06 £+ 8.78 10.15 + 24.43
9 90.82 + 11.52 94.45 + 7.03  92.03 £+ 8.31 8.88 + 21.31
10 90.92 + 11.44 94.57 £ 6.81  92.15 £+ 8.13 8.77 £ 20.85
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Table 5.3: US Sparse and ASP 3D Live Wire

| Method || Slices | Precision (%)  Recall (%)  Dice Sim. (%) | Volume Err. (%) |

Sparse 1 - - - -

Live Wire 2 88.98 + 21.95 56.28 + 31.77 63.39 + 32.62 38.20 + 30.25
3 95.19 + 7.43 76.81 + 27.30 80.85 + 26.82 21.02 + 27.53

US 4 94.18 + 12.29 87.07 &£ 22.77 88.43 4+ 22.05 12.86 £+ 22.39

) 96.28 + 6.04 88.89 + 21.59 90.12 £ 20.86 10.15 £ 21.46

s = (8,13, 18] 6 96.18 £ 5.71  90.47 + 20.69 90.98 + 20.47 9.25 + 20.80
7 94.75 £ 15.67 88.55 & 25.01 89.47 4 24.24 11.03 £ 24.54

8 95.73 £ 9.73 92.64 £ 18.44 92.72 + 17.67 8.13 £+ 18.81

9 94.73 + 14.18 90.22 4+ 24.34 90.24 4+ 23.66 10.41 £+ 24.32

10 | 95.83 £ 11.53 90.07 £+ 24.81 90.34 + 23.70 10.05 £+ 23.94
ASP 1 74.59 + 27.33 83.94 £+ 13.48 74.24 4+ 20.25 80.82 + 162.09
Live Wire 2 83.22 + 19.63 86.35 &+ 16.76 81.69 4+ 16.38 40.78 £ 100.22
3 87.10 £ 16.25 90.50 £ 9.71  87.42 4+ 11.99 21.81 + 47.89

US 4 86.41 £+ 15.67 91.22 &+ 13.57 87.02 & 13.27 24.28 £+ 45.64

5) 91.16 £ 12.11 90.23 £ 12.06 89.73 &+ 10.61 14.42 + 31.94

s = [5,10,15] 6 90.51 = 15.01 90.22 £ 9.48 89.29 + 11.13 17.82 £+ 38.47
w=11x11 7 90.95 + 14.22  92.09 £ 9.53  90.49 £+ 10.69 16.56 £+ 36.11
8 89.83 + 14.78 93.61 + 8.26  90.72 + 10.85 16.53 + 36.36

9 91.23 £ 12.28 94.36 &+ 8.37 92.11 4+ 9.35 11.91 + 23.03

10 92.91 £ 11.06 94.17 4+ 8.73 92.94 £+ 8.81 10.75 £ 21.71
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Figure 5.11: Sparse Live Wire results on MRI of the fetal liver (a) precision (b) recall (c)
Dice similarity and (d) volume error for scale modifications of k = [0 : 10] and sample slices of

d=1[2:10]
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Figure 5.12: ASP Live Wire results on MRI of the fetal liver precision, recall, Dice similarity

and volume error for scale
w =295 Xd.
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Figure 5.13: ASP Live Wire results on MRI of the fetal liver precision, recall, Dice similarity

and volume error for scale
w="7xT7.

modifications of k = [0 : 10] and sample slices of d = [1 : 10] and
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Figure 5.14: ASP Live Wire results on MRI of the fetal liver precision, recall, Dice similarity
and volume error for scale modifications of k = [0 : 10] and sample slices of d = [1 : 10] and

w=9x09.
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Figure 5.15: ASP Live Wire results on MRI of the fetal liver precision, recall, Dice similarity
and volume error for scale modifications of k = [0 : 10] and sample slices of d = [1 : 10] and

w =11 x 11.

126



95 95

90

85
<

o] 3
>

1)

75

95

90

[+
&

Dice Similarity
o3
(=)

75

(b)

30|

[N
=1

Velume error

-
o

25 | AT )

10 .

5 o 10
g 4 \ce®
%«,2‘6, 5 5 & N
o) Rl

(d)

Figure 5.16: Sparse Live Wire results on US of the fetal liver (a) precision (b) recall (c)
Dice similarity and (d) volume error for scale modifications of k = [0 : 10] and sample slices of

d=1[2:10]
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Figure 5.17: ASP Live Wire results on US of the fetal liver (a) precision (b) recall (¢) Dice
similarity and (d) volume error for scale modifications of k = [0 : 10], window size w = 11 x 11

and sample slices of d = [1 :

10]
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5.6.2 RESULTS: SPARSE VS. ASP 3D LIVE WIRE

First the robustness of Sparse 3D Live Wire to a reduction in input segmentations
was assessed. The ability for Sparse Live Wire to segment the full volume, varying slice
separation and filter scale, can be seen in Figure 5.11. The first half of Table 5.2 shows
the corresponding numerical results from performing Sparse 3D Live Wire on the 10 MR
images for a scale of s = [4,6,8]. Using a single slice with Sparse 3D Live Wire produced
zero-area segmentations. This should not be surprising since, in our implementation of
Live Wire, the lowest-cost path from point A to point B will be the same as the lowest-
cost path from point B to point A. As a single slice in Sparse Live Wire will produce a
maximum of two points for each image slice, this will result in a single line, encompassing
zero pixels.

Results from applying the ASP Live Wire method to 3D MR images with different
window sizes can be seen in Figures 5.12, 5.13, 5.14 and 5.15. The second half of Table
5.2 shows the corresponding numerical results from performing ASP 3D Live Wire on the
10 MR images for a scale of s = [4,6, 8] and window size w = 7 X 7 pixels.

In MRI, ASP Live Wire outperforms Sparse Live Wire at all levels of assessment for
recall, Dice similarity and volume error. In contrast, Sparse Live Wire produces high
levels of precision in almost all cases. This is most likely a sign that Sparse Live Wire is
consistently under-estimating the boundary of the liver, creating a volume which exists
entirely within the manually delineated example. This is potentially because Live Wire
will attempt to find the lowest-cost path between points which, in a situation of multiple
low-cost paths, will be the shortest. In ASP Live Wire, a large number of points are
propagated between slices, regardless of the size of the area to be segmented. In contrast,
as the object tapers off at extremities, Sparse Live Wire will have a reduced number of
points from which to create a Live Wire contour. This is because fewer of the initialisation
slices will be intersecting at this point. This may result in under-constrained contours,

which will tend to be smaller than the desired areas due to the cost-minimising nature
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of Live Wire.

Table 5.3 shows the performance of Sparse and ASP Live Wire on the five example
US images, while Figures 5.16 and 5.17 show their respective results over a range of scales
and the number of slices used. Results between the two are far closer on these examples,
with Sparse Live Wire giving better results in a number of cases. Once again, Sparse
Live Wire has better results for precision, but in the case of US it also performs well for
volume error. ASP Live Wire may be less effective in these examples due to the difficulty
in segmenting the fetal liver manually in US. Since the object boundaries are far more
open to interpretation, it is possible that between slices, the contour of one slice is not
as close to the next as would be expected. This could cause the core assumption of ASP
Live Wire (that deviation of the contour between slices will be small) to break down.

Further development is required to allow ASP Live Wire to function with larger motion
between slices. This could be done in a number of ways. First of all, a linear path between
known segmentations could be assumed, giving an expected search region for the location
of the segmentation boundary, which will be different than simply a window around the
last known boundary pixel. Alternatively, or in conjunction with this, a multi-scale
approach could be taken. By finding the FA and LO values at a pixel for a number of
different scales, a more accurate definition can be formed when trying to locate the same
position on the following slice. This can allow for a much larger window or even for point

searching at a global level.
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Table 5.4: Significance values for the 8D Live Wire methods in MRI

Measure

H ASP Live Wire Result Sparse LW Result t-value ‘ p-value ‘

1 Precision (%) 80.75 + 19.81 - - -
Recall (%) 88.23 + 15.54 - - -
Dice Similarity (%) 81.75 + 15.82 - - -
Volume Error (%) 30.59 + 83.67 - - -

2 Precision (%) 81.73 £ 17.48 94.02 £+ 10.53 -7.34 | 0.0000
Recall (%) 92.78 + 8.73 59.12 £ 36.15 15.89 | 0.0000
Dice Similarity (%) 85.28 + 11.81 64.54 £+ 35.85 9.50 | 0.0000
Volume Error (%) 23.28 + 45.25 39.55 £ 36.23 -5.70 | 0.0001

3 Precision (%) 87.88 £ 12.79 93.98 £+ 10.09 -4.03 | 0.0012
Recall (%) 91.83 + 9.53 72.32 £ 35.83 9.16 | 0.0000
Dice Similarity (%) 88.84 + 9.07 74.55 £ 34.95 6.81 | 0.0000
Volume Error (%) 13.32 £+ 27.17 29.96 £ 35.51 -6.65 | 0.0000

4 Precision (%) 87.51 £ 13.61 93.23 £ 12.80 -3.92 | 0.0028
Recall (%) 92.87 + 7.88 79.82 £ 32.50 6.49 | 0.0000
Dice Similarity (%) 89.22 £+ 9.17 80.70 £ 32.04 4.20 | 0.0009
Volume Error (%) 12.85 + 25.14 19.43 + 32.04 -2.75 | 0.0102

5  Precision (%) 88.73 £ 13.26 92.93 £+ 12.56 -2.61 | 0.0129
Recall (%) 93.27 + 7.46 79.68 £ 33.92 6.68 | 0.0000
Dice Similarity (%) 90.23 + 8.95 80.16 £ 32.80 4.93 | 0.0003
Volume Error (%) 12.59 £+ 27.19 20.19 £ 33.02 -3.10 | 0.0057

6  Precision (%) 89.58 £+ 12.33 93.92 + 10.95 -2.84 | 0.0087
Recall (%) 93.27 + 7.24 82.43 £+ 33.25 5.39 | 0.0002
Dice Similarity (%) 90.70 + 8.65 82.11 £ 32.69 4.22 | 0.0009
Volume Error (%) 10.61 + 25.13 18.41 4+ 32.92 -3.24 | 0.0045

7  Precision (%) 89.54 £ 12.42 92.96 £+ 11.60 -2.21 ] 0.0259
Recall (%) 93.73 £ 7.27 83.07 £ 32.31 5.36 | 0.0002
Dice Similarity (%) 90.95 + 8.87 82.47 £+ 31.58 4.22 | 0.0009
Volume Error (%) 10.21 £ 24.43 18.20 £ 31.96 -3.36 | 0.0036

8§ Drecision (%) 80.01 £ 12.24 91.86 £ 16.51  -1.15 | 0.1384
Recall (%) 93.59 + 7.60 79.96 £+ 35.84 6.54 | 0.0000
Dice Similarity (%) 91.06 + 8.78 79.501 £ 35.14 5.51 | 0.0001
Volume Error (%) 10.15 + 24.43 20.53 £ 35.08 -4.26 | 0.0008

9  Precision (%) 90.82 £ 11.52 93.34 + 12.97 -1.61 | 0.0692
Recall (%) 94.45 + 7.03 83.48 4+ 33.20 5.47 | 0.0001
Dice Similarity (%) 92.03 £+ 8.31 82.92 £+ 32.41 4.51 | 0.0006
Volume Error (%) 8.88 £ 21.31 16.07 £ 32.19 -3.11 | 0.0055

10 Precision (%) 90.92 + 11.44 92.08 + 18.88 -0.67 | 0.2602
Recall (%) 94.57 £+ 6.81 83.43 £ 33.54 5.55 | 0.0001
Dice Similarity (%) 92.15 £+ 8.13 83.05 £ 32.93 4.49 | 0.0006
Volume Error (%) 8.77 £ 20.85 16.74 £ 32.91 -3.44 | 0.0032
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Table 5.5: Significance values for the 8D Live Wire methods in US

Measure

H ASP Live Wire Result Sparse LW Result t-value ‘ p-value

1 Precision (%) 74.59 + 27.33 -
Recall (%) 83.94 + 13.48 -
Dice Similarity (%) 74.24 + 20.25 -
Volume Error (%) 80.82 + 162.09 -

2 Precision (%) 83.22 £ 19.63 88.98 £+ 21.95 -2.82 | 0.0090
Recall (%) 86.35 + 16.76 56.28 £ 31.77 13.65 | 0.0000
Dice Similarity (%) 81.69 + 16.38 63.39 £ 32.62 8.27 0.0000
Volume Error (%) 40.78 + 100.22 38.20 + 30.25 0.71 0.2457

3 Precision (%) 87.10 £ 16.25 95.19 £+ 7.43 -5.26 | 0.0002
Recall (%) 90.50 £ 9.71 76.81 £ 27.30 7.12 0.0000
Dice Similarity (%) 87.42 £ 11.99 80.85 & 26.82 3.33 0.0038
Volume Error (%) 21.81 + 47.89 21.02 + 27.53 0.29 0.3897

4 Precision (%) 86.41 £+ 15.67 94.18 = 12.29 -4.65 | 0.0005
Recall (%) 91.22 + 13.57 87.07 £ 22.77 2.18 0.0273
Dice Similarity (%) 87.02 + 13.27 88.43 + 22.05  -0.75 | 0.2352
Volume Error (%) 24.28 £+ 45.64 12.86 £+ 22.39 4.38 0.0007

5  Precision (%) 91.16 £ 12.11 96.28 £+ 6.04 -3.80 | 0.0017
Recall (%) 90.23 + 12.06 88.89 £+ 21.59 0.73 0.2409
Dice Similarity (%) 89.73 £ 10.61 90.12 £ 20.86  -0.22 | 0.4152
Volume Error (%) 14.42 £ 31.94 10.15 =+ 21.46 1.85 0.0472

6  Precision (%) 90.51 + 15.01 96.18 + 5.71 -3.94 | 0.0014
Recall (%) 90.22 + 9.48 90.47 + 20.69 -0.14 0.4442
Dice Similarity (%) 89.29 £ 11.13 90.98 + 20.47 -0.95 0.1821
Volume Error (%) 17.82 £ 38.47 9.25 £ 20.80 3.52 | 0.0028

7  Precision (%) 90.95 + 14.22 94.75 + 15.67 -2.20 | 0.0263
Recall (%) 92.09 + 9.53 88.55 £ 25.01 1.90 | 0.0430
Dice Similarity (%) 90.49 + 10.69 89.47 £ 24.24 0.55 0.2986
Volume Error (%) 16.56 £ 36.11 11.03 £ 24.54 2.25 10.0243

8  Precision (%) 89.83 £+ 14.78 95.73 £ 9.73 -3.77 | 0.0018
Recall (%) 93.61 £ 8.26 92.64 £ 18.44 0.59 0.2830
Dice Similarity (%) 90.72 £ 10.85 92.72 + 17.67 -1.18 0.1318
Volume Error (%) 16.53 £ 36.36 8.13 £ 18.81 3.58 | 0.0025

9  Precision (%) 91.23 = 12.28 94.73 + 14.18 -2.15 | 0.0285
Recall (%) 94.36 + 8.37 90.22 + 24.34 2.29 10.0225
Dice Similarity (%) 92.11 + 9.35 90.24 £ 23.66 1.03 0.1638
Volume Error (%) 11.91 + 23.03 10.41 + 24.32 0.69 0.2531

10 Precision (%) 92.91 + 11.06 95.83 + 11.53  -0.89 | 0.1964
Recall (%) 94.17 + 8.73 90.07 £ 24.81 2.24 0.0246
Dice Similarity (%) 92.94 + 8.81 90.34 £ 23.70 1.44 0.0899
Volume Error (%) 10.75 £ 21.71 10.05 £ 23.94 0.33 0.3750
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5.6.3 RESULTS: SIGNIFICANCE TESTING

In order to establish whether the differences between Sparse 3D Live Wire and ASP
Live Wire are of importance, their mathematical significance must be determined. This
has been conducted in the same way as it was in Section 4.5.4. Tables 5.4 and 5.5 give
significance values comparing the results from Sparse Live Wire and ASP Live Wire
methods, for MRI and US respectively, in order to assess the quality of the improvements
described. In both of these, significance values are shown in bold for p-values of indicating
a strong statistical significance (p < 0.05) and italics for p-values of a weak, but still
notable significance (0.05 < p < 0.1).

Although precision values of Sparse Live Wire in MRI were consistently greater than
those of ASP Live Wire (Table 5.4), this advantage is lost at higher numbers of slices,
when the significance value of the difference rises to above 0.05. In all other MRI cases,
ASP Live Wire’s improvement over Sparse Live Wire remains firm. In contrast, ASP
Live Wire was found to be lagging behind Sparse Live Wire in a number of cases for the
US volumes. This may be due to the weakness of boundaries found in many of the US
examples, causing the ASP seed points to become ‘lost’ though successive image slices.
Sparse Live Wire, meanwhile, would maintain user-defined inputs throughout the image
volume, maintaining a baseline accuracy even when image boundaries are weak. However,
Table 5.5 shows that in many cases, the differences between the two methods could not
be considered significant, with almost half of the results giving p > 0.05. Despite Sparse
Live Wire appearing to perform better overall, this shows that the advantage in US is far

from conclusive.
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PERFORMANCE OVERVIEW: ASP LIVE WIRE
e In the specific application of segmenting e-THRIVE MRI images of the fetal
liver, ASP Live Wire appears to segment the liver contour more accurately and

with fewer user-defined initialisation contours than Sparse Live Wire.

e In the US examples used, results produced by Sparse and ASP Live Wire were
found to be very similar, though Sparse Live Wire arguably performed better
overall. This could be due to the large deviation of the segmented object bound-
ary between slices, which is not accounted for by the ASP Live Wire algorithm,

and could be considered a potential limitation.

e US has proven to be a difficult modality in which to segment the fetal liver
manually, hampering attempts to compare the results between MRI and US

volume measurement of the same fetus.

5.7 DISCUSSION

5.7.1 PERFORMANCE OF ASP LivE WIRE

In this chapter, ASP Live Wire has been introduced as an alternative method for
the interactive segmentation of 3D objects. This has then been compared to Sparse
Live Wire in both US and MRI scans of the fetal liver. As would be expected, a greater
number of user-defined slices results in a greater similarity to manually determined surface
for both methods of segmentation. After approximately four segmentations distributed
throughout the MRI volume, ASP Live Wire appeared to show diminishing returns in
terms of accuracy for the amount of additional user interaction. This could therefore
be considered the minimum number of user-delineated boundaries required to produce

a fairly accurate 3D surface for this specific acquisition protocol. This suggests that, at

133



this density of slices, the same optimum high-FA path was being followed.

The fluctuation of results as the number of slices being semi-automatically segmented
increases could be the result of varying utility of the specific slices used. Since the slices
are spread equally between the volume, there may be cases where a particularly difficult
to navigate section of boundary is delineated by the user, whereas in other cases it may
need to be done automatically, and could fail. This may result in lower accuracy when a
larger number of slices are used. The method appears to be robust to changes in window
size, with results from the 5 x 5, 7 x 7, 9 x 9 and 11 x 11 pixel window sizes (9.75-
21.45mm) on MRI volumes all producing relatively similar values. As with the results
from the density of slices through the volume, this suggests that the same features are
being selected as the contour iterates through the surface, regardless of the size of region
used to search for features.

ASP Live Wire showed greater agreement with manually defined boundaries than
Sparse Live Wire in MRI, with the latter only performing better in terms of precision,
though this could have been due to the method consistently under-estimating the volume.
Meanwhile, in US, there was not any particular benefit in using ASP Live Wire over Sparse
Live Wire. This similarity in results may be due to the large variation in the contour
position from one slice to the next, as a direct result of larger slice spacing and liver
boundaries in US being far more difficult to localise manually. In this case, having the
kind of boundary definition throughout the entire volume that Sparse Live Wire provides
may be more beneficial. Further to this, it is possible that the method struggles with
some of the challenges presented by US imaging. The presence of speckle could influence
the FA and LO results, forcing the propagation of the boundary to move in unexpected
directions, though this could be mitigated by appropriate filter scales. Shadowing may
cause the method to lose track of the boundary altogether. This latter problem is further
reason to look to a global optimisation solution over point-wise matching.

For additional comparison between the two methods, Figure 5.18 shows a set of Bland-

Altman plots, showing the difference in volume (in terms of pixels) between each of the
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Figure 5.18: Bland-Altman plots for the calculation of LVol using both Sparse and ASP Live
Wire, comparing each to manual segmentations for (a) MRI and (b) US when ten slices are
used. +2 standard deviations from the mean difference are also shown.

segmentation methods and the manually segmented volumes [13]. This appears to show
greater agreement with the overall liver segmentation for ASP than Sparse Live Wire in
both modalities. In the case of ASP Live Wire, the user must define the location of the
extremities of the image. This is not a major disruption to the segmentation process,
especially as in most instances the extremities of the object were close to the extremities

of the image, but this must be viewed as additional user interaction to consider the

comparison fair.

5.7.2 POTENTIAL MODIFICATIONS TO ASP LIVE WIRE
Tailoring the value of the scale modifier, k£, could improve the performance of the
segmentation, but it would require an additional, unintuitive input parameter from the
user. A potential way of avoiding this could be to base the value of the scale modifier on
the size of the segmented area, since this will give an impression of the size of features
relative to noise, and thus the filter scales which should be used. It may appear that,
given enough sample points taken around the contour, it would be possible to conduct
the segmentation process without the aid of any form of Live Wire at all; the points could
merely be connected directly or used with such density that a contour forms naturally.
However, there are several problems with this; firstly, using a large number of points

can impact on the assumption that the points will remain in the same order after they
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have been perturbed, thereby adding the potential for error in plotting the contour.
Secondly, in the case of using all points in the contour as sample points, a local minima
close to the contour could attract a number of different sample points, with the same
minima appearing in all of their neighbourhoods. This would result in gaps along the
contour, and therefore requires points to be more spaced out. Connecting them directly
without the use of Live Wire would be undesirable, as it would likely avoid key features.
Although the blob-like structure of the liver may produce similar enough volumes without
the use of Live Wire, in the examples that are explored in Chapter 6, it is essential that
the shape of the object resembles its appearance in the image as closely as possible.

An alternative direction for this form of segmentation could be to consider the defor-
mation of the boundary as it propagates through the volume as a registration problem.
LP measures for similarity have already seen use in US [201] and multimodal [112] regis-
tration applications. It is possible that redefining the point re-location as a registration
problem could be advantageous, and allow for a global optimisation of the curve rather

than an unconnected, point-wise optimisation of a selection of pixels around the contour.

5.7.3 APPLICATION OF ASP LIVE WIRE

Unfortunately, volume error remained at around 10% throughout the application of
ASP Live Wire, which may make the approximation unsuitable for use in clinical practice
in its current form. This magnitude of error could easily cause a volume measure of an
undersized fetal liver to appear normal-sized or vice-versa. However, ASP Live Wire has
shown itself to be a 3D Live Wire extension that is comparable and competitive with an
existing method. Further development would be required to bring this method up to the
standard required for clinical applications in US. This is the case for both methods.

In its current form, ASP Live Wire could be used as a first-pass for fetal liver size
assessment. If a segmented liver is found to be within a certain tolerance of the volume
considered under-sized when ASP Live Wire is performed, it could indicate to the clinician

that further segmentations are required to hone the result. This would prevent the need

136



(b)

Figure 5.19: A number of particularly challenging images of the fetal liver in US, as taken
from our data set. These prove very difficult to segment even for manual delineation.

for excessive liver segmentations in cases where the volume is well within a ‘safe’ value.
The tracking of the same image feature between multiple image slices is essentially an
image registration problem, where the same image features are tracked between different
views or modalities. It is possible that ASP Live Wire could be improved on by drawing

upon methods developed for this field.

5.7.4 LIVER VOLUME IN US

In order to establish whether the calculation of LVol via US can be obtained automat-
ically or semi-automatically, consideration has to be given as to whether the liver can be
reliably segmented from US in the first place. In many of the US examples corresponding
to the MRI volumes, it was found that the full volume of the liver was not visible, with
attenuation and shadowing often obliterating the appearance of any internal organs.

One of the main problems of viewing the liver in US is that it is an outstandingly
difficult region to image effectively, with the abdominal area containing various tissue
of very similar appearance. Furthermore, the appearance of the lung relative to the
liver changes through gestation, with contrast between the two shifting. Shadowing from
the ribs can easily obliterate portions of the image and contrast with surrounding tissue
is exceedingly poor. In some cases, judging where to place a boundary manually was
found to be guesswork at best, and thus excluded from the analysis. Some examples of
particularly poor images of the fetal liver are displayed in Figure 5.109.

Even in situations where the abdominal slice appears clearly, the boundaries can be
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subjective at best, relying on experience over visual assessment to determine their loca-
tion. In some cases, the fact that corresponding MRI were available helped in the decision
making process which, of course, would not be possible in a clinical environment. It may
be that certain age criteria or a set of protocol for acquiring accurate liver segmentations
could be developed. In the event of US being used as a modality for visualising the liver
on a regular basis, protocols could be developed to ensure that the full fetal liver can be
accurately delineated. Alternatively, US technology may require further advancement to
allow for accurate fetal liver visualisation.

Beyond being able to prove the efficacy of a segmentation method in a different modal-
ity, a significant reason to strive for more accurate images of the fetal liver is to compare
the results obtained from MRI data with those from US data, and to determine whether
they are congruent. If this is the case, US measurements can be considered to be a viable
alternative to MRI for liver volumetry. MRI currently remains an expensive modality,
and compared to US, can be a difficult experience for the mother during pregnancy. Cur-
rently the modality is reserved for situations where severe complications are suspected in
the pregnancy and confirmation is needed. In these situations, calculating liver size for

the purposes of monitoring nutritional development would not serve any purpose.

5.7.5 POSITION IN CLINICAL WORKFLOW

A final consideration is how this method could potentially fit into existing clinical
workflow. One of the main objectives of this chapter has been to establish whether
measuring the fetal liver in US is viable, as this would allow such measurements to be
included in standard prenatal scans. MRI remains an expensive resource, and so should
not be considered as standard procedure for monitoring pregnancy, even if it is found to
give more accurate volumes.

Unfortunately, at this stage, acquiring suitable US images to be assessed visually is
demanding, showing immense variation in the appearance of the abdomen, both between

examples and slices in the same volume. A possibility is that, given enough data, patterns
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in textural information may provide an insight into the location of liver tissue regardless
of shadowing, but experience of these images has shown that in many cases shadowing
may be too severe and appearance too varied to be able to achieve such a classifier.
Additionally, this would require manually delineated segmentations to form the training
set, which in some cases is guesswork at best. It may therefore be necessary to establish
a protocol specifically to allow for liver images suitable for 3D segmentation for manual
and /or semi-automated segmentation. It may be necessary for advances to occur in US

technology before accurate liver segmentation can be pursued fully.

The process of ASP Live Wire has been summarised and exhibited as
a poster in the following conference: T.M. Rackham, C. Knight, J.A. Noble

‘“Volumetric segmentation of the fetal liver in 3D US’, MECbioengl4, London, 2014

The personal contribution is the methodology for expanding Live Wire to 3D via ASP Live
Wire, involving a combination of FA and LO to track object edges between slices. This had not
been used before in the context of Live Wire segmentation.
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CHAPTER ©6

FETAL FACE ANALYSIS IN ULTRASOUND

In this final contributions’ chapter a modification of Live Wire is explored, with an aim
to form a method suitable for the extraction and quantitative characterisation of fetal
facial profiles and surfaces. This is broadly achieved by introducing LO as a cost function,
iterating between slices using FA information and using sparse segmentation along one
axis to inform segmentation in an orthogonal axis. Finally, methods for modelling the
segmented contours and surfaces are explored, and meshing fitting is used to form a
parameterised model of the facial surface. The overall goal of this chapter is to allow for
the characterisation of FAS via properties of fetal profiles and facial surfaces.

Work in this chapter has been conducted as a part of a collaborative study between
University of Ozxford and University College London, in an attempt to extend the latter’s
existing study into childhood facial dysmorphism to include fetal facial information.

Part of this work involves describing a smooth facial surface as a coarse mesh for
use in shape characterisation. This has been conducted in collaboration with Richard
Stebbing of University of Ozford, who was responsible for the parameterised subdivision

surface representation of the face and fitting of this mesh to the segmentation results.

6.1 FACE ANALYSIS IN DEVELOPMENTAL STUDIES

Section 2.4.4 outlined some of the conditions which have been studied for their ten-

dency to cause facial dysmorphism. Previously, efforts were made to characterise whether
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faces exhibited signs of FAS from 2D photography using, for example, palpebral fissure
length and luminosity to approximate the shape of the philtrum [6]. More recent methods
often involve the taking of 3D photographic images of the faces of children and perform-
ing analysis via DSM (See Section 2.4.4). This is possible due to the high resolution and
model accuracy possible with 3D photography. However, this is clearly only possible for
children and adults.

Within the aims of this thesis it is desirable to obtain such information in utero,
allowing for the diagnosis of these conditions before birth. This is particularly important
as some studies have suggested that the physical symptoms of conditions such as FAS
can become less apparent over time [179], and so a more accurate diagnosis can be made
if it is performed as early as possible. While the damage of FAS may not be reversible,
early detection with a more accurate diagnosis can allow for postnatal care planning;
for instance, psychiatric treatment to prevent or alleviate the high potential for mental
illness presented by those affected by FAS [53].

This means that methods must be designed to extract either the fetal facial profile
from 2D US or fetal face surface from 3D US and analysis performed on this data set, in
order to draw conclusions about fetal health. This presents the joint problems of obtaining
accurate facial surfaces from 3D US images and forming a corresponding model using the
decreased resolution, field of view and accuracy that will be inherent in using such data.

At the time of writing, very little research has been conducted into the automatic
assessment of facial dysmorphism in fetuses from US images. Visual assessment of fetal
US images has been used to identify deformities such as cleft lip and skin tags, but
this has generally not progressed past qualitative assessment [94]. In order to deal with
the subtleties of facial dysmorphism, quantitative measures for facial shape are required.
Specifically dealing with FAS, Matthews et al. made a number of quantitative measures
on a cohort of 60 control and 60 high-risk fetuses of between 24 and 28 weeks GA,
finding that the distance between the eyes and frontal lobe measurements showed the

most significant differences between the two groups [108]. However, the ability of these
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measures to act as a discriminator between the two groups is not expanded on. A full-face

approach to the analysis of fetal face dysmorphism may be more appropriate.

6.1.1 OBJECTIVES

The main objectives in identifying the use of fetal US in face analysis to identify

instances of FAS are:

e To segment the fetal face profile in 2D US images. This is covered in Section 6.2

and is later expanded from a semi-automated to an automated process.

e To expand the segmentation process to 3D face surfaces in US images. This includes
finding the density of surface points and the coverage required for specific anatom-
ical features which have particular significance for FAS. This process is developed

in Section 6.3.

e To develop a method for to characterising the fetal face shape. The aim is to create a
shape model, the parameters of which can potentially be used to determine identify
if a fetus is affected by FAS. The method for making constructing a shape model
in both the 2D and 3D cases are detailed in Section 6.4. The results of this process

are discussed in Section 6.6.2 for 2D and Section 6.6.3 for 3D.

e To find which regions are sufficient to discriminate between fetuses with FAS and
those without. One question is whether it is possible to characterise conditions
using only a limited portion of the fetal face (such as the philtrum), simplifying
analysis and lowering image acquisition requirements. This final question will be
left open since, at the time of writing, the FAS risk-level of fetuses used in this

study are unknown.

In the solution described in this thesis, the segmentation is largely achieved by mod-
ification of the FA-S Live Wire algorithm developed in Chapters 4 and 5, and shape
characterisation via the construction of a shape model. Figure 6.1 shows a planned

workflow for achieving these aims.
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20 Praofile Ultrasound

Figure 6.1: Workflow diagram for fetal face characterisation

6.1.2 DATA

3D US of the fetal face has been obtained through the ‘Prenatal Alcohol in SIDS and
Stillbirth” (PASS) Network [1]. This is a study following over 10,000 pregnancies in South
Africa and America, observing development through pregnancy and for the child’s first
four years after birth, with FAS as one of their specific targets. While this provides the
opportunity to compare the predictions made during pregnancy with predictions made
from 3D photographic images after birth (which are easier to acquire), PASS will not
release information pertaining to alcohol exposure during pregnancy until after the study
has been completed.

The data set nonetheless allows for an opportunity to provide a proof of concept for
a method of automating face characterisation. Additionally, since the data set contains
both control and FAS affected fetuses, it can be expected that there will be a full spectrum
of FAS-related features such as varying philtrum shapes and palpberal fissure lengths. In
the absence of a diagnosis, the effect of variation in these features on model parameters
can still be observed, which may not be apparent in an all-control or all-FAS data set.

The data acquired for this particular investigation consists of 3D US scans of 25
individuals, all around 27 weeks GA. Kurjak et al. suggest that it is broadly possible to
construct an accurate model of the fetal face from US images from around 18 to 36 weeks

GA, while the study conducted by Matthews et al. into FAS included subjects between
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Figure 6.2: (a) Spatial resolution of the fetal facial profiles used in this thesis (b) The key
anatomical features of the fetal profile

24 and 28 weeks GA [94,108|. This puts our data in an excellent position with regards
to facilitating the segmentation of the fetal face.

As the data is of the .vol format, conversion to a MATLAB compatible format involved
a workaround; conversion from the displayed .vol image to an .avi video file, which
contains one 0.5mm slice per frame. This .avi file was then read into MATLAB and
converted to a .mat volume, representing the US data. However, as the resolution of the
resulting image was not the native US resolution, a post-processing method was used to
scale the axis correctly once the surfaces had been extracted. Quantitative analysis will
therefore be performed on a pixel-wise basis, rather than using absolute measures. The
subsequent pixel resolution of the facial profiles is shown in Figure 6.2a.

The quality of the images was generally high, with little shadowing occluding the
facial profile. Figure 6.2b shows the key anatomical features of the fetal profile. One
problem to note is that, due to the GA and limitations imposed by the sweep of the
3D US scan, while the 2D facial profiles appear clearly and well within the limits of the
image boundaries, the extremities of the face for the 3D facial surface were restricted.
Many investigations into facial characterisation use the outer extremities of the eyes as
landmarks and take into account the full surface of the face. However, in many of the
examples used here, the outer edges of the eye were not necessarily visible, with severe
image degradation or even total lack of coverage in these regions.

Additionally, there were cases where limbs were pressed against the fetus’s face. While
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this provides an additional challenge to the segmentation process (which is possible to
overcome with the methods described here) a greater obstacle was formed by the pos-
sibility of the facial features being squashed or distorted. Exactly how this impacts on
facial characterisation is explored later in the chapter. It should be noted that these US
scans were not optimised for this study. The implications of this are examined in the

discussion section.

6.2 FETAL PROFILE SEGMENTATION

The first stage of characterising the fetal facial profile was to acquire a set of contours
describing the profile for a number of different fetuses. This can be obtained manually
but, as has been established throughout this thesis, manual segmentation presents a time
consuming and user-dependent problem. Semi-automated methods such as FA-S Live
Wire can provide a useful tool in these circumstances in order to reduce the amount of
user interaction required to perform an appropriate segmentation. However, since the
fetal profile across a narrow age band allows for a number of assumptions to be made,
which are simply not possible for liver and subcutaneous fat measurements, it could be

possible to entirely automate this process with some modifications.

6.2.1 FA-O LIVE WIRE

Chapter 4 introduced the concept of FA-S Live Wire, utilising a circular shape con-
straint and FA as cost functions to guide the Live Wire segmentation. In this example,
the shape constraint introduced by FA-S Live Wire is not appropriate, since the bound-
ary lies on a generally linear path rather than a circular one. The FA aspect of FA-S
Live Wire remains relevant, but other constraints which consider the properties of this
particular segmentation problem can be used in order to be successful.

In the case of fetal face segmentation, the surface is, broadly speaking, on a single,
straight plane without significant folds or overlaps. This means that it is possible to make

assumptions of where the facial surface lies based on the orientation of the boundaries

145



present. Recapping the methodology explained in Chapter 4, if monogenic signal of a 2D

image can be expressed as,

fu(x) = Ip + (01 @ 1), (02 © )] (6.1)

where [, is the bandpass filtered version of the original image, I, o; and oy are odd

orthogonal filters and ® denotes the convolution operation, the LO is given as,

_1 (01 ®Ib
— 2
0 = tan (02 = [b) : (6.2)

giving a value between —7m and 7 radians [9,112]. The cost function for Live Wire can

then be redefined with the LO in mind, turning this equation into,

C = wpaCra + weCy (63)

where Cr4 is the FA-based cost function, Cy is the LO-based cost function, and wg, and
wy are the weightings of the FA and LO costs respectively. In order to favour ‘upwards

facing’ boundaries, the LO cost can be defined as,

1 if —m < 0pmoqa <0
Cy = ¢ (6.4)
0 Zf 0< emod <7

where 6,,,q4 is the LO of the image, rotated such that the profile lies along 0,,,q = 0.
By assigning a high cost to regions where the boundary is downwards-facing, irrelevant
boundaries are generally excluded. The greatest difficulty of approaching the segmen-
tation of fetal profiles in this way occurs when the fetus is positioned such that it is in
contact with the wall of the uterus or has its limbs drawn towards the face. At this point,
the LO becomes a less reliable metric (the user may be required to change Cy for 6 > 0

to a value slightly above zero), but FA allows these contours to be found nonetheless.

With the modification of this form of Live Wire involving the use of FA and LO as
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Figure 6.3: (a) Fetal profile in US (b) FA of the image (¢) Thresholded LO of the image
(d) Cost map C, created by multiplying the thresholded image by the FA image (e) Cost map C
when Op,0q 15 used to define the threshold
the costs, this method will be referred to as FA-O Live Wire. Figure 6.3 shows the actual
process involved in finding the path with FA-O Live Wire; in this case the user inputs
are two initial seed points and the angle between those points. As in FA-S Live Wire,
the FA of the image is found (Figure 6.3b), but in this case the LO is also calculated.
The LO is then thresholded at # = 0 as shown in Figure 6.3c. The cost C' derived from
a combination of FA and the LO image is shown in Figure 6.3d. Figure 6.3e shows the
cost when the 6 is altered to 6,,,¢ by taking into account the orientation of the fetal face.
How 6,,,4 is obtained will be described in the following sections.

In order to use LO effectively as a cost for segmenting the facial profile, there are two

possible approaches:

e Use the LO of existing segments of the Live Wire segmentation in order to inform
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the possible values of LO for the next segment.

e Perform pre-processing on the image in order to rotate the profile to a common

plane, against which the expected orientation of the facial profile can be assumed.

The first option would operate much in the same way as the shape constraint for FA-S
Live Wire, altering the expected value for LO as the user selects new segments of the
boundary. However, in many cases it was found that it was possible to segment the
boundary using only two anchor points, which results in only one segment, making the
first option redundant. Once the LO restriction is added, many more of the examples are
capable of finding the correct boundary using only an anchor point at either end of the
facial profile. This means that it would be more useful to use a pre-processing method
in order to orientate the face.

It is possible to use FA-O Live Wire as it is, as a part of a semi-automated segmenta-
tion method for the extraction of the fetal profile that requires minimal user interaction.
This method involves the simple pre-processing step of the user drawing a line from one
extreme of the face to the other (from just below the chin to the top of the head). This
step has two influences on the segmentation process; firstly, it allows the user to explicitly
define the angle by which the image should be rotated and secondly, it gives the FA-O
Live Wire algorithm a start and end point by which to operate. After this line has been
defined, the image is rotated and the extremities of the line are used as the two seed
points for the FA-O Live Wire algorithm, giving a full fetal face surface. However, it is

possible to expand this to a fully automated method.

6.2.2 AUTOMATIC PROFILE SEGMENTATION

It can be beneficial to form an automated approach to fetal profile segmentation to
allow for a seamless inclusion into standard clinical practice. Automation could allow
for fetal profile characterisation to be part of the scanning software rather than requiring
additional analysis by clinicians. Additionally, this could be useful in the collection and

analysis of larger data sets, since a wide selection of faces will be required for model
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construction to be successful.

A number of assumptions can be made about fetal face images which can be used
to aid automation. US images of fetal faces will generally already be facing towards the
probe, since the skull would attenuate the facial signal too heavily if the fetus is facing
away. When the correct plane is chosen, the skull will often be the brightest part of the
image and the facial contour will be visible for the entire length.

However, there are cases which do not obey the assumptions made in the automated
method, either because of unusual fetal position, a poor facial boundary or that a fetal
limb appears in the view. The latter provides a potential acoustic boundary that could
interfere with the facial surface and could also present an additional high-intensity ridge
or occluding the boundary of the fetal face. In these cases, the semi-automated version

can be used.

BONE EXTRACTION

In order to find a suitable angle through which to rotate the face automatically, it is
important to identify relevant, repeatable landmarks and use them to align the profiles.
One such feature which occurs consistently on the fetal face profile is the highly reflective
section of bone on the brow ridge. Since bone forms such a strong acoustic boundary, it
can be expected to have the highest intensity value of the region being observed. This
form of feature can be detected using the Local Energy (LE), which is another image

property that can be estimated from the monogenic signal and can be defined as;

LE = \/I? + (01 ® ) + (0, ® I,)? (6.5)

where definitions are the same as those used in Equation 6.1 [112]. The LE gives a high
response where the magnitude of the response for all filters (the even filter and both
orthogonal odd filters) is high. It is important to note that the orthogonal filters have

the potential to cancel out if the responses in either direction are not both positive or
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both negative.
Detection using this method does, however, rely on certain aspects of the image. The

skull appears with a high intensity due to;

e bone presenting a barrier of high acoustic impedance compared to surrounding

tissue.

e the bone often being perpendicular to the incoming signal, resulting in a reflection

directly back to the probe.

e the skull being in such a position that there is often little attenuation before the

US signal reaches it.

Therefore, the detection could fail if the skull is in a significantly different orientation or
if a highly attenuating object (such as a fetal arm bone) is positioned between the skull
and the probe. In these cases, manual positioning of the facial contour may be required.

However, in order to ensure the correct section is selected, LE alone will not be enough;
Figure 6.4a shows an example where there are other regions, such as the philtrum, which
are also highly reflective. In order to select regions which are more likely to be associated
with the bone ridge, FS can be used, as described by Kovesi et al. [91]. Since it will
give a high response for strong ridges, and bone will tend to have a very strong but thin
boundary in US, this will be better represented as a ridge than an edge. Recall from

Chapter 4 that FA can be expressed as,

FA=

lz ||lodds| — |evens| — T ]

6.6
N~ even? + odd? + ¢ (6.6)

where s is the filter scale, NV is the number of scales used to form the FA image, ¢ is a
small constant (typically around 0.01) to prevent division by zero, even is the bandpass
filtered image, odd is the image convolved by two orthogonal anti-symmetrical filters, |- |

represents an operation which sets negative values to zero, and T} is a noise-controlling
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Figure 6.4: (a) An US image of a fetal face profile. The highly reflective philtrum edge is
highlighted (b) FA response, highlighting the edge-like structures of the image (s = [30,35,40])
(c) FS response, highlighting the ridge-like structures of the image (s = [30,35,40]) (d) LE of
the image (e) LE multiplied by FS, identifying high intensity ridges (f) The largest connected
section

threshold value [91,155]. FS is, in contrast, described as;

1 | levens| — |odds| — T|
Fs =% , 6.7
N~ even? 4+ odd? + ¢ 6.7

so that the value of FS is high when the even filter response is high and the odd filter
response is low [91]|. This results in a response which is high for ridges but not for edges.
Figures 6.4b and 6.4c illustrate the FA and FS responses of Figure 6.4a respectively.
Figure 6.4e shows the result of multiplying the LE by the FS. This can further be refined
by thresholding and then considering the largest connected structure in the image, as

shown in Figure 6.4f.
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Figure 6.5: (a) The LO of the fetal profile as it appears normally (b) 6 > 0 for the standard
LO overlaid on the fetal profile (¢) LO modified by the fetal profile orientation (d) 0,04 > 0 for
the modified LO overlaid on the fetal profile

BONE ORIENTATION

Once the bone ridge has been segmented, the orientation of this section can be calculated
and from this, the LO-based costs derived. Since an edge that runs perfectly along the
x axis will have a high odd filter response in the y direction, this hypothetical edge will
have a LO of § = /2. Any edge where 7 > 6 > 0 can be considered upwards-facing.
Recall Equation 5.3, which found 6,,,; for a previous LO value . If ¢ is taken to be
the angle between the facial profile’s primary axis and the x axis, positive values of 0,4
will represent upwards facing sections of fetal profile. As the fetal face will most likely
be bounding amniotic fluid, which will appear as a dark region on the US image, and is
itself reflective and therefore light in appearance, then the assumption can be made that
the fetal profile will tend to display an upwards facing section. Any downwards facing
edge-like feature can be disregarded as part of the profile. Figure 6.5 shows the effect of

thresholding # > 0 compared to 6,,,¢ > 0 on an example of a facial profile.
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There are, however, a number of different ways to determine the value ¢ associated
with the bone segment. Initially, the principal orientation of the binary mask for the
bone was used to determine the orientation of the fetal facial profile. While this generally
produces an appropriate rotation for the image, one of the disadvantages of this method
is that the length of visible bone can vary from example to example, with the result that
some segmented sections of bone do not reliably represent the angle by which the profile
should be rotated.

Another potential method for determining an appropriate rotation angle which is less
susceptible to varying amounts of visible bone ridge is to use the Hough Transform to
find the predominant straight edge. Since the variable sections of bone ridge tend to
either curve up to the top of the head or curve towards the nose, the common feature
of the ridge is most frequently the flat section between these points of curvature. By
using a Hough Transform to identify the position and angle of this flat section of bone,
an accurate rotation can be achieved more reliably.

The Hough Transform is a method used to find structures such as lines in an image
by means of defining straight lines by an angle (6) and a radius (p) from the origin, then
identifying the number of pixels which owe membership to each line, represented in the
feature space [0, p|] [49]. When the values assigned to [0, p| are over a threshold, they can
be said to represent lines in the image. In this case, the point at which [0, p] is the highest
is taken and 6 can be used directly to alter the orientation of the image. In the calculation
of this angle, the MATLAB implementation of the Hough Transform is utilised.

A final alternative for considering the orientation of the fetal face is to find the LO
associated with the segmented bone structure. As the mean value would be an unrepre-
sentative metric for angular values (since § = 7 and § = —r represent the same angle,
and this would not be accurately represented by a mean), the median value in this region
is considered. The results section of this chapter will consider the results obtained by

these three different automated methods of calculating facial orientation.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.6: The process by which the fetal profile can be acquired automatically. For ease
of visualisation, the image has been manually rotated so that the facial profile lies horizontally.
(a) Original US image of a fetal face profile (b) Fetal facial profile with FA at s = [40,45,50]
overlaid (c) The largest object of connected FA >0 regions is isolated (d) LO: 0,00 > 0 is in
green while 0,,,q < 0 is in red (e) Upwards facing section of the FA object are retained (f) FA-S
Live Wire is then applied to the image
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AUTOMATED FETAL PROFILE SEGMENTATION

Now that LO has been set up as a cost function for Live Wire and the image has been
automatically rotated such that the face is in a consistent orientation, it is possible to
automate the segmentation of the fetal profile.

Figure 6.6 shows how the properties of the facial profile can be further exploited in
order to facilitate its segmentation. Due to the stage in gestation at which the data
acquired for this study has been taken, certain assumptions can be made about the
appearance of the fetal face; primarily that it will be the largest feature of this form of
US image. While Figure 6.6b shows the FA response of the image, Figure 6.6¢ shows
only the largest connected component, thereby reducing the problem.

In addition, the known orientation of the face can be used to further reduce the area
of interest; Figure 6.6d positive (green) and negative (red) values of LO. In this set of
images, angle correction is achieved by physically rotating the image, while the actual
implementation corrects the angle by subtracting the facial angle from the LO image.
Figure 6.6e shows the FA, thresholded by the LO. The extremities of this object will be
the start and end points of the FA-O Live Wire algorithm. Figure 6.6f shows the resulting
profile segmentation, while Figure 6.7 shows some of the segmentations obtained by this
method on other examples of fetal face profiles.

In a preliminary test of the automated method, 17 out of a set of 20 images used could
be segmented using the Hough-based automated tool. The main obstacle to automation
is that the presence of fetal limbs in the central imaging plane can also interfere with the
assumptions made regarding the extremities of the face. Figure 6.8 shows two examples
where the adjoining tissue causes the automated method to fail by incorrectly assigning
end points. These examples also used the non-Hough based alignment; note that they
have not been rotated fully.

This performance could potentially be improved by adjustment of the different filtering

parameters for the different steps of the automated procedure, but this would arguably
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Figure 6.7: FEzamples of successful, fully automated fetal profile segmentation. These have
been deemed successful as the segmentations include the full facial profile and coincide with
visual assessment of the boundary.
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(b)

Figure 6.8: FEzamples where the automated segmentation method has not functioned correctly

require more effort from the user than the interactive method. All of these images were

successfully segmented with the user-defined rotation and end points.

6.3 SURFACE ACQUISITION

In order to allow for a relevant comparison between current work in facial dysmorphism
to identify FAS, it is necessary to expand the work described here from a 2D metric based
on the fetal face profile to a 3D metric based on the entire facial surface. This is also
significant since it can be difficult at times to accurately obtain the fetal profile; Kurjak et
al. describe some of the difficulties encountered when attempting to find the 2D mid-line
of the fetal face, since small deviations can still appear to represent the profile but may
contain different information (particularly in diagnosing conditions such as cleft lip) [94].

Forming a model for the full facial surface of the fetus could avoid this form of problem.

Table 6.1: Number of surface points and landmarks used by prior investigations into face
analysis

’ Condition Landmarks Surface Points Reference ‘
Wolf-Hirschhorn syndrome 22 - [71]
Fragile X syndrome 24 28,000 [74]

FAS 24 25,000+ [179]
Cornelia De Lange syndrome 21 16,000 [10]
Fabry disease 25 25,000 [45]

There are a number of challenges presented by using a surface segmented from 3D US,

rather than the standard method of using 3D photography. Table 6.1 shows the number
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of landmarks and surface points used for previous studies into modelling face shapes.
Studies involved in characterising faces of children and adults tend to use around 25,000
points. Aside from restrictions of resolution caused by the imaging modality, the ages of
subjects in many of these investigations range up to around 20 years, meaning that faces
will be larger and with more spaced out features than that of a fetal face.

Additionally, it is important to observe the position and the number of landmarks
used to align these surfaces accurately, which are independent of the aforementioned
discrepancies between 3D photography and 3D US. The largest concern in this respect
is the field of view available in 3D US, which may not be wide enough to view certain
facial features. In the data acquired for this study, the 3D volumes obtained are generally
centered on the facial mid-line, but it is not always possible to see the outer extremities
of the eyes (a standard landmark used in these investigations).

The greatest challenge in the characterisation of fetal facial profiles is the segmentation
of the facial surface. In the expansion of these methods to the segmentation of 3D facial
surfaces, it is important to automate as much of the surface acquisition phase as possible.
Even using tools like FA-S or FA-O Live Wire to segment each slice can be incredibly
time consuming, as each face has in the order of 100 slices. It is, however, possible to
expand on the methods described here to guide the segmentation to cover the full facial

surface.

6.3.1 3D LIVE WIRE SEGMENTATION

As outlined in Chapter 5, a method of using Live Wire in the context of 3D seg-
mentations has been discussed by Poon et al., in which sparse Live Wire segmentations
along two orthogonal axis are used to guide a dense Live Wire segmentation in the third
axis [143]. The points at which the prior segmentations intersect the planes along the
third axis are used as automatically selected anchor points to guide the final Live Wire
segmentation. Arguably, the most complex aspect of this work is how to order these

points most effectively to complete the segmentation.
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As previously explored, it is possible to use this approach to create a full dense
segmentation of the fetal face using a sparse set of segmentations. Since the objective
is to segment a generally planar surface rather than an arbitrary volume, segmentations
along just one axis may be sufficient to segment the full facial surface. Using such a
method on a plane rather than a volume has the further advantage of possessing a very
simple solution to the point-ordering problem, as segmentations will already be ordered

along one axis. In this case, FA-O Live Wire can be used to perform the segmentation.

6.3.2 ASP LIVE WIRE

A simple method of forming a 3D surface such as the fetal face (which is approximately
planar) is to use the FA of adjacent slices to guess the location of the next contour. Schenk
et al. use the shape of the previous slice to inform the next in their 3D application of Live
Wire [160]. This method largely operates from the assumption of the shape of the fetal
face surface. Since the face should be facing in an expected direction after the alignment
conducted in the preprocessing step, variation in the contour on a slice-by-slice basis
should be small and roughly perpendicular to the contour.

As with all uses of FA, scale selection is an important factor in achieving the ap-
propriate results. Figure 6.9 shows the examples of the different Live Wire paths taken
using only the extremities of the face as seed points, showing the different paths taken
depending on the scale chosen. Similarly, the peak FA value in the neighbourhood will
be altered by this value.

An initial implementation of contour propagation involved taking all contour points to
the adjacent slice and perturbing them in a neighbourhood restricted to the y axis, taking
the highest FA point as the new contour pixel location. The main problem with using FA
alone to form a segmentation in this way is that it can be prone to error, particularly if
two contours come close together in the image; if a set of pixels are following the wrong
surface at one plane, they will continue to follow that surface in subsequent planes,

resulting in a poor segmentation. A corrective step can be to filter the contour, removing
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s = [5,10,15]
s = [10,15,20]
5 = [15,20,25]
5 = [20,25,30]
s = [25,30,35]
5 = [30,35,40]
5 = [35 40, 45]
5 = [40,45,50]
5 = [45,50,55]

(b) (c)

Figure 6.9: (a) The variation of fetal profile segmentation result with varying filter scale (b)
Higher extreme of filter scale, showing a smoother contour but deviation to the stronger boundary
formed by the skull (c¢) Lower extreme of the filter scale, showing a rougher contour but following
the correct boundary
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any obviously erroneous pixel relocations, but this can distort the facial shape which is
highly undesirable in our particular application.

Chapter 5 introduced ASP Live Wire; a method of segmenting 3D objects using
Live Wire in which seed points for the Live Wire algorithm are automatically placed in
adjacent slices using a set of points from the initial contour, offset to a location which
best represents structurally equivalent points. This uses a combination of FA and LO
to localise a subset of points, which are then used to draw an FA Live Wire contour.
This has a number of advantages over the previous method, most predominantly that it
is robust against being distracted by nearby but incorrect contours and it preserves the

smoothness of the contour without artificially filtering the segmentation.

6.3.3 MESH SHAPE MODEL

Approaching the modelling of the fetal face in 3D from a dense point cloud may
not be the best method for accurate comparisons between faces since there is no explicit
anatomical equivalence in the position of points. A more useful representation of the fetal
face for the purposes of forming a shape model could be as a deformation of a common
mesh, thereby allowing variation in shape to be expressed more directly.

Initially used in computer graphics work, the field of subdivision surfaces is now
being applied to segmentation problems as a form of surface representation |27, 175].
The subdivision surface method, in basic terms, involves using a coarse mesh to define a
smooth underlying surface, which is obtained by refining the initial surface in an iterative
manner [174]. Stebbing has worked on the use of subdivision surfaces to aid the problem
of segmentation in echocardiography [175].

A surface can therefore be represented as an underlying control mesh for an essentially
continuous surface, much in the same way a b-spline surface is represented by a set of
points in 2D. In 3D, a coarse control mesh can be refined to define a smooth surface by
means of Doo-Sabin [48], Catmull-Clark [27] or Loop [104] subdivision.

Catmull-Clark subdivision has been utilised by Chandrashekara et al. for the 3D
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segmentation of the left ventricle in MR images, while Doo-Sabin subdivision surfaces
have been applied by Orderud and Rabben in the same segmentation problem but in
echocardiography |28,137]. Outside of medical imaging, Loop subdivision surfaces have
been applied to creating 3D models of hands from 2D images [183]. The ‘subdivision limit
position’ (i.e. the surface to which the mesh converges) has also been used as a means
of representing a set of data points by Suzuki et al. [180]. The Loop-based subdivision
surface fitting method developed by Stebbing has seen application in the field of US
segmentation of the fetal cranium [121,175].

The benefit of representing the facial surfaces in this way is that it is now possible to
form an explicit definition of surface features. This means that all points are now inher-
ently aligned to the same anatomical feature across examples. Also, since the problem
has been reduced to around 300 points (and is therefore of a similar dimensionality to
the profile contours), the method for model construction used for the 2D profile will be
easily translatable to the meshed faces.

It should be noted that it is possible to conduct the entire segmentation process using
subdivision surfaces, as has been conducted in previous studies. However, this requires
the appropriate initialisation of the control mesh to the US volume, and so the coarse
mesh needs to be aligned properly to the facial surface by selecting a set of landmarks
corresponding to mesh positions. For simple shapes such as the left ventricle and fetal
head, this form of initialisation is possible. A more complex object such as the fetal face
may present a greater challenge since, as noted previously, it can be difficult to localise
the exact position of facial features from 2D slices. Aligning the mesh to a pre-segmented
surface allows for landmarks to be selected with far greater ease, as the user is able to
observe the full facial surface when selecting these points. Additionally, this maintains

the use of highly intuitive, interactive segmentation at the core of fetal health assessment.

The creation of the surface mesh representation of the fetal face has been con-

ducted as a collaboration with Richard Stebbing, also from University of Ozford.
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(d) (e) (f)

Figure 6.10: (a) Original stock surface model used to create the initial face surface (b)
Cropped and simplified surface to be used as a base for the face surface (c¢) Correspondence
between landmark locations on the initial surface and an example segmentation of a fetal face
(d) Alignment of the initial surface to the point cloud (e) Influence on the point cloud data on

the mesh nodes defining the initial surface (f) Final deformed surface, shown with underlying
mesh
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Subdivision surfaces are described in more detail in Appendix Chapter B.

The Stebbing implementation of Loop subdivision surfaces is used to fit a control
mesh to the point clouds generated by the initial 3D fetal face surface segmentation, in
a similar manner to his previous work in echocardiography [175]. Figure 6.10 shows the
various steps required to form a mesh representation of the segmented fetal face surface.

These are as follows:

1. Figure 6.10a: In order to create such a mesh, an initial, generic surface must be
created and fitted to each example. The initial face mesh is created by modifying

a stock media face model from the Turbo Squid 3D model archives, as shown [12].

2. Figure 6.10b: The surface has been cropped to the region of interest, containing all
of the important features for accurate facial characterisation. This surface is defined
by an underlying mesh of around 300 control points. It has also been modified to
contain only triangular faces, as is required by the Loop subdivision process. Less
important regions such as the cheeks have been omitted to constrain the number

of parameters. This surface will be used as the initialisation for all facial surfaces.

3. Figure 6.10c: For each point cloud defining a segmentation of a fetal face, nine
landmarks are defined and matched to their corresponding positions on the initial-

isation surface.

4. Figure 6.10d: The initialisation surface is aligned to the segmentation surface as

closely as possible via the landmarks.

5. Figure 6.10e: The shape fitting process is described by Stebbing et al. [175] and
can be summarised as follows; a set of candidate points are selected uniformly along
the segmented surface and each node of the mesh is matched to the closest candidate
point perpendicular to the surface. The Levenberg-Marquardt algorithm, a combi-

nation of gradient descent and Gauss-Newton minimisation [61], is used to minimise
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Figure 6.11: FEzamples of coarse meshes and the surfaces they represent, fitted to data obtained
from fetal face segmentations
an energy function. This function includes the sum of all orientation, translation
and scale errors between the candidate and mesh surface points, a term to limit
folding and intersection of the surface with itself and thin-plate regularisation to
ensure that the final surface is smooth [175]. Correspondence between candidate
and mesh surface points are not fixed between iterations, and a Huber loss function

is used to reduce the influence of poorly selected boundary candidates [175].

6. Figure 6.10f: When the solution has converged, the final face surface appears as
shown. The facial surface is shown in blue while the underlying mesh defining this

surface is shown in red.

Steps 4-6 are repeated for all other surfaces until each has a mesh representation.

Once the mesh representation for the faces have been obtained, it is possible to obtain a
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dense surface of arbitrary resolution. Figure 6.11 shows a number of examples resulting

from this process.

6.4 FETAL FACE SHAPE CHARACTERISATION

6.4.1 SHAPE MODEL CONSTRUCTION

In order to characterise the segmented curves and surfaces, the next step is to form
some kind of parameterised model which can be used to describe each example and, more
importantly, form a metric for comparing them against each other. One potential way of
doing this is to characterise the segmentations using an ASM.

It is important to note that the aim here is not to use ASM for the segmentation
process itself. This is because the potential modes that the shape constraint will take are
defined by the input shapes, which means that instances of abnormal faces may not be
segmented as such, as they fall outside of the expected variance of face shapes as defined
by the model. This is of particular concern in this study as, at the time of writing, it is
not known whether or not individual profiles are from fetuses with FAS; if a model were
constructed using part of the data set to train and part to test, it is entirely possible
that the FAS cases will either be skewed into one group, or that they will be too small a
presence within the training group to make a difference in testing. In order to avoid this,
the processes of shape characterisation and segmentation are separated entirely, allowing
for the segmentation of completely arbitrary facial shapes.

Cootes et al. outline how an ASM model can be constructed, and most of the math-
ematics described in the model construction section of this chapter will follow their de-

scribed methods [41].

ANNOTATION

The first stage in constructing a shape model is to align all of the data sets to each other.

This is done by taking a set of common landmarks which appear in each data set and
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aligning these landmarks across all examples, transforming the data solely by translation,
rotation and scale. This ensures that the deviation between each example is made up of
purely structural features.

For the 2D curves, landmarks were chosen to ensure that they are easily identifiable
across different face shapes. Due to variation in mouth position and shape, some struc-
tures are not easily identified between examples. It is also important to ensure that the
philtrum is aligned in all images. This is one of the most important features of the profile
in identifying FAS [179]|. Therefore, it is important that this section in particular is in
alignment across examples of the fetal face, meaning that landmarks should be positioned

to ensure this. As a result, the landmarks used for the fetal face profiles were:
1. Just under the nose at the top of the philtrum.
2. At the lower edge of the philtrum, on the boundary with the upper lip.

3. At the point where the two lips join (although in cases where the mouth is open

slightly, this is the middle of the gap between the lips).
4. At the lower edge of the lower lip.

The selection of these landmarks can be applied manually, but could be expanded into
an automated form, selecting landmark points based on common, objective properties.
In this work, manual landmark selection was used, but the possibility of automation can
be explored.

One of the defining features of these landmarks is that they all occur at high curvature
locations of the contour. This means that it could be possible to select n landmarks by
selecting the locations that centre on the n'* highest curvature points. One way of
approximating curvature at a point is to consider the angle created by a triangle formed
at a point on the curve and two points k£ values either side of the point in question.

Consider a contour is defined as x = [iy, ia, ...i,,]7 where i = [z;,1;] and m is the

number of points in the curve. The cosine law can be used to find the length of a side on
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an arbitrary triangle, and is of the form;
a® = b* 4 ¢ — 2bccos ), (6.8)

where a, b and ¢ are side lengths of the triangle and 6 is the angle between sides b and

¢ [78]. This can be rearranged to find the angle 0, forming the equation;

D2 4 2 2
0 = cos™* (%) : (6.9)

The curvature at the N* point in the curve can then be approximated using 6.9 with

the values;
a = \/($N+k —aN-k)?+ (YN+k — Yn—k)? (6.10)
b=/ (en —onr)? + (yn — yn—)? (6.11)
c= \/<56’N+k —on)? + (Yntr — Un)?, (6.12)

where k defines the window size used to determine curvature (the full window size will
be 2k 4+ 1). The selection of k is important in the final result as too small a value will
take into account curvature likely to be associated with noise, whereas too large a value
may miss vital landmarks.

Figure 6.12 shows how the peak values of the curvature, ~, defined as;

v =180 — 6, (6.13)

vary along the facial profile. The highest curvature points of the contour x can then be
identified by finding the peak values of 7. More importantly, it can be seen that all of the
concave-curvature peaks (from the perspective of the face as ‘inside’ and the surrounding
area as ‘outside’) coincide with the landmarks selected earlier in this chapter. The only
discrepancy in this respect between the landmarks shown in Figure 6.12 is the point

shown on the eye. This was disregarded as a landmark due to the possibility of a wide
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Figure 6.12: (a) The curvature of a fetal face profile, defined as v = 180 — 0. In this example
k = 5. (b) The peak curvature points, as defined in (a), marked on the original contour as it
appears on the fetal facial profile.
variation in judgment concerning its location.

In the case of creating a model for the 3D meshes of the fetal face, specific nodes on
the original model have been deformed to fit anatomically-based landmarks. This means

that each of the nodes on the mesh are already on approximately anatomically equivalent

points of the face and additional landmarking to align between meshes is not required.

SHAPE ALIGNMENT

The task of aligning each of the face contours and surfaces is achieved by means of Pro-
crustes analysis [65]; this is conducted by first aligning each set of landmark points to
the average landmark locations (averaged across all examples) and applying the result-

ing transformation to each respective facial contour/surface. A new average landmark
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(b)
Figure 6.13: Facial profiles (a) before and (b) after alignment

location is found and this process repeated iteratively until the differences in positions
between the mean and examples converge. In the case of the facial surfaces, all nodes on
the facial mesh are used as landmarks. The MATLAB function for Procrustes analysis
was used in all cases described here.

Figure 6.13 shows the set of 2D contours extracted from fetal face profiles before and
after alignment. From this, it can be seen that the most vital regions for identifying FAS
have been successfully aligned; primarily the philtrum and lips. Regions that deviate
greatly are the chin and forehead. However, this could in itself be a useful metric for
identifying dysmorphism, since the curvature of the forehead will be greater for smaller

heads where the face is comparatively larger and flatter for larger heads. The results of
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(a) (b)
Figure 6.14: Facial face meshes (a) before and (b) after alignment

this process for the 3D surface meshes can be seen in in Figure 6.14.

MODEL CONSTRUCTION

Once the examples have been aligned, the model can be constructed. Cootes et al.
describe the formation of an ASM in the following terms [41]. In 2D, a shape can be
defined as x, where x = (21, %9, ..., Tn, Y1, Y2, -, Yn )~ and [z, y,] is the coordinate location

of the nth point in the shape. The mean shape is therefore defined as;

x=-Y x (6.14)

Any shape can then be defined as a deviation from the mean, resulting in;

x~X+Pb (6.15)

where;

b =P’ (x —x) (6.16)
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Figure 6.15: (a) Resulting ASMs (b) Number of parameters required (¢) Mean Euclidean
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P is defined as P = (p;|p2|...|p:) where the values p,, are the eigenvectors of the covari-

ance, S, of the set of curves. This, in turn, can be defined as;

i=1

D (i —X)(x - x)" (6.17)

S

1
s—1

S:

Eigenvectors to be used for the model are chosen by selecting the ¢ largest corresponding

eigenvalues (defined here as \;) such that;

t
N> fVr (6.18)
=1

where Vpr = >, Ai and 0 < f, < 1, describing the proportion of the variance that the
model is intending to describe. Figure 6.15 shows the effect of varying f, on both the
appearance and accuracy of the approximated 2D curve x as defined by Equation 6.15, as

well as the corresponding length of the vector Py. As would be expected, using a larger
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Figure 6.16: This figure shows (a) the average mesh according to point location and (b) the
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value of f, results in a more accurate curve, but it is important not to use too high a
value, or the model can become over-fitted and respond poorly to unseen examples.

At this point, £ and P are known values and b, which will be ¢ dimensional, can be
determined via Equation 6.16. For any given set of curves x, which must be sampled to
be the same length as z, b can be found and compared for each of these values. This
can provide a quantitative assessment of their shape, since this value gives the degree to
which the curve is represented by each of the principal eigenvectors defined by the model.
It is these values which can be used to identify principal differences between each group.

If the goal were to create a model for the full 3D facial surface before meshing, the 2D
shape model would need to be expanded. This is conceptually simple, but has an inherent
flaw when it comes to the actual application of this method. The size of the covariance
matrix used in ASM will be (nD)?, where n is the dimensionality of the data and D is the
number of data points. For the 2D example, where only points on the profile are used,
this figure remains manageable, with n = 2, D ~ 400 and therefore (nD)2 ~ 640, 000.

However, this is not the case with 3D data, with typical investigations into face

analysis for FAS using around 25,000 points using 3D photography [179], although it
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is possible to gain such images of a higher resolution. Similarly, 3D US has a spatial
resolution of around 0.1mm x 0.1mm per slice with a 0.5mm slice separation. A window
of approximately 50mm x 50mm will cover the main features of the fetal face, giving a
total of around 50,000 points when the probe is perpendicular to the facial surface.

Following this guideline, the resulting covariance matrix can easily contain in the
order of 5,625,000,000-+ points. Computational limitations in passing around a several-
gigabyte-matrix mean that the shape model must be constructed in a different way.
Simple down-sampling risks losing fidelity of the image and missing key facial structures.
However, since the use of subdivision surfaces has reduced the definition of the facial
surface to around 300 points, the method for model construction used for the 2D profile
can be used for the meshed faces.

Figure 6.16b shows the continuous surface function represented by the average facial
mesh, X. The most poorly defined regions of the face are at the sides of the head and at the
outer extremities of the eyes, although this can be expected considering the limitations

of the field of view of fetal US imaging at this stage in gestation.

6.4.2 SHAPE CHARACTERISATION

As has been described in the previous section, an arbitrary facial profile can now be
expressed in terms of a single ¢ dimensional matrix, b. Figure 6.17 shows the effect of
altering values in this vector on the resulting fetal profile shape. In this example, the
value of b was found for the curve x as per Equation 6.16. The four examples shown here
each represent an alteration in one of the four values associated with the four eigenvectors
with the highest eigenvalues. From Figure 6.17b it can be seen, for example, that changes
in the second parameter appear to be the most significant in determining the angle of the
upper lip and appearance of the philtrum. Figures 6.17a and 6.17c seem to show changes
in nasal shape and head size with changes in influence of the first and third eigenvectors
respectively. This means that it is possible that the value associated with the second

eigenvector will help determine whether a facial profile is indicative of FAS.

174



(d)

Figure 6.17: The first, second, third and fourth parameters are altered in (a), (b), (c) and
(d) respectively

Figure 6.18 shows variation in 3D facial surfaces from the mean when altering different
parameters within the matrix b, when P for the first two eigenvectors (n = 1,2). In these
examples, b is set to zero and b(n) = k ranging from k = —200 to k = 200, and then

x = X + bP is used to find the final mesh.

6.4.3 TRAINING SETS

The eventual goal of this contribution is to create a form of classification metric for
diagnosing FAS. There are a number of different ways that a model can be formed,
dependent on the type of data used. The options are to form a model exclusively on
normal data, a single model based on a mix of FAS and non-FAS data and two separate
models for both FAS and non-FAS data.

In the case of a single ‘normal” model being used, FAS would be identified in fetuses

that exhibit model parameters outside of the expected range, which could be indicative
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(b)
Figure 6.18: Variation of the (a) first and (b) second eigenvectors of the facial mesh

of any form of facial variation which is not included in the original data set, not just
FAS. This may be useful if the data set for normal faces is sufficiently large enough so
that any deviation from the model can be attributed to clinically important abnormality
but for specific FAS diagnosis this may not be appropriate. In the case of the two-model
system, there may be cases where a face falls outside of the expected range of both models,
exhibiting facial variation unknown to both. Similarly, this may be appropriate if both
data sets are sufficiently large, allowing the user to distinguish between FAS, healthy
non-FAS and abnormal non-FAS.

However, assuming that all known variation in fetal faces cannot at this time be
captured, a more appropriate form of model would be to include both FAS and non-FAS
fetuses. From these, a classifier can be designed on the values of b, which can then be used
to identify new examples as more indicative of FAS or non-FAS face shape. This classifier
can be created with a learning algorithm such as AdaBoost, which forms a strong binary

classifier from a set of weak classifiers [56], or Random Forests, which use a random set
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of successive classifiers [21]. The latter has been deemed to be comparable to the former
in terms of error but more robust to the effects of noise [21]. This may be useful in cases
where the segmentation or model fitting are imperfect.

In order to construct and use the model to identify FAS, the following process is

proposed;

1. Collect a set of contour/surface segmentations for the faces of a large number of
FAS and non-FAS fetuses. In the case of the facial surfaces, a surface mesh can be

formed.
2. Find the value of P for the data set.
3. For each example, find the value of b via Equation 6.16.

4. Define a classifier to most appropriately separate the two classes according to their
corresponding values of b. This can be achieved using a classification algorithm

such as Random Forests (in this case, defined by each value of the vector b).

5. For an unseen case, find the value of b for the segmentation via Equation 6.15 and

use the model-generated value of P.

6. The curve/surface can then be classified as either FAS or non-FAS based on the

output of the classifier when the value b is applied.

Figure 6.19 shows the resulting values of x that are obtained by the model, with
different colour contours representing varying values of f, in Equation 6.18. Due to the
small number of test images with which to construct a model, the ASM created within
this thesis will not be as adept at modelling the fetal profile as one made as a result of a
more comprehensive study. Additionally, assessment of the ability to classify images will
be hampered by the lack of clinical diagnosis associated with the images. Since whether
each case exhibits FAS or not is unknown, unsupervised classification must be considered.

This form of classification intends to cluster together groups of data based on common
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Figure 6.19: This shows the fitting of the 2D profile model to the input examples, using a
varying number of eigenvectors
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properties. Since the data set contains both FAS and non-FAS examples, it is possible
that the primary modes of variation will separate these groups naturally. This may,
however, be more apparent in a larger data set than the one available. Once this initial

classification has been made, future examples of fetal face shape could be identified.

METHODOLOGY OVERVIEW: FETAL FACE SHAPE

CHARACTERISATION
e Starting from a central slice in the facial surface, the fetal profile orientation
can be determined by localising the visible bone ridge (via a combination of LE

and I'S) or from user input.

e From this initialisation process, a Live Wire can be applied using FA and LO

modified by the profile orientation as cost terms.

e In the case of the automated process failing, FA-O Live Wire can be used to

segment the profile using only two seed points at the extremities of the face.

e Once the profile has been obtained, ASP segmentation is applied to extract the

full facial surface. Only the central slice is used as an input.

e In the case of the surface extraction failing, FA-O Live Wire can be used to

re-segment slices with undesirable results.

e A b-spline mesh, with around 300 vertices, is fitted to the facial surface after

being positioned by a set of landmark points selected by the user.

e For both the profile and facial surface mesh, each face can be expressed as
x = X + Pb. By finding the mean facial profile/surface X and the eigenvector
describing the principal components of variation, P, each face shape can be

described quantitatively with the matrix b.
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6.5 VALIDATION OF SEGMENTATION

6.5.1 EXPERIMENT OUTLINE

There are a number of different facets of the face acquisition and shape characterisa-

tion paths that require evaluation. These include:

Segmentation accuracy of the 2D facial profile acquisition method.

Segmentation accuracy of the 3D surface segmentation methods.

3D surface accuracy maintained after the mesh process has been conducted.

Assessment of the ability of shape models derived from these segmentations to group

faces based on whether or not they exhibit signs of FAS.

In each experiment, methods are conducted on 21 3D US volumes of the fetal face. In
the case of the 2D segmentations, the profile slice has been manually selected. The
facial profiles have then each been segmented entirely manually three times by the same
user. For the 2D experiments, the automatic contours are compared to each of the three
corresponding manual contours and averages are taken of all 63 assessments.

Each 3D facial surface consists of around 100 slices, making manual segmentation
an incredibly time consuming task. For practicality, facial surfaces were acquired on
a slice-by-slice basis using FA Live Wire, for a range of 40 slices on either side of the
central profile, making a total of 1,701 segmentations. This was used as a ‘gold-standard’
segmentation against which the other segmentation surfaces were compared. Surface
comparisons are conducted on a slice-by-slice basis, following the same procedure as for
the 2D contours. Since, in all cases, two surfaces or two contours which do not represent a
volume /area are compared, it is not possible to use measures such as precision, recall and
Dice similarity to compare examples. Distance based methods are more appropriate for

comparison, such as calculating the average distance between surfaces and the percentage
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of points which lie within different range bands compared to the reference segmentation.
It is necessary to calculate these values in terms of both the manual contour compared
to the segmented contour and the segmented contour compared to the manual contour,
since if these contours vary in length (which is very likely), the two measures will provide
different values. Using both measures will also help to give an impression as to whether
the automatically segmented contours over-shoot or under-estimate the extremities of the

region of interest.

6.5.2 RESULTS: 2D PROFILE SEGMENTATION
Fetal facial segmentations have been obtained manually, three times for each profile.
For the evaluation of the 2D profile segmentation, a number of different methods of
obtaining the facial angle have been compared, which also define how the end points of

the contour are chosen. The following methods are used:

User Guided: Semi-automated. The user draws a line from below the chin to the
top of the brow. The angle formed by this line is taken as the facial orientation,

the end points are taken as the extremities of the face.

e Hough Transform: Fully automated. The angle is obtained by performing a

Hough Transform.

e Bone Orientation: Fully automated. The angle of the segmented bone structure

is taken as the facial orientation.

e LO: Fully automated. In this case, the median LO of the segmented bone structure

is used to provide the segmentation orientation.

Tables 6.2-6.5 show the results of the profile segmentation process. These have been
conducted for both uncropped, including the entire segmented contour in all cases, and
cropped, taking into consideration only the segment of face which would be used for the
shape model. Tables 6.2 and 6.3 give the uncropped results while Tables 6.4 and 6.5 give

the results for the cropped contours.
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Table 6.2: Profile segmentation accuracy determined from the distance of the uncropped auto-
mated contours from the manually segmented contours

Distance (pixels) | Guided Hough Transform  Orientation LO
0 pixels (%) 16.50 £ 4.54 12.93 £ 3.92 12.89 £4.02 13.14 + 4.16
< 1 pixel (%) 47.12 £ 8.92 36.85 + 8.19 36.83 £ 850  37.48 £ 8.88
< 5 pixels (%) 92.85 £ 5.80 72.52 £ 8.02 72.40 £ 8.80 74.24 £ 10.20
< 10 pixels (%) || 98.21 + 3.17 77.37 £ 8.15 77.18 £8.69 79.28 £ 10.44
< 15 pixels (%) | 99.27 + 2.13 79.06 £ 8.27 78.79 £ 851 80.85 £ 10.31
Average (pixels) 237T£0.71 18.52 £ 9.48 19.15 £ 10.38 17.82 £+ 11.88

Table 6.3: Profile segmentation accuracy determined from the distance of the manual contours

from the uncropped automated contours

| Distance (pixels) | Guided Hough Transform  Orientation LO
0 pixels 12.27 4+ 3.41 11.87 4+ 3.64 11.85 £ 3.79  11.44 + 4.12
< 1 pixel (%) 44.45 £ 9.01 42.83 £ 9.75 4278 + 10.37 41.26 £ 11.93
< 5 pixels (%) 90.98 £ 5.27 86.92 + 8.75 86.73 £ 10.30 83.32 £ 14.58
< 10 pixels (%) || 96.65 + 3.51 92.09 £ 9.30 91.88 + 10.52 88.48 £ 15.07
< 15 pixels (%) || 97.78 + 2.85 93.11 £ 9.04 92.97 £ 10.07 89.61 £+ 14.91
Average (pixel) 2.96 £ 1.05 7.32 £ 11.10 7.44 £ 11.44 13.64 £ 25.12

Table 6.4: Profile segmentation accuracy determined from the distance of the cropped automated

contours from the manual contours

| Distance (pixels) || Guided Hough Transform  Orientation LO
0 pixel 16.65 £ 4.53 16.70 £ 4.71 16.76 £ 4.80 16.57 £ 4.87
< 1 pixel (%) 47.59 + 8.96 47.50 £ 9.28 47779 £ 944 4715 £ 9.77
< 5 pixels (%) 93.55 £ 5.52 93.06 £ 5.79 93.62 £ 6.34 92.80 + 5.84
< 10 pixels (%) || 98.67 + 2.95 98.03 £ 3.72 98.57 £ 3.71 97.90 + 3.74
< 15 pixels (%) || 99.47 £+ 1.98 98.81 £+ 3.07 99.25 £ 2.50 98.60 + 3.07
Average (pixels) 2.29 £ 0.67 2.57 £ 1.31 2.32 £ 081 2.62 £ 1.32

Table 6.5: Profile segmentation accuracy determined from the distance of the manual contours
from the cropped automated contours

| Distance (pixels) || Guided Hough Transform  Orientation LO
0 pixel 12.24 £ 3.41 11.81 £ 3.61 11.79 £ 3.76  11.40 £+ 4.09
< 1 pixel (%) 44.37 £ 9.02 42.63 £ 9.76 42.59 £ 10.36 41.12 £ 11.88
< 5 pixels (%) 90.72 £ 5.49 86.43 + 8.8 86.25 £ 10.37 82.92 £ 14.51
< 10 pixels (%) || 96.38 + 3.86 91.67 £ 9.37 91.47 £ 10.58 88.12 £ 15.00
< 15 pixels (%) || 97.57 + 3.20 92.79 £ 9.09 92.66 = 10.10 89.34 £ 14.85
Average (pixels) || 3.06 £ 1.26 7.56 £ 11.09 7.67 £11.43 13.84 £ 25.06
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Figure 6.20: Results of the 2D fetal face profile segmentation; the average distance for the (a) uncropped and (b) cropped contours, and
the range of pizels from each segmentation for the (c) uncropped and (d) cropped contours. ‘Contour’ refers to the results by calculating the
distances of pizels on the segmented contour from the manual contour, while ‘manual’ refers to the results from calculating the distances of
pizels on the manual contour from the segmented contour.



The distance metrics have also been measured in terms of the distance of the pix-
els on the manually segmented contour from the automatically segmented contours and
vice-versa, in order to give a fuller picture of the similarity between them. Tables 6.2 and
6.4 give the results calculated as the automated contours’ distances from the correspond-
ing manual contours while Tables 6.3 and 6.5 give the results calculated as the manual
contours’ distances from the automated contours. These can be considered analogous to
precision and specificity for area-based measures. Figure 6.20 summarises these results.

Results for the automated contours relative to the manual contours on the uncropped
examples showed the worst results overall. This reflects the fact that, in many of the
examples used, the automated contour greatly overshot the boundaries of the face, seg-
menting the facial region but extending far beyond it (recall examples from Figure 6.7).
There is therefore a great improvement in accuracy when the boundaries are well defined.
Similarly, the error in the manual contours with respect to the automated contours reflects
situations where the boundary is incomplete, as shown in Figure 6.8.

The LO of the bone segmentation was found to be least effective at determining the
facial orientation for profile segmentation. This should not be surprising, as the bone
is found using the FS of the image (which relies on a high even filter response and a
low odd filter response) while the L.O uses the angle between the odd filter responses.
Therefore by definition, the LO at the bone structure will be weakly defined. Since the
time taken to perform the segmentation in the user guided case is minimal (only around
a second or two) and requires less user interaction than FA guided Live Wire alone, it is
recommended that this form of segmentation should be used to obtain the fetal profile.

All of these calculations have been conducted in a pixel-wise manner but it should be
considered that across these examples, one pixel represents in the order of 0.09-0.18mm,
(mean ~ 0.12mm). This means that errors obtained here (particularly that of the Guided

segmentation scheme) represent significantly small physical dimensions.
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Table 6.6: Surface segmentation accuracy of the automatic segmentation for a number of different filter scales against a surface segmented
semi-automatically on a slice-by-slice basis. Highest performing results are shown in bold.

| Reference | Scales || Average (pixels) | < 0 pixels (%) <1 pixels (%) <5 pixels (%) < 10 pixels (%) < 15 pixels (%) |

Segmented | [10, 15, 20] 3.97 £ 2.96 19.07 £ 4.92 62.30 £ 12.38 89.73 £ 7.82 92.49 £ 6.51  93.79 £ 5.92
20, 25, 30] 6.83 £+ 9.02 48.92 £ 10.51 84.39 £+ 11.46 87.69 + 9.94 89.06 £ 9.46 90.29 + 9.12

w=[Tx7 |[30,35,40] | 7.37+894 |49.84 +11.98 83.35+11.91 8651 £ 10.37  88.06 £ 9.95  89.31 + 9.62
[40, 45, 50] 8.88 £+ 10.06 22.23 £9.74 64.20 £ 16.37  83.87 £ 14.95  86.03 £ 14.54 87.28 £+ 14.19

p=25 [50, 55, 60] 10.80 + 11.86 12.61 £ 7.30 43.85 £ 16.04  78.40 £ 16.42  83.63 £ 15.88 85.59 + 15.64
(60, 65, 70] 15.41 +£ 13.81 6.61 £+ 4.47 27.55 £ 14.11  70.30 £ 1895  76.73 £ 18.98 79.23 £ 18.54

Manual [10, 15, 20] 3.10 £ 3.06 20.36 £+ 4.97 67.75 + 12.62 93.32 £ 8.22 95.38 £ 6.28 96.32 £ 5.36
20, 25, 30] 2.36 £+ 3.40 53.10 £9.97 91.96 £ 10.40 94.90 £ 7.42 95.86 = 6.44 96.55 £+ 5.70
w=[7x7]|[30,35,40] 2.23 + 2.98 53.69 + 10.46 91.22 £ 10.52 94.69 + 7.06 95.74 £ 6.17 96.41 £ 5.53
[40, 45, 50] 3.45 £+ 4.48 23.27 £ 8.94 69.02 £ 15.07 92.08 £ 12.31  94.06 + 10.88 95.01 £ 9.84

p=95 [50, 55, 60)] 4.40 £+ 4.92 13.25 £ 7.13 46.55 + 14.39  86.92 + 15.08  92.95 £ 12.50 94.46 £+ 11.26
[60, 65, 70] 6.71 £ 6.68 7.19 £ 4.61 29.85 £ 13.70  79.37 £16.89  87.77 £ 16.57 90.49 + 15.04

Table 6.7: Surface segmentation accuracy, comparing the dense surface mesh of the semi-automated slice-by-slice surface segmentation to
automatically segmented surfaces of varying filter scale. Highest performing results are shown in bold.

‘ Reference ‘ Scales H Average (mm) ‘ < Omm (%) <0.Imm (%) <0.5mm (%) < 1.0mm (%) < 1.5mm (%) ‘

Manual | Manual Mesh 4.03 £ 1.04 0.07 = 0.04 1.60 £+ 0.91 16.23 £+ 6.68 32.46 £+ 8.72 45.96 + 7.81
Mesh Manual Mesh 1.07 &+ 0.29 0.18 £ 0.12 3.04 £ 1.91 26.76 £ 15.06 55.21 4+ 19.58 77.41 £+ 13.95
Mesh [10, 15, 20] 0.47 £ 0.13 0.34 £+ 0.32 7.45 £+ 4.70 72.24 £ 16.05 94.14 £+ 6.47 98.37 £ 1.73
[20,25,30] 0.40 £ 0.09 0.68 £ 0.73 12.29 4+ 8.24 81.13 £ 10.71  96.76 £ 3.31 98.890 £+ 1.14

[30,35,40] 0.34 + 0.10 1.17 &+ 2.01 19.04 + 14.26 86.99 + 9.92 97.12 + 2.44 98.70 + 1.18

[40745, 50] 0.35 &+ 0.15 3.60 &+ 10.73 24.01 &+ 25.65 84.31 £ 13.08 96.63 £+ 2.82 98.41 £ 1.35

[50,55,60] 0.35 &+ 0.16 5.23 + 13.16 26.58 + 26.37 83.42 + 14.83 96.58 £+ 2.98 98.22 £ 1.70

[60, 65, 70] 0.46 = 0.30 1.36 + 2.75 1594 £+ 15.10  75.09 £ 21.48 94.34 £+ 10.78  96.71 + 8.04
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Figure 6.21: A number of examples of the fetal face surface, segmented on a slice-by slice basis
using FA Live Wire ((a)-(d)) and automating the process by using ASP Live Wire on the same
examples, using the central profile segmentation as the sole input ((e)-(h))

6.5.3 RESULTS: 3D SURFACE SEGMENTATION

The results for the accuracy of the 3D profile segmentations have been taken against
respective reference surfaces. The automated surface segmentation has been conducted
with varying values of filter scale. Results for this can be seen in Table 6.6, and examples
of both manual and automated facial surfaces can be viewed in Figure 6.21. As with
the fetal face profile, results have been calculated both with respect to the reference and
segmentation contours. The average distance and percentage distances of pixels that lie
within 0, 1, 5, 10 and 15 pixels have been calculated.

Many of the faces appear to show a ripple-effect along the faces. This is likely due
to the speckle which appears in the facial tissue. A higher-scale filter could reduce the
influence of speckle on the path of the wire. However, this could also have a negative
influence on detecting more detailed features of the face and prevent effective segmenta-
tion in cases where the face is close to another surface such as the wall of the uterus or

a fetal limb. Instead, the mesh fitting process intends to correct this phenomenon, by
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attempting to fit a minimum-cost smooth surface through the point-cloud formed from
these facial surfaces.

Although a scale of s = [10, 15, 20] gave the smallest average deviation from the semi-
automated surface, s = [20,25,30] arguably gives a more accurate segmentation, with
a far higher percentage of pixels lying within 0 — 1 pixels of the original contour. The
reason for this is possibly due to the nature of the filters used in FA. The highest FA path
will only be in the exact same place in the image if the filters used are the same type and
scale, since filter responses will change and shift spatially. The curve for s = [20, 25, 30] is
more accurately following the lay of the fetal face (since it is less likely to be deviated by
speckle) but the localisation of the edge is slightly off compared to the semi-automated
method. This example demonstrates the importance of providing a variety of measures
to assess how close contours lie to each other but also the weakness in comparing results
from Live Wire methods with different costs.

One consideration when comparing the semi-automated and automated surface con-
tours is that, in the semi-automated case, only contours which are clearly visible are seg-
mented. Regions of extreme attenuation are not included, as contours would be drawn
purely on personal judgment rather than from any image data. In the automated case,
the contour is determined for the full length of the face, regardless of whether or not there
is any clearly visible contour. This, firstly, results in a contour which overshoots the semi-
automated version, hence the better result when calculating the average distance of the
manual contour to the automated contour rather than the reverse. The second effect is
that there may be some extraneous regions of segmentation. While this does have the
potential to influence the meshing process, it is an issue which is more likely to influence

the extremities of the face, away from the main features.

6.5.4 RESULTS: 3D SURFACE MESHING

Once the meshes have been fitted to the facial segmentation surfaces, a dense sur-

face can be created of arbitrary point density. While the underlying mesh contains 319
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vertices, the dense surface can be represented by a point cloud in the order of 20,000
points. Unlike the original segmentations, which were calculated in a pixel-wise basis,
the meshes have been calculated using physical distances. The difference between these
fitted dense surfaces can provide insight into the variation after the meshing process has
been completed. In all cases the same initialisation landmarks have been used.

Table 6.7 shows the results from comparing the mesh created from the semi-automated
segmentation to the mesh created from each of the automated segmentations. For com-
pleteness, also shown is the difference between the slice-by-slice semi-automated contour
(labelled as ‘manual’ since it is the analogous ‘gold-standard’ in this case) and its result-
ing mesh, to show the deviation in surface shape caused by converting the segmented
surface into a mesh representation.

This appears to show low accuracy, but two aspects are at play here. Firstly, the
density between the two surfaces are different, resulting in a larger distance between
points than may be represented by a continuous surface. Secondly, the mesh does not
cover the entire segmented surface, disregarding regions at the extremities (the forehead
is a particular example of a large area of segmented surface which does not appear on
the mesh surface).

Since the meshes result in surfaces of known resolution, with direct correspondence
to each other, there is no need to calculate the differences in surfaces with respect to the
manual and automated segmentations separately. However, it may be useful to observe
the results obtained from finding the distances between the control points and the dense
surface separately, since it will give an impression of how deviation in initial segmentation
will impact the final mesh.

Interestingly, the differences in mesh surface produce a fairly different picture of accu-
racy compared to the differences between the semi-automated and automated segmenta-
tion surfaces, with higher filter scales appearing to give closer-fitting results. This could
be due to, as seen in the segmentation results, many of the larger filter scales having small

regular deviations whereas smaller filter scales have larger but less frequent deviations.
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Table 6.8: Results for the mesh accuracy when white Gaussian noise is applied to the original,

manually segmented facial surfaces

SNR Control Mesh Model
Point (mm) Surface (mm) | Error (mm)
20 0.01 £0.00 0.02 £ 0.00 | 0.01 £ 0.01
40 0.04 £0.00 0.06 £ 0.00 | 0.02 £ 0.02
30 0.13 £0.01 0.12 £ 0.02 | 0.06 £ 0.05
20 098 £0.41 1.20+£0.69 | 0.35 £ 0.26
15 201 £1.12 239+£1.85 | 0.71 £ 0.52

These larger variations are more likely to distort the facial mesh than subtle changes,
producing a very different end result. The mesh process also appears to be fairly robust
to deviation, with errors appearing smaller than their original segmentations (one pixel
represents around 0.16mm). This robustness to segmentation error can be investigated

further.

6.5.5 ROBUSTNESS TO DEVIATION: 3D CONTOUR

One potential use for meshing is compensating for an incomplete scan or particularly
noisy image, as it should be robust to random variation which does not correlate with
surrounding structure. It is therefore necessary to establish how errors in the profile
segmentation can influence the final b value obtained. For the first instance, the values
along the full point-cloud were held in the x- and y-axis, but with white Gaussian noise
of varying signal to noise ratio (SNR) applied to the z-axis values (perpendicular to the
facial surface). Landmark locations were kept the same in all three dimensions. Signal
power was calculated by MATLAB’s awgn function. The results from this experiment
are shown in Table 6.8. In the second case, the noise was applied to the locations of
the landmarks (in all dimensions), while the surface was unaltered, with results shown in
Table 6.9.

In these experiments, the distance between the manually segmented and noise-adjusted
surfaces are calculated for the initial point-cloud segmentation, to give an idea of the dis-

tance the noise has perturbed the surface in physical terms. In the case of landmark

perturbation, the distance between the original and noise-adjusted landmarks is deter-
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Table 6.9: Results for the mesh accuracy when white Gaussian noise is applied to the original
landmark positions, using the unmodified manual facial surface segmentation

SNR Control Mesh Model
Point (mm) Surface (mm) | Error (mm)
95 0.10 £0.00 0.12 £ 0.01 | 0.05 £ 0.03
20 0.19 £0.01 0.23 £0.03 | 0.09 £ 0.07
45 0.30 £0.03 037 x£0.07 | 0.16 £ 0.12
40 0.51 =£0.08 0.60 &= 0.16 | 0.28 &= 0.20
35 1.00 £ 032 1.19 £0.61 | 0.55 &= 0.38

mined. The distances between the control points between meshes, the dense mesh surfaces
defined by the control points and the resulting model fitting are then calculated, showing
the effects of segmentation error on subsequent parts of the system.

The results from fitting the face meshes and subsequent shape models to the noisy
data can be seen in Table 6.8, for noise applied to the segmented surface, and Table 6.9
for noise applied to the landmarks used to initialise the facial surface. From these results,
it can be seen that even with modest noise applied to the facial surface, there is little
change in the facial mesh. This is to be expected since the lowest cost path through a
set of points under Gaussian noise is likely to be close to the original surface. For larger
levels of noise, the mesh is deformed an appreciable amount. This can subsequently result

in a potentially large difference in shape model parameter values.

6.6 VALIDATION OF CLASSIFICATION

6.6.1 EXPERIMENT OUTLINE

The overall aim of segmenting features from the fetal face is to obtain a means of
identifying fetal conditions. The shape modelling process provides a means of giving
quantifiable values to the shapes of segmented structures. Recall from Figure 6.19 how
segmented contours can be approximated in the form x ~ ¥ + Pb. It is these values of

b which can be used to separate fetal profile and facial surface shapes, in our case by

whether or not they exhibit signs of FAS.
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Figure 6.22: (a) The eigenvalue of each eigenvector for all facial profiles. Comparing the
eigenvalues for b) the first and second (c) first and third and (d) second and third eigenvectors.

Unfortunately, at the time of writing, the maternal alcohol intake for each example is
not known, meaning that it is not possible to explicitly observe the differences between
high and low FAS risk groups. However, as the faces used have a number of potential
variables in common (for example, approximate GA), FAS may be one of the more defining

features by which the examples can be separated.

6.6.2 CLASSIFICATION OF FAS: 2D PROFILE

Here, the shape parameters derived from each of the facial profile contours are ob-
served. In the first instance, the values of b are found for each of the fetal profiles. Figure
6.22a shows the value of each element in b for each facial surface. It can be seen that the
values corresponding to the first four eigenvectors have a far larger influence on the shape

than all other eigenvectors. This suggests that there are fairly few modes of variation in
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Figure 6.23: (a) The eigenvalue of each eigenvector for all facial surface meshes. Com-
paring the eigenvalues for b) the first and second (c) first and third and (d) second and third
etgenvectors

shape that the profiles can generally take.

Figure 6.22b shows values of b associated with the first eigenvalue against those
associated with the second eigenvalue, while Figure 6.22¢ shows the first plotted against
the third and Figure 6.22d shows the second against the third. Point colours correspond
to the quadrants they occupy.

There is not necessarily a distinct separation between groups in this set of fetal profiles
since, as established by Lipinksi et al., facial dysmorphism can appear with different
severity depending on the extent and timing of alcohol exposure during pregnancy [103].
By taking a section of high-risk individuals, it is likely a spectrum of the condition exists

within the set. This means that classification may not be as simple as a threshold on
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Figure 6.24: Fuces resulting from grouping outliers in the eigenvector domain

one of the shape parameters. Additionally, interaction between modes of variation may
result in a more complex model being formed to accurately characterise FAS-related

dysmorphism.

6.6.3 CLASSIFICATION OF FAS: 3D SURFACE

As models generated directly from the point clouds were found to be ineffective,
computationally intensive and sensitive to error, only 3D models generated from the
segmentation meshes will be considered. As these are limited to around 300 vertices,
they are of similar complexity to the facial profiles, but can be used to define the entire
facial surface. The values of b across all meshes can be seen in Figure 6.23a. From this
it can be seen that shape parameter values show huge variation across a broad range
of eigenvalues. This is possibly due to the greater potential variation in a 3D system
of points. A breakdown of the values associated with the first three eigenvalues plotted
against each other are shown in Figures 6.23b-6.23d.

There do appear to be fairly distinct groups emerging from these shape parameters,
but, as with the profiles, it is unlikely that separation on a single parameter can accurately
define FAS. Figure 6.24 shows the faces resulting from averaging the position of facial

mesh points for the average of the main group (Figure 6.24a), the average from a group
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(a) (b) (c)

Figure 6.25: Fuaces from the original data set with a range of values for the second eigenvalue.
These examples have values of (a) 26.15, (b) —1.08 and (¢) —23.69

of four faces that showed high second eigenvalue (Figure 6.24b) and the average from a
group of two faces that showed very low first eigenvalue (Figure 6.24c).

The variation between the first two averages appears to be influencing the shape of
the lower lip and chin. It is possible that a smaller feature, such as the philtrum, may
be dominated by a combination of shape parameters that control the position of other,
more significant facial structures. Figure 6.25 shows three faces with a high, mid and low
second eigenvalue. From this, it appears that this value indicates depth of the face as a
whole, and particularly the prominence of the lips.

The last group’s average face appears to show examples of the face that have been
particularly affected by distortion on the right side of the face. Figure 6.26 shows mesh,
fitted surface, manual segmentation and a transverse US slice taken across the eyes of the
two faces which exhibited the lowest value for the first eigenvector. It can be seen across
all of these stages that there is a deformation on the right side of the face, which the US
images reveal to be caused by severe shadowing in that region.

Although the resources available do not allow for the detection of FAS, this shows
that a common anatomical feature can be indicated by similar eigenvalues. However, the
small size of the data set, and subsequently the coarse nature of the captured variation

in face shape, limits the extent to which this can be observed. Since there is variation in
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Figure 6.26: For the two faces with a low value for the first eigenvector, a similar mode of
distortion can be seen. This is visible across all stages of the process, including; (a),(e) the face
mesh (b),(f) the surface fitted to the segmentation (c),(g) the manual surface segmentation,
and (d),(h) a transverse US slice taken across the eyes, showing severe shadowing on the side

of the face.
multiple components of the vector b and interactions between these components will be
complex, it is difficult to identify which values are responsible for subtle changes such as

philtrum shape and palpberal width. Section 6.6.4 investigates this further.

6.6.4 MODEL PROPERTIES

Each facial profile and surface can be expressed in terms of x ~ X + Pb; the mean
facial shape, X, and the eigenvector matrix, P, are both used to define the shape model,
while b defines the shape of each instance of a fetal face. It is the variable b that will
be used to classify whether faces are indicative of FAS or not. Since the shape of the
philtrum is a potential indicator for FAS, and one of the primary modes of variation within
this population should be FAS/non-FAS features, it follows that some of the variables
that define the shape of the face should indicate the shape of the philtrum, irrespective
of structural changes or noise elsewhere. However, the influence of each point on the

value of b depends on the value of P (generated in the model construction phase) and
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Figure 6.27: The 20 points which cause the most (red) and least (blue) variation in the shape
model when they are perturbed perpendicular to the facial surface for (a) the mean shape mesh
(b) an example face mesh (c) the mean facial profile and (d) an example of a facial profile.

the coordinates of each point in x and it is unlikely that an element of b will be solely
influenced by the position of the philtrum.

The influence of each point of the profile and surface models can be assessed by
shifting each of the points individually across all face examples and observing the average
difference in the shape descriptor b. Figure 6.27 shows the 20 points with the most (red)
and least (blue) variation in b when they are shifted, displayed on the average mesh and
profile, as well as an example face and profile. This highlights regions which require the
greatest and least deformation from their mean representations in order to be fitted to
real-life examples, since x — X ~ Pb.

In the case of the facial profile, this appears to be potentially beneficial to the char-
acterisation of FAS; the forehead and chin have less of an impact on the value of b, while
regions around the mouth have a greater influence. This suggests that noise or poor
segmentation around the forehead may not interfere with the classification of faces using
the value of b. In contrast, the value of b in the 3D facial mesh appears to be controlled
by the points on the edge of the face, with more robust features around the brow and
nose. This could be partly due to the choice of landmarks for aligning the facial surfaces,
and the vast variation at the extremities of the facial models, where it is least constrained
to the underlying segmented surface.

This can be examined in greater detail, since it is possible to observe the average
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variation in each individual element of b across facial examples. From this an impression
can be formed of which elements are more likely to contain information pertaining to
FAS-related structures and which may be less useful to analysis. Figure 6.28 shows the
average percentage variation of each value in b when each point on the facial surface is
perturbed perpendicular to the facial profile. Figure 6.29 shows this same concept applied
to the facial mesh nodes. From these it is possible to observe the varying influence of
each parameter on different parts of the fetal face.

In the facial profile, good candidates for the characterisation of FAS using this model
(f, = 0.999) are b(8) and b(10) (Figures 6.28h and 6.28j respectively), which show a
much higher variation in value with movement around the philtrum than anywhere else
on the facial profile. The values of b(7), b(13) and b(16) (Figures 6.28g, 6.28m and 6.28m
respectively) may be worth observing, although the former two also vary with brow and
nasal shape.

Suitable candidates for observation in the facial surface are a more difficult matter,
since the edge points appear to consistently dominate for all elements of b. However,
b(5) (Figure 6.29¢) appears to show stronger variation around the philtrum compared
to other areas of the face, while b(6) (Figure 6.29f) shows stronger variation around the
eyes, which is another landmark that can be used in the identification of FAS.

To show that the model can capture changes in shape, it is possible to induce specific
changes and observe the level of variation that can be detected, given reasonable noise.
This can be achieved by manually altering the position of points at a specific, FAS-related
area and observing their impact on each element of b. Figure 6.28r shows the effect on
these values by moving the points of the facial profile along the philtrum perpendicular
to the face between -Imm and 1mm, while Figure 6.29q shows the same process for the
middle three philtrum nodes of the facial surface. However, in this example, the only
variation in the entire face is the philtrum, and so all variables move appropriately.

Additionally, it is possible to observe the effects of moving the philtrum when there

are alterations in point position across the entire face. Figure 6.28s shows the effects
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Figure 6.28: (a)-(q) shows average variation to all model parameters across all examples
when each point is perturbed perpendicular to the facial profle. Variation of all components of b

with perturbation of the philtrum is shown with (r) and without (s) noise (SN R = 10.
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Figure 6.29: (a)-(p) shows average variation to all model parameters across all examples
when each point is perturbed perpendicular to the facial surface. Variation of all components of
b with perturbation of the philtrum is shown with (q) and without (r) noise (SNR = 20).
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Figure 6.30: The same mesh control points marked out for a set of faces to demonstrate that
they all represent the same structural region of the face (in this case the philtrum) after fitting
to the segmentation, and therefore could be used for direct measurement of facial biometrics.

on b with additive white Gaussian noise with an SNR of 10. From this, it can be seen
that certain variables including b(8), b(10) and b(16) maintain the v-shaped pattern
of a similar gradient to the noiseless data. Similarly, Figure 6.29r shows how this is
the case for b(5) when noise with SNR of 20 is applied to nodes on the facial surface.
This demonstrates that there are a number of components to the shape model which are
influenced more by philtrum shape, a useful indicator for FAS, while remaining robust
to noise-related changes in other regions of the face. Consequently, it may be possible to

pick out such components of the model in order to help classify FAS more robustly.

6.6.5 DIRECT MESH MEASUREMENT

As has been briefly commented on, one of the advantages of using a mesh to define
the fetal facial surfaces is that each control point on the mesh can be followed across all
examples and should represent the same anatomical location. This means that it may
not be necessary to use a shape model at all to characterise the fetal face, but rather the
differences and ratios between the location of some of the anchor points may accurately
simulate the measures which would be taken by a clinician. While the palpebral fissure
would be an excellent example of this, as it can be used for the diagnosis of FAS, the
current method used does not often contain the outer edges of the eye [176]. Scanning

fetuses earlier in gestation may allow for a fuller facial model to be obtained.
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The appearance of the philtrum, however, could feasibly be acquired directly from

the facial meshes. Figure 6.30 shows the control points

n = [52,99,100, 130, 131, 133, 134, 171, 172, 225, 290, 292] (6.19)

marked on a number of examples of facial meshes, showing how they delineate the same
region of the face. Using control points in this way, it could be possible to extract
the philtrum surface in isolation and determine the curvature of the region, thereby
providing a quantitative metric from which FAS can be assessed. Similar information
could be obtained by observing the curvature of the fetal face profile. Of course, in order
to improve the accuracy of such a scheme, this would have to be calculated in conjunction
with other values which could characterise fetal dysmorphism, as is the case with clinical
diagnosis.

Despite the potential utility of using direct measures from the mesh, pursuing a robust
and exhaustive shape model may still be a more desirable outcome. This is because
a shape model will account for all variation in the data that forms the training set.
Therefore, the model can allow for the discovery of previously unused features in fetal
face shape; it may be that the principle modes of variation between the FAS and non-FAS
groups show anatomical changes that have not yet been used for diagnosis. In contrast,
direct control point comparison can only be used in the context of pre-established metrics
for evaluation.

It is possible to observe how indicative of philtrum shape certain aspects of the shape
model are, taking into consideration the added knowledge of which variables are robust
to noise-related changes from the previous section. This can be done by showing how
previously identified values in b vary with measurements taken from the fetal face. The
simplest way of measuring philtrum depth is by comparing the z-axis position of nodes
on the facial surfaces. Figure 6.31a shows the philtrum nodes as well as an enlarged

schematic of the philtrum, labelled with the index of each node in the matrix x. The
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Figure 6.31: The points which make up the philtrum on the facial surface and their position
in x are indicated in (a) while the philtrum depth is plotted against b(5) is shown in b.

philtrum depth can be calculated as Az = BF2cF2uE2r 28228 "which can then be plotted

against values in b. Figure 6.31 shows philtrum depth against b(5). This appears to show
an upward trend, with the value of b(5) increasing with philtrum depth. However, this
is a relatively weak relationship and further investigation with a larger training set will
be necessary in order to find out how rigidly it holds. It will also be necessary to identify
how other FAS-related changes in face shape interact with the values contained in b.
This first-pass at identifying the properties of the shape model when a small training
set is used has shown that one of the main features of FAS identification can be identified
from components of the shape parameter b, and these elements appear to be robust to
noise elsewhere in the fetal face. In the construction of a functional model for clinical
use, it will be important to use a wide range of examples in order to capture the full
variation of facial shape in the model. It may also be improved by limiting the span of
the facial model to only include regions which are relevant in the diagnosis of FAS, in

order to prevent extraneous variation of the model parameters.

DETECTING FAS FROM FETAL FACES
e The sensitivity of the meshing process of the facial surface to deviation in the
original segmentation has been tested, showing that the process is robust to

eIrors.

202



e The utility of shape characterisation has been more difficult to assess, given
that the maternal alcohol intake is unknown for this set of images. However,
the sensitivity of the shape model to deviation may be a strength, detecting

subtle changes in face shape that may otherwise go unnoticed.

e Alternatively, it may be more suitable to extract physical distances and ratios
between control points of the facial surface mesh rather than relying on the

abstracted shape model to characterise FAS.

e While it appears possible to build a representative model to characterise the
shape of the fetal face surface from the position of subdivision control points,
there are a number of problems that are external to the image analysing process

which should be addressed in order to form a fully operational diagnostic tool.

6.7 DISCUSSION

6.7.1 2D PROFILE TO DETECT FAS

One of the most significant problems in attempting to analyse the fetal face profile
from US images is accurately acquiring the central plane of the face. This is a potential
diagnostic hurdle highlighted by Kurjak et al. [94].

The problem of finding the central plane is of particular significance in the assessment
of the fetal profile to identify FAS due to the importance of accurately determining the
shape of the philtrum. In a healthy fetus, this structure should be concave in the centre
and convex at the outer edges but will often be entirely convex for a fetus with FAS.
Therefore, a relatively small offset (~1-5mm) could completely change the diagnosis.

A potential use for the profile measure is to augment the full facial surface model.

This is due to the fact that the full facial model may be susceptible to error in the form
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Figure 6.32: A number of facial expressions made by fetuses during US scans, as shown by
Kurjak et al. [94] (duplicated here with permission from the author)

of the face being pressed against other objects, distorting its appearance. The profile
may provide a set of parameters which are not affected by the distortion, acting as a
second-pass on the classification. If a mesh has already been obtained, the profile can be
determined accurately by finding the central points along the control mesh. This has the
additional advantage that the profile could be determined even if it is off-plane from the

US probe.

6.7.2 3D SURFACE TO DETECT FAS

A significant improvement resulting from the meshing of the facial surfaces is the
reduction in the feature space needed to create the shape model, as the resulting mesh
only contains around 300 vertices. This means that the resulting shape model cannot be
dominated by small, irrelevant variations between faces but instead will respond to more
significant structural changes.

The use of 3D surfaces to analyse facial dysmorphism of fetuses have a number of
obstacles, irrespective of the methods and imaging modality used to acquire the surface.
Figure 6.32 is taken from Kurjak et al.’s paper on visual analysis of the fetal face and

demonstrates some of the common modes of facial expression which can be observed from
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3D US images of the fetal face [94]. Unfortunately, the variation caused by expressions
such as these will be taken into account when a facial shape model is constructed, poten-
tially marking these differences as principal modes of variation, drowning out the more
subtle differences in facial structure. This means that, in order to make examples directly
comparable across a population, studies intending to characterise facial differences should
aim to acquire the fetal face with a neutral expression. This may be difficult to achieve
in fetal observations, as fetal movements can be unpredictable and expressions can only
be recognised after 3D acquisitions are taken.

Similarly, the fetus’s face may have a boundary between facial tissue and limbs or
the wall of the uterus, rather than the far clearer boundary between facial tissue and
amniotic fluid. While the segmentation methods explored here do have the ability to
delineate between such boundaries, if there is any significant pressure on the face it can
appear to be deformed. Soft tissue of the face, for example, can be easily displaced against
other objects, resulting in a facial segmentation which does not accurately represent the
‘resting’ shape and potentially distorting the appearance of the resulting shape model.

As a future expansion, high curvature points on the facial surface could be used to
define landmarks on the 3D facial surface, thereby entirely automating the alignment
procedure. It has been observed that deviation in initialisation landmark position can
result in as large a difference in the final face mesh as errors in the segmented surface.
Therefore, standardising the way in which landmarks are selected could result in more
accurate and comparable fetal face meshes, and subsequently more accurate shape models.

Another future expansion could be to extract the set of standard measures usually
used to diagnose FAS from the control points of the mesh and compare this to manually
determined measures conducted by a clinician (or, preferably, set of clinicians). The aim
here would be to show if (a) it is possible to accurately determine the biometric values
currently used to diagnose FAS and (b) examine if the meshing process can provide a
more standardised method of assessment. This would, again, require a set of fetal face

volumes with known histories of maternal alcohol intake.
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6.7.3 POSITION IN CLINICAL WORKFLOW

Finally, the practicality of establishing such a diagnostic procedure in existing clinical
workflow is considered. Since the segmentation of both the fetal face profile and surface
have been very successful, it is likely that fetal face analysis could be incorporated into
a standard prenatal scanning procedure without too much difficulty. User interaction
required has been shown to be minimal, and would therefore need little training to achieve.

Major obstacles to facial characterisation are mostly caused by the behaviour of the
fetus, since attenuation from the skull means the fetal face would be very difficult to
observe if the fetus is facing away from the US probe. Additionally, some of their standard
behaviours (such as thumb-sucking, yawning or making distinctive facial expressions)
would produce a surface which may not be fit for analysis. Of course, with a large
enough collection of data, it is possible that this form of variation could be taken into
account, but this would require further study.

The utility of pre-term diagnosis is also an important consideration. Some studies
have suggested that the physical symptoms of FAS can become more difficult to detect
over time [179]. If the diagnosis can be performed as early as possible, instances of FAS
could be detected more accurately. It is currently not possible to reverse the effects of
FAS, but a diagnosis may prevent further damage. Additionally, early and more accurate
diagnosis can allow for interventions and therapy that may prevent some of the secondary
problems faced by those affected by FAS in later life, such as issues with mental health,
inappropriate behaviour, substance abuse and illegal activity [177]. The low impact of
diagnosis and potentially high improvement to quality of life could make screening for

FAS detection a beneficial addition to clinical practice.

The 2D profile segmentation and analysis work has been presented in
the following conference: T.M. Rackham, P. Hammond, J.A. Noble ‘Fetal face seg-
mentation and contour characterisation in 3D Ultrasound’, MECbioeng14, London,

2014
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OVERVIEW
e An automated method of segmenting the fetal face from a 2D image slice has
been presented, using a combination of F'S, LE and the Hough Transform to
find the skull and its orientation. Then a combination of FA and LO is used to
segment the facial boundary. In some cases a small amount of user interaction

is required to ensure a correctly segmented boundary.

e Further to this, a method for obtaining a 3D facial surface is presented, using
the initial 2D surface as initialisation to the ASP Live Wire algorithm described

in Chapter 5.

e Next, an existing method of fitting a b-spline surface to the segmented point

cloud is applied, in order to form a parameterised model of the fetal face surface.

e In both the 2D and 3D cases, a shape model is constructed in order to find the

eigenvectors which define the modes of variation of the fetal face shape.

e Fitting the shape model back to each example of fetal face profile and surface
will give a matrix b, which provides a quantifiable metric for the shape of each

object. It is through this value that facial differences can be classified.

e While the meshing procedure and shape fitting appear to be robust to noise and
deformation, the shape parameters are very sensitive to changes in profile and

surface appearance.

The personal contribution in this chapter is the application of ASP Live Wire to fetal face
segmentation. Additionally, the combination of modelling the segmented facial surface using a
mesh and then using this simplified mesh to characterise face shape is an original contribution,
although these two components were developed through independent collaborations.
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CHAPTER 7

DISCUSSION AND CONCLUSIONS

Throughout the course of this thesis, a number of tools, specifically designed to allow
clinicians to acquire a more advanced understanding of fetal development, have been
designed and tested. The main objective has been to enable these tools to give the
user direct control over the contour construction, keeping user-interaction intuitive and

straightforward. These methods can be summarised as follows:

e Firstly, a semi-automated, interactive segmentation method has been developed for
use in US, based on the Live Wire algorithm. This was then tested on a set of 2D
fat images, comparing the results to a number of competing methods for completing

the same task.

e This method has been expanded in order to produce a new method for evaluating
a 3D volume from Live Wire contours. This has then been tested on sets of MRI
and US liver images and compared against an existing approach for expanding Live

Wire to 3D.

e Finally, the 2D and 3D approaches for interactive segmentation are taken into
the context of fetal face segmentation and characterisation in US. Assumptions
about the general appearance of the fetal face are exploited to further facilitate the

segmentation process. A procedure for quantifying fetal face shape is proposed.

This final section summarises and evaluates the key features of these findings. Following

this, there is a discussion on potential avenues for future work and improvements to each
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of the main contributions.

7.1 FETAL FAT SEGMENTATION

This thesis has presented a method for the semi-automated segmentation of fetal fat
from 2D US images by modifying the existing Live Wire algorithm. The method outlined
here, FA-S Live Wire, used a combination of FA and a weak shape constraint in order to

guide the segmentation process. Here, potential expansions to this work are discussed.

7.1.1 SEGMENTATION

Chapter 4 has introduced the use of FA and a weak shape constraint to adapt the
existing Live Wire algorithm and to facilitate the interactive segmentation of fat in 2D
US images of fetal limb cross-sections. This was found to perform better with US than
traditional intensity-based measures for Live Wire cost and remains competitive with an
automated scheme that also uses FA. More importantly, the method required far less user
interaction and took significantly less time than manual segmentation and the competing
interactive methods and did not require specialist equipment to operate effectively.

One potential enhancement that could benefit the utility of such a tool would be the
automatic selection of FA scale based on speckle appearance. This would allow FA-S Live
Wire to be applied to a greater variation of images without requiring the user to pre-
define a rather abstracted set of variables. Additionally, this could help further improve
the ability of this method to delineate boundaries in cases for which it has already been
shown to be successful.

A limitation of the study is that only 2D cross sections were used, which are prone
to error for accurate quantification of fetal biometry, since errors in angle or differences
in position along the limb can greatly influence results. It would therefore be useful to

apply the 3D methods explored in Chapters 5 and 6 to fetal arm images.
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7.1.2 GROWTH CHARTS

A potential further investigation would involve constructing growth charts based ex-
plicitly on fetal fat measurements, and comparing a full fetal fat volume to other measures
of fetal nutritional development, rather than just a TVol (including both fat and lean tis-
sue). A recent study by Knight ef al. has shown that it is possible to segment fat tissue
in US, successfully segmenting 78% of captured fetal limbs from scans of 231 women from
INTERGROWTH-21%" data [90]. Further to this, it was discovered that segmenting fat
from the fetal arm may be a more useful tool in assessing development than from the
thigh, with fat representing a larger proportion of overall limb volume at this location [89].

The methods described here could facilitate the collection of such data to expand the
study to observe how the fat volumes of malnourished fetuses compare. Additionally,
they provide a basis from which an expansion to volumetric fat measurements could be
developed. FA-S Live Wire could be combined with the ASP Live Wire method in order
to form a better resolution of fat volume than fractional measures. The data set of 3D
US fetal arms with corresponding GAs now available via INTERGROWTH-21%* make

this a very possible avenue for investigation.

7.2 LIVER VOLUME SEGMENTATION

In Chapter 5 potential methods for segmenting the liver in 3D from MRI and US were
explored, using an expansion of the Live Wire method. In particular, a combination of
LO and FA was used to estimate the position of seed points in successive slices of the

image, thereby automating portions of the segmentation process.

7.2.1 ASP LivE WIRE

ASP Live Wire has shown great utility in being able to segment the fetal liver from
e-THRIVE MR images, showing greater accuracy compared to Sparse Live Wire. In US,

ASP Live Wire was found to perform reasonably but was ultimately outperformed by
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Sparse Live Wire by a small margin. This could have been due to the large variation
of the contour position between slices, as a result of the difficulty involved in manually
segmenting the liver boundary.

As already discussed, one clear improvement would be to alter the filter scale used
to calculate FA and L.O depending on the imaging conditions. Since larger scales are
only appropriate with a larger segmentable object, this could be determined based on the
size of the objects delineated by the required user-defined segmentations. Otherwise, a
multi-scale approach could allow for more accurate localisation of points in consecutive
slices and a wider search window, or even allow for global point matching. The field of
image registration could be drawn upon in order to improve this process further.

Another potential improvement would be to allow for the segmentation of multiple
objects. Although this was not a problem that was encountered with the examples used
in this thesis, it is a potential issue which should be considered. Research has already
been conducted in adding this functionality to the Sparse Live Wire method, so it is likely
that a similar regime could be applied directly to the point selection derived from ASP

Live Wire [143].

7.2.2 SEGMENTATION IN MRI

It has been demonstrated that it is possible to assist the segmentation process, despite
the challenges of low spatial resolution, specular appearance and poor contrast edges,
which although not common to all MR images, are certainly problems for the e-THRIVE
acquisition setting.

A major disadvantage of liver segmentation in MRI is that it is unlikely to be applied
as a tool in standard clinical practice, as the modality is often only used once poor fetal
health has already been established from standard US scans. In situations where pregnant
women have been referred for scanning to diagnose suspected severe fetal conditions,
nutritional development would be a minor aside to the health of the fetus. Introducing

MRI scans as a standard procedure for pregnancy would be ill advised due to the cost
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and resource constraints, as well as the possible distress caused to the mother with the
claustrophobic environment of the MRI scanner.

The modality is arguably more useful in investigations such as that attempted in this
thesis, which could potentially provide confirmation of the measurements made in US, as
these are more susceptible to error. However, this relies on appropriate US scans of fetal

landmarks to compare against.

7.2.3 SEGMENTATION IN US

Segmentation in US is arguably of more utility than MRI, as this form of measure-
ment could be included in standard protocol for maternal monitoring with very little
disturbance to clinical workflow as it currently stands. However, accurately determining
LVol from US images remains an incredibly difficult task, with even visual detection of
boundaries presenting a challenge, let alone the automation of such a procedure.

In contrast, the appearance of the liver in MRI (when the correct settings are used)
is a manageable problem. Unfortunately, MRI is often reserved for cases where the fetus
is already expected to be in poor health, and malnutrition may be a less pressing issue.
In order to make liver segmentation useful in clinical practice, it is essential that it can
be performed in US.

To make the imaging of the liver in US a useful tool, it is essential that a set of protocols
are established to ensure that the volumes obtained are suitable for boundary extraction.
This may, however, limit the range of ages at which the scan can be performed, as
increased size and bone density can result in severe attenuation of the signal over sections
of the torso. Alternatively, it could be that further technological advances improving the

quality of fetal US imaging is required before accurate liver segmentation will be viable.

7.3 FETAL FACE ANALYSIS

A further modification of Live Wire has been developed in Chapter 6, specifically

designed to obtain 2D profiles and 3D surfaces from US images of the fetal face, utilising
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Figure 7.1: Ezample of the facial surface at the fetal stage and in early childhood for the same
subject. From left to right; at 28 weeks GA, 1 month and 1 year

FA and LO to guide the contour. This has been referred to as FA-O Live Wire. Further
to this, the existing concept of subdivision surfaces has been applied to this particular
problem in order to form a parameterised model by which faces can be compared. Finally,
a method and workflow for obtaining quantifiable metrics to describe fetal face shape is
presented, with the objective of identifying fetuses with physical signs of FAS.

The eventual goal of this research is to be able to track facial surfaces from early
gestation to early childhood, and perhaps even to later in life, building a full model of
facial development for various genetic conditions. Figure 7.1 shows an example of one
of the facial subdivision surfaces obtained through the method described in this thesis
compared to corresponding one month and one year 3D photographic images (provided

by Peter Hammond).

7.3.1 2D PROFILE SEGMENTATION AND MODELLING

A method for obtaining profiles and processing them appropriately to form a shape
model of the fetal profile has been outlined in this thesis. The model has been shown to

be sensitive to small variations in appearance but it has not been possible to assess the
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accuracy of classification.

Although the fully-automated version of this method was found to be very successful
in obtaining the correct contour, it was occasionally unable to find the correct end-points
of the fetal face, resulting in an incomplete facial profile. However, a semi-automated
version of the method, requiring minimal user input, was found to overcome this issue.

This accurate segmentation process has allowed for the creation of a well-defined shape
model. As the alcohol exposure of the fetuses have not been available for these examples,
it has not been possible to establish how accurately classification can be conducted on
the shape descriptors.

The biggest consideration in obtaining a successful profile is the plane at which the
initial image is taken. Only a small deviation from the central line would completely alter
the shape of the segmented contour and therefore alter the values obtained to characterise
shape. It is important to note that the abnormal appearance of the philtrum is a key
feature in diagnosing FAS from profile images; while a normal philtrum is concave in the
centre of the face, it will appear flat if the acquired slice is a few millimeters either side.
Additionally, the shape of the nose will be greatly affected by such variation.

As a result, the fetal profile may need to be obtained as part of a larger, full-surface
segmentation, which would be able to more accurately determine where the central plane

of the face lies.

7.3.2 3D SURFACE SEGMENTATION AND MODELLING

An extension of the profile shape model has been conducted in the form of the full-
facial surface model. In this case, profiles are used as the initialisation for a 3D surface
segmentation, to which a mesh is fitted. The control points which define the dense surface
of this mesh can then be used as the inputs for a shape model. Investigations have shown
a very high level of accuracy compared to slice-by-slice semi-automated segmentation of
the surface, and that the mesh fitting is robust to errors both in the initial segmentation

and the landmark positioning used to initialise the mesh.
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Potential obstacles to a clinically useful segmentation include fetal face expressions
and deformation due to the face being pressed against limbs or the wall of the uterus.
This means that even if a perfect segmentation of the fetal face is obtained, it may not
be suitable to characterise the shape of the face. Ideally, images should be acquired with
this in mind, avoiding such problems where possible. However, it takes time to acquire
a full US volume and it may not be obvious as to whether the fetus is, for example,
showing a particular expression from the views available on the clinical machine being
used. A problem compounding this is that there is generally very little way of controlling
the fetus’s position or expression beyond sedation, which in itself may be too extreme for
a standard observation.

Since a model can only capture the range of variation included in the training set,
increasing the data set may allow for diagnosis under these conditions. Including examples
of the fetal face subject to different expressions will allow the model to capture these
standard facial deformations. The regions of the face that are associated with FAS
diagnosis may still be visible with such expressions; the width of the palpberal fissure
may still be apparent for a range of expressions, although its shape may change, while
the shape of the philtrim may change with mouth movements but still be flatter in cases
of FAS. Similarly, this may help to identify the forms of facial distortion associated with
the fetal face being pressed against other structures. Exactly how the main features of
FAS are affected by facial distortion and expression requires further investigation.

A potential modification to the model could be to allow for greater flexibility on
certain regions of the face. For example, it is possible to make the assumption that while
regions such as the cheeks (mostly soft tissue) may be highly subject to deformation, the
forehead, which will have much less soft tissue, will be far less susceptible. This means
that it is possible to identify regions of uncertainty on the facial mesh based on estimates
of local tissue rigidity, and therefore mitigate errors caused by deformation of the face in
utero.

Future work required to properly establish whether it is possible to accurately diagnose
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FAS in utero would be to apply the methods described in this thesis to a far larger set
of facial US images. This could then be used to define the exact shape-model values
expected for facial variation exhibiting the key FAS features. It is possible that the most
practical way to use this as a diagnostic tool would be to focus on a narrow band of
GAs and ensure that all measurements are taken at this time. Alternatively, a more
data-intensive method would be to produce a number of models for different stages of

gestation.

A COMPOSITE APPROACH

Since the 3D segmentation tool has been so successful in obtaining full facial surfaces,
this may make the 2D model obsolete, since it will not suffer from the same problem
of sensitivity to deviation. The 2D profile may, however, have the advantage that it is
less sensitive to facial expression, with the only main variation in shape caused by fetal
movement due to whether the mouth is open or closed. In this respect, the 2D profile
shape could be used as a back-up measure to the 3D surface, allowing for a ‘second
opinion’ in cases where the facial surface is distorted by facial expression or if it is being
pressed against.

Alternatively, the full facial shape model could be defined by both profile and surface
measures. An additional advantage of developing a composite method is that the meshing

process allows for the appropriate slice to be obtained for the facial profile very accurately.

DIRECT MESH MEASUREMENT

An alternative method for assessing whether or not a fetal face is exhibiting the signs of
dysmorphism associated with FAS has also been proposed. This involves taking direct
measurements from the mesh control points since, assuming the initialisation landmarks
have been placed accurately, these should all have comparable locations on the facial

surface between examples.
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Further investigations could involve comparing the results obtained from taking bio-
metric measures directly from the fetal face surface mesh to the measures taken manually
by clinicians (either taken on the corresponding segmented facial surfaces or physically
measured on the neonates). This could potentially reduce the variation in diagnosis and
provide more accurate, automated means of measuring standard facial biometry for the

diagnosis of FAS.

EXPANDING THE MODEL

A final avenue for the expansion of this project would be to collect data from fetuses
affected by other conditions which express themselves in the form of fetal dysmorphism.
Since there is some overlap between the features observed in different conditions, it will
be important to establish whether these can be accurately separated.

However, a major drawback of conducting this form of study is that it would likely
require a very large amount of data with corresponding, accurate diagnosis. This could
be difficult to obtain since currently, many of these conditions cannot be reliably detected

before birth.

7.3.3 ESTABLISHING A PROTOCOL

One of the important issues to address in order to ensure the reliable acquisition
of fetal face surfaces is that images are obtained in a standardised way. In contrast
to INTERGROWTH-21%" and INTERBIO-21%, the images used for the facial analysis
study were not taken with any specific requirements. This has meant that the selection
of images used may not have been an optimal set of examples from which to form an
accurate facial model. Although accurate 3D surface segmentations have been possible,
as boundaries tend to be well defined, a diagnostic model will require a greater degree
of uniformity. The following should be considered when acquiring a data set for the

purposes of creating a model for fetal face shape;

e The central slice of the 3D image should correspond to the centre of the face. The
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corpus callosum, a structure located between the two hemispheres of the brain, may

be an appropriate landmark for selecting the central slice.

e Ideally, an image in which the fetus is exhibiting a neutral expression would be de-
sirable, although this may be difficult to recognise from the standard views available
during acquisition. At the very least, the mouth should be closed. While this is far
simpler to identify, there are no corrective measures the clinician could practically

take other than waiting and taking the volume again.

e Where possible, acquisitions which are symmetrical about the profile should be
obtained. Additionally, the face should be perpendicular to the angle of the probe,
since volumes obtained with one side of the face closer to the probe than the other

may suffer from attenuation and result in a misleading, asymmetrical segmentation.

Through gestation, the ratio of feature size to speckle size varies, meaning that filters
used for FA calculation may need to be altered with GA. Speckle size is defined by the
tissue scatterer density and US probe settings. Ideally, settings could be chosen such that
speckle size is an approximately known quantity, allowing for finely tuned filter scales.
However, as US probes from varying manufacturers and with different properties are used
in different healthcare centres, it may be inappropriate to enforce a set of standard probe
settings. Additionally, factors such as maternal adipose tissue may result in varied image
quality in real life applications of these methods.

As a result, the method needs to be made more robust to varying speckle-to-feature
ratios. This could be done by detecting speckle size and adjusting the filter scale, or
finding a suitable relationship between GA and filter scale and applying different filters
to different fetuses accordingly. Alternatively, a method such as NL means could be used
as a first-pass to reduce the impact of speckle, although appropriate parameters for this

filter may themselves be subject to probe settings or GA.
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7.4 FINAL REMARKS

To summarise the findings of this thesis, a number of tools have been presented in
order to facilitate the assessment of fetal health via biometric measurement. These efforts
have focused around the adaptation of interactive segmentation methods, which give the
user direct, intuitive control over where the boundaries of the object they wish to segment
lie.

It is hoped that the tools outlined here can facilitate investigations into the use of
more accurate measures of fetal health assessment, using a more suitable roster of fetal

biometrics to determine nutritional development.
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CHAPTER A

ABBREVIATIONS AND MEDICAL TERMS

e AAM: Active Appearance Model
e AC: Abdominal Circumference

e AGA: Appropriate for Gestational
Age

e APAD: Antero-Posterior Abdominal
Diameter (longest dimension of ab-

domen)
e ASM: Active Shape Model

e ASP Live Wire: Automated Seed

Point Live Wire
e AVol: Fractional Arm Volume
e %BF: Percentage Body Fat

e BPD: Biparietal Diameter (widest

dimension of skull diameter)
e DoG: Difference of Gaussians

e DSM: Dense Shape/Surface Model
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EFW: Estimated Fetal Weight

FA: Feature Asymmetry

FAS: Fetal Alcohol Syndrome

FA-S Live Wire: Feature Asymme-

try and Shape guided Live Wire

FASP: Fetal Anomaly Screening Pro-

gramme

FC: Fuzzy Connectedness

FGR: Fetal Growth Restriction

FL: Femur Length

FS: Feature Symmetry

GA: Gestational Age

HC: Head Circumference

HELLP syndrome: Potential com-

plication of preeclampsia charac-



terised by Hemolysis, Elevated Liver

enzymes and Low Platelet count

ISUOG: International Society of Ul-

trasound in Obstetrics and Gynecol-

ogy

TUGR: Intra Uterine Growth Re-

striction

IVUS: Intravascular Ultrasound

LBP: Local Binary Pattern

LE: Local Energy

LO: Local Orientation

LP: Local Phase

LVol: Liver Volume

Microcephaly: Abnormally small

head circumference

MRI: Magnetic Resonance Imaging
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N-cuts: Normalized Cuts

OFD: Occipito-Frontal Diameter

(longest dimension of skull diameter)

Preeclampsia: High blood pressure

during pregnancy

RF: Radio Frequency

ROC: Receiver Operating Character-

istic
SGA: Small for gestational age
SNR: Signal to Noise Ratio

TAD: Transverse abdominal diame-

ter (widest dimension of abdomen)

TVol: Fractional Thigh Volume

(also, Fractional Limb Volume)
UGR: Uterine Growth Restriction

US: Ultrasound



CHAPTER B

SUBDIVISION SURFACES

B.1 Loopr SUBDIVISION

Loop subdivision is a method for subdivision based solely on triangular meshes [104].
New vertices are created from old vertices and the mid points of edges, their positions
weighted by neighbouring points [104]. Suzuki et al. describe this as a process of simply
“splitting and positioning” [180].

Figure B.1 shows how a new face is constructed using the Loop subdivision method
from an existing face and its surrounding neighbourhood (shown in Figure B.1la). The
new set of vertices used to define the new surface faces are obtained using the old vertices
in addition to vertices created by splitting edges in half. This set of new vertices are
repositioned based on a neighbourhood of old vertices. Those propagated from previous
vertex positions are repositioned based on the connected vertices of the old mesh, as

shown in Figure B.1b. Loop weights the influences of these vertices as:

D 3
Vnew = _‘/o N2 B.1
Vo + @ (B.1)

where V4 and V,,.,, are the old and new vertex positions respectively and () is the average
of the adjoining vertices [104|. Points created from edges are repositioned based on the
location of the vertices which make up the two triangles lying on the edge in the old

mesh, as shown in Figures B.1c and B.1d. Loop weights the influences of these vertices
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(a) (b) (c) (d)

Figure B.1: The steps involved in creating a new surface face following the Loop scheme of
subdivision

(a) (b) (c)

Figure B.2: The vertex neighbourhoods required for successive subdivision iterations

S N

(a) (b) (c) (d)

Figure B.3: (a)-(c) Loop subdivision for an irreqular surface mesh. A schematic of an infinite
set of triangles which could be used to represent subdivision is shown in (d).
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as.

3 1
Vaew = -A+ -0 B.2
At (B.2)

where O and A are the averages of the opposite and adjacent vertices respectively [104].
By this process, each existing mesh face is refined into four new faces at each iteration.

In order to use subdivision meshes to describe an existing surface, in this case a surface
created from the segmentation of the fetal face, the coarse mesh must be positioned such
that the smooth subdivision surface best fits the segmentation data. Of course, this may
be a difficult process if the underlying surface can only be obtained through successive
subdivision of the coarse mesh after each modification of the mesh to fit the data. Stam
presents a method for finding the outcome of Catmull-Clark subdivision without actually
going through the process of multiple iterations of division, but instead expresses all
subdivision surfaces for a given mesh in terms of a set of eigenbasis functions [173]. Stam
later presented a method for evaluating the Loop subdivision surface from a coarse mesh
following a similar logic [174].

Recall from Figure B.1 how a new Loop subdivision space is constructed from a
neighbourhood of existing verticies. In order to fully define a face on a regular section of
a triangular mesh, Stam points out that a neighbourhood of 12 vertices will be required,
as shown in Figure B.2a [174]. Figure B.2b and Figure B.2¢ show how this process is
repeated for the second and third Loop subdivision. However, as seen in Figure B.3a, it
is possible for irregular cases to exist. This can be defined by an infinite set of triangles,
the shape of which can be described by a set of principle modes of variation, i.e. an
eigenbasis function [174].

It is this method that Stebbing has utilised for the calculation of Loop subdivision
surfaces, allowing for surface points to be expressed explicitly in terms of the coarse mesh

vertices [175].
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