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Abstract

The first trimester fetal ultrasound scan is important to confirm fetal viability, to estimate
the gestational age of the fetus and to detect any fetal anomalies early in pregnancy.
In particular, there is growing recent clinical interest in shifting aspects of fetal health
screening typically performed at the 18-22 week fetal ultrasound scan to the first trimester
ultrasound scan for the benefit of the health of the mother and fetus and potentially to
reduce cost within healthcare systems if pregnancy problems are picked up early. Ideally,
this assessment would be based on 3D ultrasound, given the object of interest (the fetus)
fits within a typical transducer field-of-view at this gestational age. The challenge then
becomes one of diagnostic plane finding in a volume.

In this thesis, we study, to our knowledge for the first time, how to automate the
analysis of first trimester 3D fetal volume screening scans for the purpose of performing
a basic fetal health assessment. The developed methods have been integrated into a
software application with an interactive user interface to provide clinicians with a fully
automatic tool for first trimester scan assessment.

Specifically, this thesis first develops a deep learning algorithms called Fully Convo-
lutional Network-based (FCN) approach for the localization of the whole fetus within a
3D volumetric ultrasound scan. A comparison of the developed approach is presented
with a recently published hand-crafted machine learning approach. The proposed FCN-
based algorithm was found to have a higher localization accuracy of the whole fetus
(Intersection over Union (IoU) of 0.84 compared to 0.74 using Random Forests).

Next, a multi-task FCN network architecture was designed to perform both sagittal
plane extraction and the segmentation into head, body and the legs. This achieved 98.9%
classification accuracy and better segmentation accuracy compared to a single-task FCN
network (89.4% compared to 85.8%). Based on the localization and the segmentation
result, we were able to focus attention on the fetal parts in the axial view and by using
another FCN-based approach, we achieved a segmentation accuracy of 95.0% and 96.3%
for the brain and abdomen, respectively.

Based on the whole fetus segmentation result, the biometric plane for the brain
and abdomen can be extracted including the correction of orientation misalignment.
Having both the segmentation and corrected orientation, automatic plane extraction,
object orientation estimation and measurement can be performed. Automatic analysis
is shown to give similar results to manual assessment.



Finally, automatic limb assessment is considered. This is the most challenging part of
our research due to the variability in position and appearance of the objects of interest
and has not been attempted before. Again, an FCN-based solution is proposed. The
developed network architecture has a segmentation accuracy of 72.3%, 76.5%, 81.8%
and 82.3% for left and right arms, and left and right legs, respectively and detection rate
of 0.65, 0.50, 0.55 and 0.35 for left and right arms, and left and right legs, respectively.
Our results are promising but suggest further technical research needs to be done on
this topic before clinical utility can be explored.
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1
Introduction

1.1 Motivation

Obstetrics is the medical specialty that deals with pregnancy and childbirth. Since

ultrasound has been introduced for screening fetal anomalies in the late 1970s in the

UK [1], medical imaging has become a key component of pregnancy care because of

its ability to visualize the fetus inside a mother to screen for abnormalities and to check

healthy fetal growth. Fetal growth can be affected by many factors such as nutrition,

smoking, genetic factors and even the social enviornment [2]. Because of these factors, it

is important to monitor the fetus during a pregnancy. This is especially important during

early fetal development. In the first trimester, the miscarriage rate is higher than for later

trimesters [3]. Miscarriage rate is over 20% in early pregnancy compared to less than 10%

in later pregnancy [4]. This is also the stage when a clinician will confirm fetal viability

and begin to monitor fetal growth rate [5]. To do this, clinicians use ultrasound imaging

to visualize anatomical planes for anatomical assessment and biometric measurements.

However, the quality of ultrasound decision-making is heavily dependent on sonographer

skill. To reduce this dependency, there is active current interest in medical image analysis

research aimed at developing tools to assist human decision-making.

The main goal of this thesis is to research the development of new automated image

analysis tools to assist first trimester fetal assessment from 3D ultrasound. This includes

1



1. Introduction 2

the visualization of the fetal anatomy such as the head, abdomen and limbs, and based

on the visualized fetal parts, to perform automated biometry. Due to the recent success

of the deep learning methods in both computer vision and medical imaging, this thesis

investigates FCN-based approaches for the fetal assessment based on the 3D fetal volume.

1.2 Contribution

The main contributions of this thesis are four fold. Specifically, we present,

1. The first study to propose a FCN-based approach to perform the automated

segmentation of the whole fetus into three classes (the head, the body and the

legs) within a 3D first trimester ultrasound volume. This is challenging because the

boundary between the back of the fetus and non-fetal tissue is not clear, and the

fetus might be small compared to the non-fetal parts.

2. The first attempt to automatically correct for orientation misalignment to improve

the quality of the head and abdomen images for better automatic anatomical

assessment and biometry measurements.

3. The first attempt at automatic fetal limb assessment from a 3D ultrasound volume.

4. The algorithms for each fetal assessments are integrated into a software system for

first trimester fetal biometry (Figure 1.1).

Validation is used in each case to support the proposed solution.

1.3 Thesis outline

The thesis is organized as follows: Chapter 1 explains the motivation for the research

and summarizing the contribution of the thesis. Chapter 2 reviews relevant clinical and

technical literature. Chapter 3 describes the automatic localization of the whole fetus

using a two stage machine learning method as a pre-processing step for the subsequent

analysis. Chapter 4 describes how a Convolutional Neural Network (CNN) architecture

labels each slices into one of three classes: fetal head, torso and non-fetal parts. Based
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Figure 1.1: Integrated software interface to provide the clinicians the automatic first trimester
fetal biometry.

on the classification result, the best plane for the head and for the abdomen is extracted

using regression. Chapter 5 first explains how a FCN-based approach is applied to do the

same tasks as Chapter 3 and 4 with faster computation and improved localization. Then

using the similar algorithms, fetal biometric assessment for the head, abdomen and limbs

is achieved with automatic orientation correction of biometry planes. The developed

methods have been integrated into a software user interface (see Figure 1.1). Finally,

Chapter 6 summarizes the contributions of this thesis and discusses possible future work.

1.4 Publications to-date

Related to Chapter 3 and 4:

Ryou, H., Yaqub, M., Cavallaro, A., Roseman, F., Papageorghiou, A, Noble, J.

A., "Automated 3D Ultrasound Biometry Planes Extraction for First Trimester Fe-

tal Assessment," International Workshop on Machine Learning in Medical Imaging,

pp. 196-204, 2016.



2
Literature Review

This chapter reviews relevant clinical and technical literature. Specifically, Section 2.1

provides an overview of ultrasound imaging. Section 2.2 describes the first trimester

ultrasound scan. Section 2.3 overviews relevant machine learning methods in the computer

vision literature and how these techniques have been applied in the medial imaging.

Conclusions are presented in Section 2.4.

2.1 Ultrasound Imaging

2.1.1 Overview of Ultrasound Imaging

Ultrasound has been used as an imaging modality for over 40 years. It has the advantage of

being non-invasive and is commonly used in diagnosing a number of medical conditions,

including heart disease [6], [7] and breast cancer [8], [9], [10]. The use of ultrasound

imaging in fetal health assessment was one of the early applications [11], [5], [1], [12]

and this method is used routinely to visualize different fetal structures such as brain, heart

, abdomen, kidneys and spine [11], [5]. Ultrasound can also be used in image-guided

interventions such as neurosurgery [13], [14].

To date, 2D ultrasound has been used as the standard method for performing routine

clinical scans in the hospital setting. The fundamental mechanism of ultrasound image

formation is the pulse-echo. Pulse-echo is a diagnostic technique in which short-duration

4



2. Literature Review 5

ultrasound pulses are transmitted into the structures, and echo signals resulting from

scattering and reflection are detected and displayed [15], [16].

Advantages over other imaging modalities as fetal assessment

Ultrasound has several important advantages over other imaging modalities such as CT

and X-ray, especially in obstetrics. Firstly, ultrasound scanning has a relatively low cost

in terms of both equipment price and service running which is an important consideration

for any clinical screening unit. It can also be done in real-time and it is portable. The most

important advantage is its safety. Unlike X-ray or CT, ultrasound does not use any ionising

radiation which might cause high risk to both mother and fetus. MRI, on the other hand,

use electromagnatic (EM) radiation, which is not ionising radiation. It is also emerging as

another fetal imaging modality, especially for fetal central nervous system, due to its high

tissue resolution and wide field of view [17], [18], [19], [20]. Although MRI is rising

as a potential fetal imaging modality, fetal MRI has higher running cost, and standards

do not exist for fetal MRI in terms of standardised views and protocols for detection

and evaluation of fetal anomalies [18], [21]. Also, MRI still has not been approved for

use in the first trimester because there are concerns about potential disturbance on fetal

development due to magnetic field exposure [18], [22], and does not usually provide

information additional to that obtained on ultrasound examination [23].

Disadvantages of 2D ultrasound

Although ultrasound has shown good and potential application in the medical fields,

ultrasound has some well-documented limitations relative to other imaging modalities.

Ultrasound suffers from various artefacts caused by various factors such as the wavelength

reflection and refraction [24], [25], [26]. Reflection happens when the ultrasound wave

passes from one tissue to another with different acoustic impedances and a fraction

of the wave bounces back. The wave always reflect in such a way that the angle at

which they approach the surface equals the angle at which they reflect off the surface.

Refraction means the direction of the sound is changed because the speed of the sound is

different in different media [27]. Acoustic shadowing, for example, is one of the most
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(a) (b)

Figure 2.1: The example of ultrasound artefacts: a) acoustic shadowing and b) mirroring artefact.
(a) shows the acoustic shadowing where the left shadow is caused by the nasal bone. (b) shows
that a duplicate of yolk sac (red arrow) appeared adjacent to the actual yolk sac (blue arrow). (b)
is obtained from Figure 6 of the work by [25]

common artefacts in 2D ultrasound. Acoustic shadowing is caused by a strong reflector

(where there is a significant difference in acoustic impedance between neighbouring

tissue layers) that blocks the visualization of the behind object [28]. An example of

acoustic shadowing is shown in Figure 2.1 (a).

As shown in Figure 2.1 (a), acoustic shadowing is present behind the bones since

the ultrasound waves cannot penetrate structures. This affects the visualization of the

certain fetal anatomies because some internal organs might be missing due to the acoustic

shadowing which makes the image quality worse. Another example is mirror artefact

which produces duplicates of structures or wider structures in the image. The mirror

artefact is due to the misregistration caused by the path of the ultrasound pulses changing

direction due to either refraction or reflection [25], [29]. Because of this, the same

structure appears at incorrect location along with the structure at the correct location

as shown in Figure 2.1 (b) that a duplicate of yolk sac appeared adjacent to the actual

yolk sac. In this particular case, the transducer received both echoes from the direct

and changed path, and therefore displayed two same structures in the image. The

reflection and refraction affect image appearance, hence might lead to misdiagnosis such

as abnormalities or over-estimation in the measurement.

Moreover, ultrasound image quality is heavily dependent on the skill of the person (the

sonographer) performing the scan. Highly skilled sonographers are in great demand. The
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physicians who perform and interpret diagnostic examinations, for example, are required

to perform over 300 examinations and have at least 3 years of experience according to

the American College of Radiology [30]. Even when a sonographer is trained to a high

level, there can be significant inter- and intra-observer acquisition variability [31] [32].

Dudley et al. [33] also mentions that ultrasound image quality is one of the main reasons

for intra- and inter-observer variability (coefficient of variation in the range 2-3% [34],

[35]) in measurement because the same scan of specific anatomical structures itself can

have variance between different sonographers. This variability could potentially lead to a

different diagnosis depending on the sonographers and because accurate measurement is

especially important in fetal screening. This might yield a problem for gestational age

estimation or measurement of fetal growth. Furthermore, the fetal anatomy or orientation

may restrict the imaging angle that lead to the inaccessibility of the good 2D image

plane necessary for diagnosis [36], [37], [38]. 3D ultrasound imaging generates a 3D

representation of structures to overcome the limitation of 2D ultrasound.

2.1.2 3D ultrasound
Types of acquisition

There are three common ways of 3D ultrasound acquisition: the mechanical 3D ultrasound

scanning device, the free-hand scanning and the 3D ultrasound scanning using 2D arrays

[36], [37], [38], [39], [40]. Mechanical 3D ultrasound system uses motorized mechanisms

to translate, tilt or rotate a 2D ultrasound transducer with a linear/1D transducer array,

and then a computer acquires the series of 2D ultrasound images. Using predefined

relative locations and orientations, the acquired 2D ultrasound images are then used to

reconstruct 3D images without missing regions. However, the clinicians/sonographers are

required to hold the relatively heavy mechanical probes stationary while acquiring images,

which might lead to errors for the data acquisition [40]. Also, the transducer might needs

particular mechanical motor to be used [40], which is specialised equipment. The second

type of acquisition is the free-hand scanning system with no tracking. The operator

holds an assembly composed of the transducer and manipulates it over the anatomy. 2D

images are then digitized as the transducer is moved with appropriate speed. Although
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the free-hand acquisition offers flexibility and does not require mechanical motors, there

can be distortions in the data due to the probe-pressure variation and there is no guarantee

that the there are no significant gaps between the images [39]. Both mechanical and

free-hand 3D ultrasound systems generate a 3D ultrasound image as the transducer is

moved to sweep out the anatomy, but both of these approaches limit the speed of volume

acquisition [40]. To overcome these, the transducer with 2D arrays generating 3D images

have been developed. The elements of 2D array transducer generate a diverging beam in

pyramid shape and returned echoes detected by 2D arrays are processed to integrate 3D

images in real-time. The advantages of this approach are that the transducers can remain

stationary while being used to scan, and it is capable of 3D visualization of dynamic

structures [38], [40]. However, this type of acquisition requires relatively high cost of

the 2D transducer compared to other types of acquisition [37], [40].

The 3D ultrasound is typically displayed using the following techniques: surface-

and volume rendering [41], [42] and multiplanar reformatting [43], [44], [45]. Surface

rendering is the technique to display surfaces of the organs [41] and volume rendering

presents a display of the entire 3D image [42]. Multiplanar reformatting provides the

viewer with planar cross-sectional images extracted from the 3D image [43]. In this

thesis, orthogonal-plane approach, one of the multiplanar reformatting technique, has

been used in open source applications called ITK-SNAP [46] and MITK [47] as the

display technique. Orthogonal planes are displayed together with three dimensional cues

such as lines on each extracted plane as shown in Figure 2.2. The operator can then

select and extract any planes, and move them within the 3D volume to provide the cross-

sectional view at any desired location and orientation that resembles a 2D ultrasound

images which is already familiar to the clinicians [48], [49].

Advantages and limitations of 3D ultrasound

The biggest advantage of 3D scanning is that it is possible to visualize the anatomical

views that are very difficult to be viewed with 2D scanning [38], [39], [40]. Because of

this, the typical application of 3D ultrasound is to view and diagnose the fetal parts such as

the face and the limbs which can be difficult to view in 2D. For example, it has been found
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Figure 2.2: The example of orthogonal plane display, one of the multiplanar reformatting
techniques.

that cleft palate can be seen more clearly in 3D than in 2D scan [50]. 3D ultrasound can

also be applied to assist the diagnosis in rib abnormalities and abnormal spine curvature

[51]. Acar et al. [52] also reported that utilizing 3D ultrasound allows to examine the fetal

heart in real time. Dyson et al. [53] showed that using 3D ultrasound images provided

additional information in 51 % of the anomalies when compared with 2D ultrasound alone.

Michailidis et al. [54] reported that 3D ultrasound is a more effective and faster way to

identify fetal gender. Other than fetal imaging, 3D ultrasound is used in cardiology [55],

musculoskeletal tissue [56], [57], vascular imaging [58], [59] and surgical guidance [60],

[61]. In cardiology, for example, the real-time 3D echocardiography is used to visualize

the anatomy of the cardiac chambers entirely and to measure left ventricular volume and

dynamic changes of chamber volume to diagnose congenital heart disease [55]. Also,

3D ultrasound can contribute to reduce the operator dependence in the scanning process.

2D ultrasound requires the clinician sweep the probe across the anatomy of interest

while visualizing the anatomy from multiple images. 3D, however, requires only a single

volume. After the acquisition of the volume, the anatomy can be visualized from the slices

extracted from the volume at any angle, which enables better visualization of anatomy,

and a variety of measurements can be taken from it [43], [38]. Finding good planes and

acquiring good images are also possible with 2D acquisition, but it is not as reproducible

because of high dependencies on sonographer [43]. Furthermore, 3D ultrasound provides

more accurate and repeatable way of evaluating anatomic structures and it is more suitable
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for monitoring the progression of a disease [38]. For these reason, 3D fetal ultrasound

scan offers some interesting potential opportunities over 2D scanning.

However, 3D ultrasound has limitations. 3D ultrasound is prone to the same types

of artefacts as 2D [24]. For example, acoustic shadowing in 3D ultrasound can present

in a variety of ways because 3D ultrasound can display the image planes in orientation

different from the original acquisition orientation [62], [24]. There are also artefacts that

are specific to 3D ultrasound [24]. Unlike 2D ultrasound, 3D suffers from the motion

effects. The fetal movement or any involuntary movements such as cardiac motion can

lead to the poor visualization of the anatomy of interest [24]. Another artefact is caused by

the signal attenuation for the structures away from ultrasound probe because of existence

of obscuring structures nearer the probe e.g., bone [63].

2.2 Ultrasound first trimester scan

Human fetal gestation usually takes about 40 weeks and it is divided into 3 trimesters.

Second trimester ultrasound scanning, which, in the UK, is typically performed between

18 and 22 weeks, is considered the optimal time window to obtain required views and to

define normality [1], [11]. However, miscarriage mostly happens at the first trimester and

this questions whether more research should be done to assess the pregnancy risk in this

trimester. Also, there is growing recent clinical interest in shifting aspects of fetal health

screening typically performed at the 18-22 week fetal ultrasound scan to the first trimester

scan for the benefit of the health of the mother and fetus and potentially to reduce cost on

healthcare systems if pregnancy problems are picked up early. Saltvedt et al. [64], for

example, concluded that there was not significant difference between 12 and 18 week

scan groups in the detection rate of fetuses with a major abnormality. Rossi and Prefumo

also reported that about half of all structural malformations can be diagnosed at 11-13

week gestation [65].

The first trimester covers to week twelve, with the first trimester screening recommended

between 11 and 14 weeks [5], [12]. The first trimester ultrasound scan is recommended

in several clinical standards. However, there are other clinical tests to assist diagnosis.

Maternal serum screening, which checks levels of pregnancy-associated hormone and
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Figure 2.3: Suggested model/pyramid from [72]. In the past (left pyramid), the women had to
take the first ultrasound scan at 16 weeks (second trimester), then at 24 and 28 weeks, fortnightly
until 36 weeks, then weekly until delivery. Unlike the prenatal care from the past (left), the
majority of women will be required to have an the ultrasound scan in the first trimester to be
classified as low-risk or high-risk since most major aneuploidies can be identified at this trimester.
Due to this, after the first trimester, In the low-risk group, one visit at around 20 weeks will
re-evaluate the fetal anatomy and growth, and reassess risk for complications. Then at 37 weeks,
another visit will assess fetal health and determine the best time and method of delivery and will
be repeated at 41 weeks. For the high-risk group, the specialist care will be performed and then
re-assess whether the fetus remains high-risk or low-risk in which case the intensity of their care
can be reduced (The figure is obtained from Figure 1 of the work by Nicolaides [72].)

protein from the maternal blood, is performed with nuchal translucency measurement

from the ultrasound scan to diagnose chromosomal abnormalities such as trisomy-21 [66],

[67]. Spencer et al. [67] reported that the rate of detection of chromosomal abnormalities

using both maternal serum screening and nuchal translucency measurement achieved

90% for 5% false positive rate which is far superior to the average 65% achievable by

second trimester biochemical screening. Sequencing fetal DNA from the maternal blood

[68] or retrieval of trophoblast cells [69] can also assist ultrasound scan to idnetify fetal

aneuploidies. Other tests such as listening to fetal hearbeat via an external monitor placed

on the outside of the abdomen are also performed. Early amniocentesis or chronic villus

sampling [70], which a needle is inserted through the mother’s abdominal wall to extract

amniotic fluid to check the cells to diagnose chromosomal abnormalities, is also possible,

but may have a higher risk of fetal injury [71]. The techniques involved in the prenatal

tests, including ultrasound, are still in development to be able to do more and accurate

prenetal diagnosis, especially in the first trimester.
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Why first trimester scan?

As shown in Figure 2.3, Nicolaides [72] encouraged the new model/pyramid of prenatal

care and argues that in the past (left pyramid in Figure 2.3), the first ultrasound scan

had to be taken at 16 weeks (second trimester), then at 24 and 28 weeks, fortnightly

until 36 weeks, then weekly until delivery. However, as the technology develops, many

abnormalities can be detected in the first trimester to classify whether the fetus is at

low-risk or high-risk. In the low-risk group, one visit at around 20 weeks will re-evaluate

the fetal anatomy and growth, and reassess risk for complications. Then at 37 weeks,

another visit will assess fetal health and determine the best time and method of delivery

and will be repeated at 41 weeks. For the high-risk group, the specialist care will be

performed and then re-assess whether the fetus remains high-risk or low-risk in which

case the intensity of their care can be reduced. Therefore, Nicolaides [72] proposed

inverted pyramid as the gestational age increases, the number of medical visits will

be reduced, and due to this, the future research will inevitably expand the number of

conditions that can be identified in early pregnancy and define the biomarkers that can

lead to early identification of high-risk groups and prevent the disorders of pregnancy.

The purpose of the first trimester scan is to accurately establish gestational age, to

confirm viability, to determine fetal number and to detect any gross fetal abnormalities

[5], [73]. In the case of multiple pregnancies, the first trimester scan is also used to assess

the chorionicity [5], [74], which is to check whether each fetus has a separate placenta

with its own outer membane or they share the same placenta and amnioicity, which is

to check the number of inner membranes that surround the fetus. Also, if the fetus is at

a high risk of miscarriage due to the severe structural abnormalities, the first trimester

scan offers the earlier and safer termination of the pregnancy with less economic and

emotional costs [75], [76], [77], [78], [79]. Vintzileos [79], for example, concluded that

the first trimester ultrasound could save society $22 million per year.

The first trimester scan is also used for the early detection of chromosomal de-

fects/genetic syndromes [80], [81], [82], [83]. Nicolaides [83], for example, showed that

the detection rate of Down’s Syndrome and other aneuploidies is 85-90% with a false

positive rate of 5% by the combined screening test including the analysis of the increased
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(a)

(b) (c)

Figure 2.4: The fetal anomalies possible to be visualized in the first trimester. (a) One of the planes
extracted from the automated algorithms developed in this thesis (b) Exencephaly/Anencephaly
(c) Megacystis (The figures (b) and (c) are obtained from Figure 1 and 3 of the work by Kagan et
al. [90].)

thickness of the nuchal translucency measured from ultrasound. Various studies have

shown that the first trimester offers the early diagnosis of non-chromosomal anomalies

such as the skeletal abnormalities, cleft palate and cardiac defects [84], [85], [86], [87],

[88], [89]. For example, from Syngelaki et al. [87], increased nuchal translucency was

found in 35% of the fetuses with major cardiac defects and about 65% of the fetuses

in the first trimester were observed compared to 15% in the second. What is common

in these studies is that the detection rate depends on factors such as the acquisition

protocol and sonographer skill. Also, due to the natural growth of the internal organs,

some abnormalities are impossible to detect in a first trimester ultrasound. However,

these studies also mention that the first trimester ultrasound scan does have potential

for the early detection of key fetal anomalies.

Figure 2.4(a) shows an extracted ultrasound plane for both anatomical assessment

and CRL measurement. Fetal anomalies such as the exencephaly/anencephaly and the
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Figure 2.5: The Crown-Rump Length (CRL) measurement in a fetus in sagittal view.

megacystis can be visualized in the extracted plane as shown in Figure 2.4(a).

2.2.1 First trimester fetal assessment

According to the International Society of Ultrasound in Obstetrics and Gynecology

(ISUOG) guidelines [5], the first trimester scan is used for two purposes: first-trimester

fetal measurement and the assessment of fetal anatomy. Fetal measurements are used

to assess the normality of fetal growth and to estimate the gestational age (GA). The

anatomical assessment is used to check the structural anomalies.

Crown-Rump Length (CRL)

There are a number of fetal biometry measurements performed in the first trimester. One

of the most important measurements is the Crown-Rump Length (CRL). The data used in

this thesis is also based on the CRL criteria which are explained in Appendix A. The CRL

is defined as the length between the endpoints of the crown and rump as shown in Figure

2.5. The CRL measurement is the major biomarker for gestational age prediction and the

assessment of early fetal growth [91], [92], [93], [94]. There have been various studies

for deriving CRL for the estimation of GA based on the population [95]. In this thesis,

the estimation derived from based on the INTERGROWTH-21st data has been used [93],

GA(Days) = 40.9041+3.21585×CRL0.5 +0.348956×CRL. (2.1)
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Anatomical Assessment

Anatomical assessment aims to check whether there are any structural abnormalities in

the fetus based on visual appearance and the presence of internal structures. According to

ISUOG [5], there are number of anatomical areas that make up an anatomical assessment

in the first trimester scan as shown in Table 2.1. However, in current 3D ultrasound, some

Organ/Anatomical Area Present and/or normal?
Present

Cranial bones
Midline falx

Head

Choroid-plexus-filled ventricles

Neck Normal appearance
Nuchal translucency thickness

Chest Symmetrical lung fields
No effusions or masses

Heart Cardiac regular activity
Abdomen Stomach present in left upper quadrant

Abdominal wall Normal cord insertion
No umbilical defects

Extremities/Limbs Four limbs each with three segments
Placenta Size and texture

Table 2.1: Anatomical assessment at 11 to 13+6-week scan based on ISUOG guidelines [5]. This
thesis covers the shaded organs: the head, the abdomen and the limbs

anatomical areas such as the heart and chest are difficult to visualize. In this thesis, three

anatomical areas are considered: the head, the abdomen and the limbs. As shown in

Table 2.1, the diagnostic image of the head needs to have a visualization of key internal

structures: cranial/skull bone, choroid plexus and midline falx. One of the anatomical

landmarks for the brain that clinicians mostly look at is the choroid plexus, which has a

butterfly shape appearance as shown in Figure 2.6 (a). This is one of the most notable

characteristics of the brain and makes it distinguishable from the other fetal structures

for not just clinical studies, but also for automatic pattern recognition. Other landmarks

like the cranial/skull bone which surround the brain are used for growth assessment.

Three fetal head biometric measurements are made: the biparietal diameter (BPD), the

occipitofrontal diameter (OFD) and the head circumference (HC). BPD is obtained by

measuring the widest diameter from the outer borders of the head. OFD is measured
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(a)

(b)

(c)

Figure 2.6: The anatomical assessment in the first trimester. (a) The head/brain image with the
visualization of the internal structures: Cranial/skull bone, choroid plexus (butterly shape) and
midline falx. Based on this image, the HC is measured by either draw the ellipse around the head
and measure the circumference or measure OFD and BPD and obtain HC from the equation 2.2.
(b) The abdomen image with the visualization of the stomach. Similar to HC, AC is measured
either by the circumference of the ellipse around the abdomen or using the equation 2.3 based on
the length of TAD and APAD. (c) The limb image with the visualization of three segments (upper,
lower and hand/foot).
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as the longest diameter from the outer borders of the head. HC is obtained either by

drawing an ellipse around the head and measuring the circumference, or by deriving HC

from the equation based on BPD and OFD measurement,

HC =
π× (BPD+OFD)

2
(2.2)

HC can also be used to estimate the GA, though it has been claimed to be more suitable

for the later trimesters [96]. The abdomen plane is relatively simpler than the head. It only

requires the visualization of the stomach as shown in Figure 2.6 (b). The umbilical vein

can also be visualized, but this is not a required structure for abdomen assessment. Three

abdominal image measurements are typically made: the anterior-posterior diameter

(APAD), the transverse abdominal diameter (TAD) and the abdominal circumference

(AC). APAD is obtained by measuring the widest diameter from the outer borders of

the abdomen. TAD is measured from the line from the outer borders at 90◦ to the

APAD. Similar to the HC measurement, AC can also be measured either by measuring

the circumference of the ellipse surrounding the abdomen or by deriving AC from the

equation based on the APAD and TAD,

AC =
π× (APAD+TAD)

2
(2.3)

Both HC and AC measurements are based on the ISUOG guidelines [11].

As shown in Table 2.1, the only requirement of the limbs is whether they are present with

three segments (upper, lower and hand/foot) as shown in Figure 2.6 (c). However, unlike

the head and abdomen, the limbs can be difficult to visualize due to their unpredictable

pose. The limbs are defined by three segments. Each segment can have a different

orientation which adds to the complexity of visualization. They are also small relative,

not just to the non-fetal parts, but also to the fetus itself.

2.2.2 First trimester scan image analysis

Image analysis in the first trimester is challenging. As mentioned in Section 2.2.1 and 2.2,

ultrasound is heavily dependent on the skill of the sonographer. Also, the obesity of the

mother and the variance in the fetal pose contribute to imaging challenges. Even when the
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correct plane has been found, there are different ways to derive the image measurements.

GA, for example, has different equations derived from the CRL [97], [93]. This is due

to the different population used to regress the equation. As already mentioned before,

the HC and AC can be obtained by using the equation derived from the diameter or by

measuring the circumference of the ellipse drawn around the head/abdomen. Therefore,

biometric measurements can be different depending on the observer and also which

equations/parameters are used.

Compared to the second trimester, the first trimester is challenging due to the small

size of the organs and it can be difficult to visualize fine detail of internal structures. In

the second trimester, internal organs have more distinguishable characteristics that can be

used to inform automatic pattern recognition. In the first trimester, however, the fetus is

smaller and partially grown organs can be more difficult to detect. As already mentioned,

the data taken for this thesis is based on the whole fetus. Unlike the data focused on

specific fetal parts, it is more difficult to visualize the internal structures.

One solution to assist in the interpretation of the first trimester scans would be

to provide an automated way to detect/segment and do the measurements on parts of

the fetus. Some studies based on the second trimester fetus reported the feasibility of

automated analysis motivated by the desire to improve work flow efficiency by reducing

the requirement of the high demand from the sonography practices [98], [99]. To do

this, a number of studies have shown good performance of automated analysis using

machine learning techniques and the next section reviews some of the most successful

approaches to-date.

2.3 Image analysis

This section introduces the relevant literature on automated medical image analysis

based on machine learning methods.

2.3.1 Machine learning in medical image analysis

Machine learning is starting to be widely applied in medical image analysis. Current

recent examples are for the detection and the segmentation of anatomies [100], [101],
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[102], [103], [104], [105], measurements [106] [107], [108], [109] and standardized

plane findings [110], [111], [112]. Some of the early machine learning methods proposed

included Support Vector Machines (SVMs) [113], Adaboost [114] and Random Decision

Forests (RFs) [115], [116]. SVMs is a learning algorithm where the classifier constructs

a hyperplane that has the least generalization error. Maraci et al. [100], for example,

used an SVM classifier based on dense SIFT features [117] with Fisher Vector encoding

[118] to identify the fetal skull, heart and the abdomen from each frame in a second

trimester ultrasound video with the 98.9% mean classification accuracy. Deng et al. [119]

used SVM with histogram of oriented gradients (HOG) features to classify the region of

nuchal translucency from the first trimester scan. Adaboost is a so-called strong classifier

that combines a number of weak classifiers to improve classification performance [114].

In computer vision, Viola and Jones [120] used Adaboost to detect the faces from images

with Haar-features. In medical image analysis, Rahmatullah et al. [101] used an Adaboost

framework to detect the anatomical landmarks of the abdomen such as stomach bubble

and umbilical vein with the detection rate of 82.8% and 72.55%, respectively from the

second and third trimester scan. Namburete et al. [102] used Adaboost combined with

the Nakagami distribution to detect the choroid plexus in second trimester fetal brain

images. RFs were first introduced by Breiman [116] and became popular for classification

and regression problems. Compared to classic decision forests [115], RFs combine a

number of trees in which tree nodes are created in a random manner to reduce over-

fitting. Dollar et al. [121] extended RFs to Structured Random Forests (SRFs.) This

approach considers interdependencies between structures that form the patterns. This

turns out to be a very useful automatic edge detector for the boundary of the fetal parts

as discussed in Chapter 3. Lempitsky et al. [103] used RFs to automatically delineate

the myocardium from the 3D ultrasound of the adult hearts. Yaqub et al. [104], [105]

proposed weighted voting in the RFs framework to put higher weight on the tree that

has higher individual accuracy instead of treating each tree equally. They applied their

weighted voting RFs using their ’feature set’ to detect the local brain structures from 3D

second trimester ultrasound fetal brain images [104] and to do the segmentation of the

fetal femur from 3D ultrasound datasets and the brain structures from MRI adult brain
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images [105]. Compared to second trimester scan, there are less number of studies done

in the first trimester. Since the first trimester, espeically the 3D first trimester scan, is

not the routine scan, it is difficult to have large dataset to train on. In Chapter 3 and 4

will describe how two consecutive RFs (SRFs + RFs classifier) can be used to localize

the whole fetus from the 3D first trimester volumes [122].

2.3.2 Deep learning in medical imaging

Deep learning has enjoyed wide publicity and dramatic uptake of use in academic

literature in the past few years. Here we provide a brief historical review. The idea

of a Convolutional Neural Network (CNN) was first proposed by Fukushima [123] who

designed neural networks called Neocognition with convolutional layers and multiple

poolings. CNN was also applied in medical image analysis by Lo et al. [124] in 1995

for lung nodule detection. In 1998, LeCun et al. [125] proposed the neural network

called LeNet which is considered to be the first successful deep learning on the real-

world application for hand-written digit recognition. However, deep learning did not

receive much attention until 2012, when Krizhevsky et al. [126] proposed CNN called

Alexnet and won the ImageNet challenge [127]. CNN is the deep learning method that

has shown the state-of-art performance over many applications. Since then a particular

attractive feature of deep learning is that it does not require hand-crafted features. The

handcrafted features refer to the properties derived using various algorithms such as scale

invariant feature transform (SIFT) [128] and histogram of oriented gradients (HOG)

[129] using the information present in the image itself. One crucial step required for

handcrafted feature methods is that the humans have to define the features. However,

this step is not explicitly required in deep learning, and instead, the algorithm learns

the features that represent the data. Because of this, adapting a network architecture

to a new problem can be done systematic way. However, deep learning also has some

disadvantages. First, it is computationally expensive to train and more complex models

might require weeks for training on a standard PC. For this reason, powerful Graphic

Processing Unit (GPU) clusters are often used. Second, deep learning requires a large

amount of data. As mentioned earlier, deep learning does not require handcrafted features
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because it learns features from the data directly. However, this also means that it requires

a large amount of data for good performance. This is one of the big challenges for

medical imaging because compared to natural images, a typical data size is much smaller

due to the need for ethical approval and the availability of applicable data because of

scarcity of diseases in a given dataset. This means over-fitting is a major concern. To

overcome data size limitations, data augmentation [130], and Transfer Learning which

initializes the model parameters from the pre-trained models from the huge number of

natural images in computer vision and then fine-tune the network parameters with the

task-related samples [131], [132], [133] are commonly used.

After the success of the Alexnet, many computer vision groups proposed deeper

networks to improve the performance [134], [135]. For instance, Long et al. [136]

proposed Fully Convolutional Networks (FCNs) that outputs pixel-wise predictions and

also combines the predictions from not just the last layer but also that from the lower

layers to improve the segmentation performance. Deep learning has very rapidly become

a standard technique in medical imaging [137], [138], [139]. One notable work is by

Ronneberger et al. [140]. They took the idea of a FCN and proposed the network

architecture called U-net for medical image applications. The overview of the neural

network is explained in the next section and the specific explanation of CNN and FCN

architectures will be explained in Chapter 5.

2.3.3 Brief overview of Neural Networks

In computer vision, a neural network is inspired by how the human brain learns about

the visual world. Biologically, brain processing is done by neurons. A neuron is a unit

of information processing in the brain. When the neuron receives signals from the other

neurons, it processes the data and decides whether it will send the output to other neurons

or not. An Artificial Neural Network (ANN) is the artificial model that processes data

similar to this model of how a biological neuron processes. An example of a neural

network structure is shown in Figure 2.7.

As illustrated in Figure 2.7 (a), the network is composed of a input layer, the hidden

layers, and a output layer. The neuron first receives the input signals by the input
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(a)

(b)

Figure 2.7: Examples of a neural network structure. (a) The input layer has nodes x =
{x1,x2, ...,xk} and receives the data, and sends it to the nodes inside the Mth ∈ {1,m} hidden
layers, h = {h1,h2, ...,hk}, after processing with weights, w = {w1,w2, ...,wkm}, and biases, b.
Repeat this with different w and b = {b1,b2, ...,bm} to output layer, o = {o1,o2, ...,or}, which
outputs the prediction. (b) As an example of how neural network works, simple three layer
network is used as an example.
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layer containing input nodes x = {x1,x2, ...,xk}, which can be the input data or features.

Using these inputs, the hidden layers learn the pattern and then the output layers make

a prediction, for example, if it is a classification task, the output layer predicts the class

that the input belongs to. Between each layer, the weights, w = {w1,w2, ...,wkm}, and

the bias, b = {b1,b2, ...,bm}, are added to the input of each layer. The weight represents

contribution of each node. The bias is added to prevent the subsequent error from the

case when the previous layer neuron responses are zero. As an example of how neural

network works, we consider small network (two nodes for each layer where input layer

has x1 and x2, hidden layer has h1 and h2 where each node has inputs (hin) and outputs

(ho), and output layer has o1 and o2 where they also have input (oin) and outputs (oo))

as shown in Figure 2.7 (b). One of the input of hidden layer, h1, is then:

hin1 = w1x1 +w2x2 +b1 (2.4)

Then the output of the hidden layer, ho1 can be calculated using, for example, a logistic

function,

ho1 =
1

1+ ehin1
(2.5)

Using ho1 as the input to the output layer, similar to the process between input and hidden

layer, the input of the output layer, o1, is then:

oin1 = w5ho1 +w6ho2 +b2 (2.6)

As the output of the output layer, oo1, another logistic function is used,

oo1 =
1

1+ eoin1
(2.7)

which is the prediction result. Other parameters including ho2 and oo2 can be calculated

in a similar way. With this process, the neural network is the combination of the number

of neurons to output the prediction. However, since it is difficult to find out which

input signals are more important for the prediction, a training method based on gradient

descent is applied on the weights by repeating the feedforward and backward propagation.
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Figure 2.8: The backpropagation in the output layer from the output that shows how much w5
affects the loss, Ltotal

Backpropagation

Feedforward is basically doing the prediction using the certain weights and biases that has

been explained previously. Once the network outputs the prediction, this prediction needs

to be compared with the groundtruth to get the error. This is called the loss, and the loss

function is applied. The Squared Error Loss, Ltotal , is used as an example in this section,

Ltotal =
n

∑
i=1

1
2
(Y
′
i −Yi)

2 (2.8)

where L is the loss, n is the number of predictions (classes or regression value), Y
′
i is

the groundtruth, and Yi is the prediction. As equation 2.8 shows, the loss represents how

close the prediction and groundtruth are. Therefore, as the loss gets smaller, the better is

the prediction. As mentioned earlier, to make the loss smaller, finding good weights is

required. To do this, Backpropagation is employed, which is to keep updating the weights

until the loss value reaches the global minimum by finding out how much changes in

weights affect the total loss.

Output layer As shown in Figure 2.8, in the output layer, each loss is affected by

the weights applied to the outputs from the hidden layer. Therefore, finding how much

these weights affect the loss needs to be considered first. For example, ∂Ltotal
∂w5

. ∂Ltotal
∂w5

can be calculated by applying the chain rule since the weights affect the loss indirectly.

By applying the chain rule, ∂Ltotal
∂w5

is

∂Ltotal

∂w5
=

∂Ltotal

∂oo1
× ∂oo1

∂oin1

× ∂oin1

∂w5
(2.9)
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Figure 2.9: The backpropagation in the hidden layer from the output that shows how much w1
affects the loss, Ltotal . Note that the backpropagation in the hidden layer needs to compute the
multiple outputs.

After calculating ∂Ltotal
∂w5

, the current weight is updated by subtracting ∂Ltotal
∂w5

multiplied

by the learning rate η , which controls how quickly the network updates the weights to

prevent the overcorrection that will cause the loss to increase. Namely,

w∗5 = w5−η× ∂Ltotal

∂w5
(2.10)

where w∗5 is the updated weight.

Hidden layer Similar to the output layer, we need to find how much changes in the

weights applied to the input layer affect the outputs of a hidden layer. An example is

shown in Figure 2.9. However, unlike the output layer, there is more than one output

from each neuron in a hidden layer. Therefore, every loss from each task needs to be

considered. For example, ∂Ltotal
∂w1

can be separated using the chain rule,

∂Ltotal

∂w1
=

∂Ltotal

∂ho1

× ∂ho1

∂hin1

× ∂hin1

∂w1
(2.11)

where ∂Ltotal
∂ho1

is,

∂Ltotal

∂ho1

=
2

∑
i=1

∂Loi

∂oi
× ∂oi

∂ho1

(2.12)

With ∂Ltotal
∂w1

, the updated weight, w1 is,

w∗1 = w1−η× ∂Ltotal

∂w1
(2.13)

Other weights that have not been covered in this section can be updated by following

similar principles. Once all the weights are updated, feedforward is applied again, but
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with the updated weights to check if the loss is decreased. This process is repeated

until the loss becomes as small as possible.

Deep learning in medical image analysis

Recently, deep learning has established itself as a mainstream technique in the medical

image analysis literature due to its state-of-art performances over previous methods.

Before FCNs, most deep learning methods (mostly CNN) focused on image classification

or object detection [141], [132], [142], [143], [122], [144], [145], [146]. For instance,

Gao et al. [132] used a CNN to label each frame from the second- and third trimester

fetal ultrasound video into one of four classes: fetal skull, heart, abdomen and other

structures. What is interesting in that work is that the CNN which is fine-tuned from the

transferred parameters from the pre-trained models from the natural images have shown

better results compared to the model trained directly from the ultrasound dataset (91.5 %

versus 87.9 %. Gao et al. [145] extended the classic CNN architecture to a two-stream

CNN that combines temporal and spatial learning to improve fetal heart detection and

localization performance. [146] used a CNN to localize the fetal brain, to detect the

regions that contain structures of interest and to learn the acoustic pattern in the regions

that enable plane verification based on the second trimester fetal brain. According to

[146], they achieved 96.9 % Dice coefficient for detecting the head region. [132] and

[146] are closely related to the goal of this thesis because we also use deep learning

approach to classify the 2D slices extracted from a first trimester 3D volume. However,

[132] and [146] used deep learning approach on the second trimester and their data is not

from the 3D data. Also, the images they used are focused on the fetal anatomies (in axial

view) whereas our data is focused on the whole fetus which makes the fetal anatomies

in the axial view much smaller compared to the non-fetal parts.

Image segmentation using deep learning also became a popular application after

Long et al. [136] proposed a FCN. Introducing a pixel-wise output that is useful for

the semantic segmentation and combining the output with the prediction from the lower

layers to obtain finer boundaries inspired the medical image analysis community for the

better anatomical segmentation [147], [148], [149]. [147] used FCN to perform semantic
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segmentation of the fetal heart and achieved the error rate of 23.48 %. [148] proposed

Cascaded FCN (CFCN) which combines multiple FCNs to keep refining the boundary

of the segmentation result of the second- and third trimester fetal head and abdomen

(Jaccard Index of 0.97 and 0.97 respectively). [147] and [148] showed good performance

on the fetal segmentation, however, both used 2D images that are specifically focused

on the fetal anatomies in later trimester, and [148] requires more than two networks to

acheive their performance. [149] used implementation of FCN called FovFCN which

uses the image patches with different resolutions and then combine those features to

predict the segmentation on the second trimester 3D abdomen volumes with the Dice

coefficient of 0.86. Raynaud et al. [150] used a FCN combined with morphological

filters for fetal spine segmentation to automatically align the 3D ultrasound volume to

better localize multiple organs such as the heart, the stomach, the umbilical vein and

the bladder. However, both [149] and [150] only focused on the abdominal volumes.

Ronneberger et al. [140] extended a FCN and built a U-net that combined opposing

convolution and deconvolution layers. Other application of U-net include [151], [152],

[153]. Cicek et al. [151], built a 3D U-net for the full 3D segmentation of the Xenopus

kidney which was achieved by learning from 2D sparse annotation. Yang et al. [153]

performed 3D segmentation of the whole fetus, gestational sac and the placenta from

the first trimester fetal volumes using a 3D FCN as the initial segmentation of each part

and an RNN to refine the segmentation result. In our knowledge, this is the only study

that used deep learning approach to do the segmentation that includes the whole fetus

in the first trimester. Although this interesting work proposed volumetric segmentation

of the whole fetus, they performed whole fetus segmentation only, but not segmentation

of each fetal part such as the head, the torso and the lower limbs.

Performing the segmentation task using the deep learning has not been studied well

enough, especially for the first trimester ultrasound. Even for the second triester fetal

ultrasound, there is only a few number of studies. The deep learning approach to the

semantic segmentation for the medical image analysis is recently growing, and the

manual groundtruth for the semantic segmentation is much harder to get compared to

the classification task. This is because to get the groundtruth, the human needs to do the
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semantic label as accurate as possible, whereas the classification just requires the class

number. Like [153], there has been research about the segmentation of the whole fetus,

but still, no studies has been done on the semantic segmentation of the whole fetus in the

first trimester. Also, there were less studies that involved the automated fetal assessments

including anatomy visualization and the measurement at the same time from a 3D volume.

2.4 Conclusion

Ultrasound is the preferred imaging modality in prenatal care. Especially, the first

trimester scan is important to monitor the fetal growth rate and it has potential to perform

early diagnosis of certain anomalies that are usually diagnosed in the second trimester.

However, the first trimester scan is challenging compared to the second trimester due to

the small size of the fetal organs. Moreover, ultrasound image quality depends heavily on

the sonographer skill which yields inter- and intra-observer variability. Therefore, it is

interesting to consider how to develop automated method to overcome these limitations.

There are many studies using deep learning for automated fetal image analysis, but they

mostly concern the second trimester fetal data and focus on specific fetal parts such as

brain and abdomen. Also, no studies have been done on the 3D fetal ultrasound volumes

that were acquired based on the whole fetus to perform a multiple fetal health assessments

automatically. Yang et al. [153], for example, only performed segmentation task on the

whole fetus, but not on each fetal parts. In this work, we developed the automated tools

based on the deep learning approach for the automated first trimester fetal assessment

that includes the visualization of the fetal anatomy and performs the biometry.



3
Automated Localization of the Whole

Fetus from the 2D Images Extracted from
a 3D Volume

In Chapter 2, clinical motivation was provided for automated first trimester fetal analysis,

and relevant research that has been done on related problems in computer vision and

medical applications was also reviewed. As described in Chapter 1, the first step in

automatic analysis is to localize the whole fetus from the sagittal view, which is the

good anatomical plane for fetal localization. In the current chapter how to localize the

whole fetus from the sagittal view using a machine learning based method is described.

Section 3.1 introduces the problem and proposed solution. Section 3.2 describes two

main consecutive methods that have been designed: one uses edge features and the other

uses the whole fetal profile. Section 3.3 presents the experimental setup and describes

the validation methodology employed. Section 3.4 presents results. A summary is

provided in Section 3.5.

3.1 Introduction

The localization of the whole fetus within a 3D US volume is an important step in

automation of analysis. The data employed in this research has been acquired based on

29
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(a) (b)

Figure 3.1: Examples of a) First trimester fetal brain image (b) Later trimester fetal brain image.
Both are from 3D, but (a) is scanned based on whole fetus, and (b) is scanned based on fetal brain.

CRL measurement criteria. Refer to the Appendix A for more detail about the 3D data

acquisition based on CRL criteria. As shown in Figure 3.1, the fetal parts cover a small

area in the axial plane. Organs, such as brain and abdomen, are not fully developed in

this first trimester scan and smaller compared to later trimesters. Also, the data is 3D

which is focused on the whole fetus. This makes the fetal parts cover a much smaller area

in the axial view. Therefore, to localize the whole fetus from the sagittal view, the search

field of the fetal parts in the axial view is reduced by removing non-fetal parts that are out

of the localized region while preserving the fetal parts that needs to be focused on.

One of the key things to localize the whole fetus is that there is always amniotic fluid

between the fetal front and non-fetal tissue as shown in Figure 3.2. Due to the fact that

the fluid echogenic, this region is visualized as a black region in the image. Therefore,

edge-detection method to detect the boundary between the fetal front and amniotic fluid

is used. However, the difficult part for localization of the whole fetus is that there is

less space between the back of the fetus and non-fetal tissue which yields an ambiguous

intensity boundary. Also, it is important to note that since there are so many intensity

edges that can be detected, small edges, especially those from the inside the fetus, should

be ignored. Threfore, using only intensity-related features such as intensity values and

intensity gradient, like how Canny edge detection method [154] uses, is not suitable. The

example using classic Canny edge detection method [154] is shown in Figure 3.3. As

shown in Figure 3.3 (d), having larger threshold can remove some internal edges, but

some parts of the boundaries of the whole fetus are also removed. Most of all, the value of

optimal threshold is dependent on the data, and hence cannot be generalized. Therefore,
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Figure 3.2: The example of the whole fetus in the sagittal view. Fetal front (yellow) is where the
fetus faces and amniotic fluid (green) is the black region between fetal front and non-fetal tissue
(red)

(a) (b)

(c) (d)

Figure 3.3: Examples of edge map using Canny edge detection method (a) Raw data (b)
Groundtruth, c) Edge-map using Canny d) with more threshold. There are many small edges that
can be detected due to the internal fetal structures and non-fetal tissue.
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methods that can give more strength on the fetal boundary than other edges are needed.

There has been a number of studies which applied edge detection for medical images

[155], [156], [157], [158]. [155] and [156] applied the speckle noise reduction before

edge detection. For example, [155], used adjusted Canny edge detection that removes the

speckle noise by using median filter instead of Gaussian smoothing on the whole-fetus

ultrasound phantom image. [156] used clustering method called fuzzy c-means [159]

to distinguish the edges from the speckle noise. [157] and [158] applied phase-based

edge detection method. [157], used phase symmetry [160] to detect the edges of the

prostate ultrasound images, and [158] used phase-based probabilistic gradient vector flow

[161] to extract the edges to detect the nerves from the ultrasound images. Both studies

proved that phase-based approach is robust to the speckle noise and able to identify the

edges. [155], [156], [157], [158] focused on the speckle noise since they can weaken the

edges or yield the unnecessary edges. However, these methods require substantial degree

of user-interaction and the threshold/parameters have to be carefully chosen. Due to

this, other studies applied learning method to do the edge-detection/segmentation [162],

[163], [164]. The advantage of the learning-based method is that it can identify which

pattern can distinguish the region of interest from the background and which edges are

more important than others. [162] used marginal space learning to detect the robust

edge and refine them using 3D shape model with probabilistic boosting tree for the CT

liver. However, they require 3D mesh model which is difficult to annotate manually.

[163] used graph-based learning for the segmentation of 3D ultrasound phantom and

reported that their method outperformed fuzzy c-means clustering method. However, due

to the complex graph structures, it is computationally expensive. [164] applied AdaBoost

algorithm with Haar features followed by boundary detection using phase-based method

to detect the head. [164] also used gestational age to guide the sliding detection window

to decrease the detection speed. They reported that their automatic measurement based on

the detected boundary had no significant difference compared to the manual measurement

and they also reported that they were able to achieve with faster computational speed.

However, their method is limited to the head which the skull is visualized as bright

ellipse, and the gestational age has to be provided. Therefore, for the objective of this
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thesis, we need to apply learning-based method to have less parameter-dependency and

does not require shape- and graph-based learning method to have faster computational

speed. Inspired by [116] and [121], we used structured random forests. Random Forests

is one of the machine-learning method that is relatively robust to overfitting and noise

compared with Adaboost, and the training is faster and better for multi-class problem

[116]. Structured random forests is the extension of the random forests which is more

suitable for the segmentation and edge detection because it considers interdependencies

between labels that can help to extract clearer edges. We will explain more in detail in

Section 3.2. Once the edges are extracted, the fetus needs to be localized by having a

bounding box around using the detected edges. Using the fact that the object, which is

the fetus in this case, has an enclosed boundary, the bounding box is likely to contain the

object if the enclosed boundaries are wholly contained in the bounding box.

However, using only an edge-detection method cannot localize the object because it is

highly possible that many edges can be detected and it is difficult to know which edges

belong to which objects. This is also why there will be so many bounding boxes that can

be proposed, which indicates the bounding boxes that the whole object is likely to exist

within, based on the detected edges. This is critical for whole fetal localization because

the bounding box will likely miss out the fetal parts. Therefore, another method is needed

to reduce or select the proposed objects which contain the whole fetus by recognizing its

particular image pattern within the object proposal region.

In this work, a method with two components is proposed, each based on Random Forests,

to localize the whole fetus in the sagittal view. First, to get the object (fetus) proposals,

Structured Random Forests [121] and the Edge-box approach [165] are proposed. Then a

second Random Forest is approached to classify whether the proposed region contains

the whole fetus or not. This second Random Forests is shown to be important to reduce

the number of object proposals which improves the accuracy of whole fetus localization.

3.2 Methods

Figure 3.4 shows the block diagram representation of the resulting algorithm. Using the

structured random forests to detect the edges around the whole fetus from the input/raw
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Figure 3.4: The block diagram representation of the resulting algorithm. (a) Using the structured
random forests to detect the edges around the whole fetus from the input/raw ultrasound image.
(b) Using the Edgebox algoithm and Random forests classifier, three candidate boxes around the
whole fetus are obtained. (c) The coordinates of the three boxes are averaged to get the final box
around the whole fetus.

ultrasound image (Figure 3.4 (a)). Then based on these edges, Edgebox and Random

Forests classifier are used to get the three candidate boxes (Figure 3.4 (b)). These boxes’

coordinates of each corner are averaged to obtain the final box (Figure 3.4 (c)).

3.2.1 Structured Random Forests

Structured Random Forests [121] uses Random Forests framework to learn structured

information. The big difference between a traditional learning method, which is generally

pixel-based, and structured learning is that while traditional learning outputs a class label

or regression value, the structured learning outputs the structures. The motivation of

learning the mapping between input and output is that many visually salient edges do not

always correspond to the intensity gradient which classic edge detection method used,

such as Canny. As shown in Figure 3.3, the salient edges are the boundary around the

fetus, but there are also many internal edges as well. Therefore, by learning from manually

annotated data, the most important edges can be learned. As the application for this work,

this is important for whole fetus localization because internal fetal structures yield many

edges which are less important than the edges around the whole fetus. A further advantage

of learning the structured objects is that it is able to exploit the interdependencies within

a local patch. For example, the edge pixels in a local patch are highly interdependent

that they form the patterns such as straight lines or Y-shaped lines [166], [121]. In
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(a) (b)

Figure 3.5: Example of decision tree from a) Traditional Random Forests of single pixel
prediction, b) Structured Random Forests which does structure prediction

classification approaches such as traditional Random Forests, the input data are assigned

to a single class labels such as {0,1} for binary classification from the centre pixels of

the local patch whether that pixel belongs to the edge or not. However, since they only

consider the centre pixel of the local patch, they do not exploit any dependencies or

edge structure patterns. This will yield edges with no coherent structures. Therefore,

by exploiting this interdependencies, the extracted edges will have coherent structures

which outputs a clearer edge map. A comparison of the one decision tree from traditional

Random Forests and Structured Random Forests is shown in Figure 3.5.

As shown in Figure 3.5, Random Forests is the collection of decision trees. Each tree

contains a number of nodes which each split into the group by similarity as structures.

This similarity is determined by Information Gain which will be explained shortly. Instead

of having output as {0,1}, Structured Random Forests outputs edge structures. Using

Random Forests framework with structured labels has two main challenges. First, the

output spaces are complex and high-dimensional. The traditional Random Forests used

for edge detection does single pixel prediction. The prediction is the binary classification

of the centre pixel in the local patch that indicates whether that pixel belongs to the edge

or not. Structured Random Forests, however, needs to compute structured output which

has a higher dimension than pixel output. Second, the information gain over structured

labels are not well defined. In each node j, the binary split function h is applied,

h(x,θ j) ∈ {0,1} (3.1)
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Figure 3.6: The example of intermediate mapping from y to z by encoding whether every pair of
the pixels in y belong to the same segments or not. In this example, y is 10 × 10, so there will be
4950 pairs that was encoded to y.

where x is sample and θ j is the parameters. The goal of training the tree is to find the

parameter θ j that split the data into a group with as much similarity as possible, which

is called a good split of the data. As a simple example, if the data is the collection of

sky and grass, the parameter that is related to the object color will be strong parameter

that can do a good split. To do this, the information gain is used which is based on

measuring the similarity. The information gain is defined as,

I j = H(S j)− ∑
k∈L,R

|Sk
j|
|S j|

H(Sk
j), (3.2)

where H(S) is Gini impurity H(S) = ∑y py(1− py), S is the training set in node j, and py

is the probability of class y in S. The parameter θ j is chosen to maximize the information

gain, θ ∗j = argmaxθ j I j.

However, the similarity in structure has not been defined well enough because there needs

to be some additional information such as spatial relationship between labels inside the

patch. Dollar et al. [121] address this issue by a two-stage approach of first mapping Y

→ Z followed by mapping of Z→ C, where Y is output space, Z is an intermediate space

and C is discrete labels. Mapping between Y and Z is called the intermediate mapping,

Π : Y→ Z. Intermediate mapping is computed by encoding whether every pair of the

pixels in y belong to the same segments or not. An example is shown in Figure 3.6.

However, as shown in Figure 3.6, as the size of the patch increases, computing z

∈ Z for every y ∈ Y is getting more expensive. Therefore, to reduce the dimensionality,
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the dimensions of Z is first randomly sampled. Randomly sampling from Z gives two

advantages. First, the computation is faster since the full dimension of Z is not analysed.

Second, by adding another source of randomness during learning process, it helps to have

more diversity of trees. Then Principal Component Analysis (PCA) is used to further

reduce the dimensionality of Z. This reduced Z is then assigned to discrete labels c ∈ C

where C = {1, ...,k} and k represents the number of classes, which, in this case, the

number of different edge structure pattern that are mapped from structured labels y ∈ Y

which is annotated manually. During training, z with similar edge structure pattern is

assigned to c. With the discrete label, the information gain can be calculated in a similar

fashion to traditional Random Forests. The set of n labels y1...yn ∈ Y are combined into a

single prediction for both training and testing. To do this, m dimensions of Z are sampled

and zi = Πφ (yi) computed for every i. Finally the label yk is selected whose zk minimizes

∑i j(zk j− zi j)
2. Since Random Forests use multiple decision trees, there will be multiple

predicted edge maps from each image patch. Therefore, the predicted edge maps are

averaged as the final prediction.

In this work, the method for downsampling and the parameters similar to [121] is applied

except the size of image patch which predict 24 × 24 segmentation mask from larger

48 × 48 image patch from the input images to capture the bigger edges. As input

features, there are two main types of features from image patch: pixel and pairwise

differences. The pixel is the accumulation of channels of features extracted from the

image patch which are grey-intensity (pixel values), 2 normalized gradient magnitude and

4 orientation from each gradient magnitude, which makes total 11 channels of features.

An example is shown in Figure 3.7.

Another feature type called pairwise differences or self-similarity [121] is also used.

With the observation that the contour occurs not only at intensity but also at texture

boundaries, the pairwise difference features can capture the region inside the image

patch that contain similar texture. Each channel is blurred using a linear filter called

triangular filter, and downsample to a resolution of 5 × 5 pixels which gives
(5·5

2

)
=

300 additional features for each channel. Blurring before the downsampling is to avoid
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(a) (b) (c)

Figure 3.7: Examples of features used in Structured Random Forests a) Intensity value b)
Normalized gradient magnitude c) Normalized gradient orientation.

the distortion and make smoother boundaries when the image is downsampled. In total,

9636 features are used per image patch.

3.2.2 Edge-box

Given the edges from Structured Random Forests, bounding boxes can be obtained based

on a score which measures the number of edges enclosed within the region of interest

(ROI) compared to the number of edges overlapping the ROI boundary [165]. The edges

are grouped together by combining the edge pixels until the sum of their orientation

difference is above a threshold, which in this case is set to π

2 . π

2 is set as threshold

because edge pixels connected by a contour with high curvature will have low affinity to

be grouped. With these edge groups, another affinity measure, α , is computed, which is

defined between edge groups, based on their mean position and mean orientation,

α
(
si,s j

)
=
∣∣cos(θi−θi j)cos(θ j−θi j)

∣∣γ (3.3)

where si and s j are a pair of edge groups, θi and θ j are the orientation of each si and s j,

θi j is the angle between the mean positions of two groups, and γ is called the affinity

sensitivity; γ = 2 in this work. In each group, a value vb is computed, which indicates

whether the edge group s is wholly contained or not in the box. vb lies within the range

0 and 1; vb = 1 when the edge group is wholly contained in the box, and 0 otherwise.

For a partially contained edge group in the box, vb is computed as follows:

vb(si) = 1−max
T

|T |−1

∏
j

a
(
t j, t j+1

)
(3.4)
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where T is the ordered path of edge groups with the length of |T | that begins with t1 ∈ Sb

and ends at t|T | = si. Using vb, the scoring, hb, is defined as,

hb =
∑i vb(si)mi

2(bw +bh)k (3.5)

where mi is the summed magnitude of si edges, each bw and bh indicates box’s width

and height, and k is the bias. The larger the score, the more that an object is enclosed

within a box. Based on these scores, the candidate boxes can be ranked. Also, according

to [165], the edges in the center of the box are less important than the edges near the

boundary. Therefore, the final score, hbb can be computed by subtracting hb (equation

3.5) from the score of edges that are in the centred box, bin, which has width and

height bw
2 and bh

2 respectively,

hbb = hb−
∑p∈bin mp

2(bw +bh)k , (3.6)

where p is the edges inside bin and mp is the summed magnitude of p edges.

Since the box is based on detected edges, there are many possible candidate boxes

proposed. Therefore, the number of boxes is decreased by introducing the constraints.

The constraints are on the expected position and size of the boxes. It is highly possible

that the centre of the irrelevant box and the centre of the whole image are not similar. To

do this, we first get the box, which area is half of the area of the image and is located at

the centre of the image. This box will be called half-box in this work. Then if the centre

of the candidate box is located outside of the half-box, then it is highly possible that this

candidate box does not contain the fetus because we expect that the position of the fetus is

located at the centre of the image. Also, the area of the irrelevant box is smaller than 30%

of the area of the image which follows the criteria of good sagittal plane as mentioned in

Appendix A. These irrelevant boxes are removed to decrease the number of candidate

boxes. These irrelevant boxes will be called out-of-range boxes in this work. However,

relying on the box with the largest score to identify the best enclosing box around the

fetus still does not guarantee a good localization of the fetus since the bounding box itself

is focused on the enclosed edges, not on the whole fetus. Therefore, another method is

developed to classify whether a box contains the whole fetus or not as described next.
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3.2.3 Weighted Random Forests classifier for best bounding box

Inspired by [105], weighted Random Forests are used to classify whether a candidate

box contains the whole fetus or not. In the classic Random Forests classifier, it treats

each vote from each tree as equal. However, it is possible that some individual trees give

a poor accuracy. Yaqub et al. [105] proposed weighted voting that puts higher weight

on the vote from the tree that has higher individual accuracy so that a tree with low

accuracy has less effect on final classification. In a traditional Random Forests classifier,

the probabilities from each tree are averaged to get the final probabilistic decision, p

of image, I, belonging to the class c,

p(c|I) = 1
T

T

∑
t

p(c|I) (3.7)

where T is the number of trees. Instead of averaging, which also means equal vote,

Yaqub et al. [105] used another term α which involves weighting on the tree with

higher accuracy as explained before,

p(c|I) =
T

∑
t

αt p(c|I) (3.8)

αt =
1
F ∑

F
f (Q f )t

∑
T
t (

1
F ∑

F
f (Q f )t)

(3.9)

where f ∈ F is the number of features from root to the leaf node and (Q f )t is the training

score of feature f used in tree t.

For features, the method from [105] is followed which extracts three main types of

features: Unary, binary, average. Unary is the intensity value of random pixel in the

random size window around the ROI. Binary is the sum, difference, absolute difference

and log of two random windows. Average is based on the sum of all pixels of a random

size divided by the number of pixels. The difference in these average features is taken.

For fast computation for calculating these values, the integral image is estimated. Three

types of features were extracted from two types of images. One is the raw image and

the other is the pre-processed image that has feature symmetry measure, inspired by

[167], local phase-based method that is intensity invariant and less sensitive to the speckle

[167]. In addition to the three main types of features from raw images, Haar feature are
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Figure 3.8: The training examples of Structured Random Forests. The top row represents the
original images and bottom row represents the corresponding labelled images.

extracted [105]. Haar takes the difference between sum of the pixels from two adjacent

windows, and this has been used to capture the edge regions. Because of this property

of Haar-feature, Haar features were not extracted from feature-symmetry image. In this

work, for parameters of the classifier, the maximum size of the window was set as 30

× 30, the number of trees as 20 and maximum depth of 10.

3.3 Experimental Setup

3.3.1 Datasets

Details of 3D data acquisition and criteria of good sagittal plane are given in Appendix

A. From this data, the slices were extracted manually that visually define a good sagittal

plane from each volume. An assumption in this work is that good sagittal planes have

been given for this task. The volumes were randomly distributed into the training or test

sets, but all volumes from same fetus were only in one of the sets. 33 volumes were used

for training and 32 for testing. To train the Structured Random Forest, each image from

each volume was first labelled into three classes: the whole fetus, the non-fetal tissue

and the background, as illustrated in Figure 3.8 using ITK-SNAP [46].

For the box-classifier, the bounding box around the whole fetus was manually cropped

as a positive example and flipped as augmentation to increase the size and variability in

the training set. As the negative set, the bounding box was cropped across the whole

image with randomized size and location with the constraint that the Intersection over

Union (IoU) with the corresponding positive box must be under 0.7. As mentioned in
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Figure 3.9: Training examples of positive and negative boxes. The top row represents the original
images and bottom row represents feature-symmetry-mapped images.

section 3.2.3, the raw image was pre-processed into feature-symmetry-mapped images

from each candidate box obtained from the Edge-box algorithm. Examples of positive

and negative training examples are shown in Figure 3.9 with the corresponding signed

symmetry-mapped images.

3.3.2 Validation Methodology

As a qualitative evaluation, Structured Random Forest results were compared with edge

detection methods, Canny [154] and Sobel. This was to show how structured learning can

weaken the small edges compared to other methods by learning the edge structures directly

from the annotated data. The ground-truth is obtained from manually drawn boundary

around the fetus and non-fetal tissue. To evaluate the boxes that contain the whole fetus,

Intersection over Union, (IoU), precision and recall are applied, which are defined as

IoU =
M
⋂

A
M
⋃

A
(3.10)

Precision =
M
⋂

A
A

(3.11)

Recall =
M
⋂

A
M

(3.12)

where M and A are the area of manual box and automatically selected box respectively.

IoU is similar to Jaccard Index which quantifies the similarity between manual and

automatically selected box. precision represents how much overlapped area covers the

A, and recall represents how much overlapped area covers the M. precision and recall

are used to tell whether the automatically selected box is under- or over-estimation since

it is difficult to be clarified from IoU. For example, if two automatically selected boxes
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have same IoU but one has small precision and large recall, that means this box is under-

estimated. The threshold of IoU was 0.7, precision was 0.7 and recall was 0.9. According

to Everingham et al. [168], the threshold of 0.5 is typically used to determine whether

the bounding box was correct, but it can be quite loose. Therefore, in this work, 0.7 is

used as the threshold of IoU and precision to filter more number of inaccurate boxes. For

recall, it is more important to have the whole fetus as much as possible inside the box, so

the threshold of 0.9 is used. To measure the accuracy of the final whole fetal localization,

similar to the criteria for positive box, same threshold of IoU and precision was used, but

a larger recall >= 0.95 were used as a validation threshold because it is more important

to have the whole fetus within the bounding box without any missing fetal parts. Note

that the purpose is to localize the whole fetus and remove the search area of axial slices

as much as possible. This is why higher recall is added instead. The results were also

compared between choosing one box and averaging the three boxes’ coordinates of each

corner that received largest class probabilities from the classifier.

3.4 Results

3.4.1 Structured Random Forests and Edge-box

A qualitative comparison between Structured Random Forests, Canny and Sobel is shown

in Figure 3.10. Unlike the other detection methods, Structured Random Forests can

ignore the edges inside the fetus. This is important for fetal localization because having

more small edges can yield more irrelevant boxes. Canny and Sobel just extract the

edges that are above a pre-defined threshold. However, Structured Random Forests

gathers and learns from the fetal boundary with the structure pattern based on training

data which gives more strength on the fetal boundary, especially the boundary between

the fetal front and amniotic fluid.
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Figure 3.11: Top 3 Candidate boxes based on edge-scores ranking shown for two subjects.

As shown in Figure 3.10 (e), the edge strength is strong between the fetus and amniotic

fluid, but it is weak between the fetus and non-fetal tissue. This shows that relying only

on edge can mislead to wrong object localization. Figure 3.11 shows the 3 boxes that

received top edge scores based on the Edge-box algorithm. However, as shown in Figure

3.11, even though the box obtained high scores among the candidates, it is possible

that the box can miss some fetal parts.

3.4.2 Box-Classifier
Selected Features

The feature sets used in the weighted Random Forests classifier for positive boxes were

investigated. Figure 3.12 and 3.13 show the total counts for each feature, and how

much each feature is used at each tree depths. There are two interesting things to

note: (1) the average has been used for first separation and (2) the most used feature

is the difference of average while unary is used least. This means that the algorithm

first separates the boxes simply by looking at whether the box contains more or less

background intensity. After the first split, it then splits based on the pattern from the

features provided inside the bounding box.

The classifier for correct and incorrect bounding box achieved an accuracy of 84.1%,

sensitivity 59.2% and specificity 88.3%. The full classification is shown in Table 3.1.

Analysis shows that every data has at least one good bounding box which is also

classified as positive. Among the positive boxes, the fetal localization estimated from

choosing only one box and from the box by averaging the three boxes’ coordinates of

each corner that received largest class probabilities from the classifier are compared.
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Figure 3.12: The number of each feature type used during the training of Random Forests
classifier

Figure 3.13: The number of each feature types used in each tree depth during the training of
Random Forests classifier
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Result TotalXXXXXXXXXXXXManual
Auto Positive Negative

Positive 125 86 211
Negative 145 1095 1240

Total 270 1181 1451

Table 3.1: The number of correct and incorrect classifications of bounding boxes

Figure 3.14: The final bounding box by averaging three boxes. Top row represents raw image,
middle row represents top 3 boxes with highest class probability and last row represents final box
by averaging 3 boxes.

Based on the criteria for final localization as mentioned in section 3.3.2, one-box achieved

68.8% accuracy and averaged box achieved 84.4%. Results from the averaged-three-box

are shown in Figure 3.14. Although it received the largest class probability, choosing

one box as the final localization might still miss some fetal parts. By averaging three

boxes, it allows more boxes to fit on the whole fetus. Averaging five boxes was also

analyzed. This achieved 81.3% which is a lower accuracy than that from three averaged

boxes. This is because as more boxes are added to be averaged, more irrelevant boxes

can be included in the average.

3.5 Summary

In this chapter, a two-stage method based on the Random Forests to localize the whole

fetus is described. The first stage need Structured Random Forest is able to put more

importance on boundary around the fetus than on internal structures. The second stage
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used Random Forests to re-rank the boxes by class probabilities of each candidate boxes,

and as a final box, averaging top three boxes than one box achieved better localization.

With this localization result, not just the localization of the whole fetus is obtained, but

also the search area of fetal parts in axial view is reduced by reducing the non-fetal

parts, which will be explained in next chapter.



4
Fetal Partitioning and Biometry Plane

Extraction

As mentioned in the literature review of Chapter 2, the assessment of fetal anatomy is the

main purpose of the first trimester scan and standardized plane extraction is needed to do

this. Therefore, automated fetal partitioning, which is referring to the classification of

fetal ultrasound images into 3 classes: head, body and background, and biometry plane

extraction are the subject of this chapter. Specifically, Section 4.1 introduces the problem

and the proposed solution. Section 4.2 describes a deep learning based algorithm for the

diagnostic plane extraction. Section 4.3 presents the experimental setup and validation

methodology employed to test the new method. Section 4.4 presents experimental results.

A chapter summary is given in Section 4.5.

4.1 Introduction

In Chapter 3, a method for whole fetal localization has been described that uses two

consecutive machine learning methods based on the Random Forests framework. Al-

though the whole fetus has been localized, the location of each fetal part is still unknown.

Unlike second trimester ultrasound scans which are typically focused on specific fetal

structures, the data used in this thesis is based on the whole fetus. Thus, it is essential

to estimate where each fetal part is. A typical approach is to do fetal partitioning by

49
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Figure 4.1: Whole algorithm for fetal classification. (a) Based on the bounding box obtained
from chapter 3, the axial slices are cropped as pre-processing. (b) Cropped images are then input
to a CNN for the classification of the axial slices into three classes (the head, the body and the
non-fetal tissue) with subsequent post-processing step.

image classification of each axial slice into the head, body and non-fetal parts. However,

image classification throughout the axial slices is challenging in our application because

the fetal parts are much smaller than non-fetal parts, as shown in Figure 3.1 (a), and

the location of the fetal parts are unknown. Also, the internal organs can appear rotated

which can give more complexity. Therefore, the features that are invariant to translation

and rotation need to be computed for good classification performance. In this chapter,

the whole fetus localization results from Chapter 3 are used to reduce both the area of

the non-fetal parts from the axial view and the number of the axial slices to classify.

Also, a CNN is used for classification because of its ability to extract the translational

and rotational invariant features which can capture both local and global patterns of the

anatomies of fetal parts. Based on fetal partitioning, the plane extraction for the brain

and abdomen is performed by linear regression.

4.2 Methods

Figure 4.1 shows a flow diagram of the whole algorithm for fetal classification that is

explained in this chapter. Based on the localization result from chapter 3, the axial slice

is cropped (Figure 4.1 (a)). These cropped images are then used as the input to a CNN

and finally outputs the fetal partitioning result (Figure 4.1 (b)).
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Figure 4.2: Based on the box height, the width of the image in axial plane can be calculated as
4
3 times the height centered at the middle of the image. Using these, final cropped axial slice is
obtained.

4.2.1 Pre-processing Image

An image is first cropped based on the bounding box result from chapter 3. The height

of the cropped image is set to be the same as the height of the bounding box. For the

width, however, the length has to be longer than the bounding box height because it is

possible that the fetus might not lie straight. Because of this, if the length of the width

is same as the height, then it is possible that the part of the fetus can be removed from

the cropped image. Therefore, the width has to be larger than height. However, it cannot

be much larger since the cropped image will then have large area of the background.

Here, the width of the cropped image is empirically chosen as 4
3 ×height as shown in

Figure 4.2, which has been found to contain the fetal parts without having a large area

of the background. Cropping the image was found to simplify CNN network learning

because of less unrelated non-fetal parts.

4.2.2 Convolutional Neural Networks
What is a CNN?

As explained in Section 2.3.1, an artificial neuron simply calculates the weighted sum

of the input with the addition of bias, and then decides whether it should be activated

or not. A Convolutional Neural Network (CNN) is a multi-layer network which uses

convolution as a filter to extract features [123], [126]. Depending on how many filters are
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applied, a number of different types of features can be extracted. The difference between

a CNN and a simple Fully-connected network is that the CNN does weight sharing,

has a local receptive field, and has spatial pooling. Recall from Section 2.3.1, in each

hidden layer, the neurons are fully connected to the neurons in the next layer. However,

full connection does not exploit the local structure since each neuron is connected to

every neuron from the previous layer. Using local structure is based on the strong and

general assumption that in an image, as the distance between two pixels increases, the

correlation between the two pixels decreases. In a CNN, each neuron is constrained

to be connected to a set of neurons that are in a neighbourhood to capture the local

structure. This connectivity is called the receptive field which affects the activation of the

neurons in the next layer. For example, with the certain size of the filter, this subwindow

sweeps through the input to extract features. Generally, the size of the receptive field

is small relative to the size of the input which means that the neurons generally form

a local rather than a global receptive field. With such a receptive field, a CNN learns

the set of filters wi|i=1,2,3,...,n across the multiple subwindows within the input. Since

the same filter is applied over the multiple subwindows, the weights are shared among

the neurons in the hidden layer. The weight sharing has two main advantages. One is

that the network can learn a general representation of the input data which allows for

better generalization. Another is that it can reduce the number of parameters which

makes training easier and more efficient. For example, if a certain feature is useful in

a certain position in the input, it can also be useful in other positions. Based on this

idea, instead of computing every possible parameter, the number of parameters can be

substantially reduced. Finally, a CNN is different from a simple fully-connected network

in that it uses a pooling layer for sub-sampling. The purpose of a pooling layer is to

reduce the number of parameters of a convolutional response and to provide translational

invariance in a model, which helps reduce the sensitivity of the learnt features to object

locations in the image. Max-pooling and average-pooling are the two common pooling

methods used in a CNN [169]. In this thesis, max-pooling is used. Max-pooling takes the

maximum among the values inside the subwindow and passes this value to the next layer

as shown in Figure 4.3. Repeating this convolution+pooling process, the dimensionality



4. Fetal Partitioning and Biometry Plane Extraction 53

Figure 4.3: The example of max-pooling with 2 × 2 filter size with stride 2

of a feature map is reduced while having features that represent a whole image. Since

it only considers maximum activation no matter where that activation is, the extracted

features are translation and rotation invariance. These two invariances are important for

fetal data, especially for the data in this thesis. Since the data has been taken based on

the whole fetus without a constraint on fetal pose, the location of the fetal parts in axial

view is unknown and the fetal parts can also be rotated. Therefore, translational and

rotational invariance are important for the detection of the fetal parts.

CNN Architecture and Training

There has been a recent historical trend in CNN architecture design for computer vision:

AlexNet [126], VGGnet [134] and ResNet [135]. They have shown state of art results

on natural image classification and object recognition. The base architecture, such as

types of layers, is similar for all popular CNN architectures. In this chapter, the network

designs are based on the AlexNet. The AlexNet is shallow compared to other networks

such as ResNet. The architecture used in this thesis is shown in Figure 4.4. The AlexNet

is composed of several types of layers: a convolutional, an activation, a pooling and a

fully-connected layer. The convolutional layer applies a number of convolutional filters

to the input to get different types of feature maps. As described earlier, a number of

types of features can be controlled by setting up the number of filters. Having a large

number of filters means that there will be more features for decision making. Similar

to the network described in chapter 2, the output Y l
i j of the lth layer of the convolutional
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Figure 4.4: The architecture of CNN based on AlexNet

neural network by the feedforward is,

Y l
i j =

m−1

∑
q=0

m−1

∑
r=0

wl
qrY

l−1
i+q, j+r +bl (4.1)

where m×m is the size of filters, wl
qr is the filter which parameter is to be learned during

the training and bl is the bias.

The size of the output is decided based on the three parameters: the filter size, the number

of strides and the amount of zero-padding. The filter size is decided based on how many

feature types to be used. This is important because depending on the task, the filter size

can affect the result. For example, the task that requires more information or guidelines to

be achieved is difficult and complex, so it will be helpful to extract and use more features.

The stride controls how the filter convolves around the input. For example, if it is 1, the

filter moves by one pixel, and when it is 2, the filter jumps 2 pixels as it slides, which

will output a smaller volume size than when the stride is 1. The larger the stride, less

overlapped will be the filters. However, the number of strides needs to be considered

based on the input size. For example, if the input size is 5 × 5 and 3 × 3 filter with the

number of stride is 3, this will make the filters unable to slide through all the regions

of the input as shown in Figure 4.5. Zero-padding pads the input with zeros around the

border. The main purpose of zero-padding is to control the spatial dimensions of the

output to preserve the size of the output same as the input. With these three parameters,

the size of the output volume can be controlled and to calculate the size of the output,
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(a) (b)

Figure 4.5: 5×5 input and 3×3 filter with a) 3 strides b) 2 strides. If 3 strides is applied, the filter
is not applicable because it does not fit to the input size. 2 strides, however, can be applicable.

W−F+2P
S + 1 is used, where W is the input size (width and height), F is the filter size,

P is the amount of zero-padding and S is the number of strides. As an example, in the

architecture that is used in this chapter, the input is 227 × 227 × 3 and 96 11 × 11 filters

have been applied with 4 strides. This yields an output of 55 × 55 × 96 pixels.

Activation Layer The output of a convolutional layer, xl , is passed to the activation

layer, where it decides whether it should be activated or not. Since xl can take any

values ranging from −∞to+∞, the activation layer introduces an activation function to

define the decision boundary. There are several activation functions for example, the

sigmoid and the Rectified Linear Unit (ReLU),

Sigmoid :
1

1+ e−xl , (4.2)

ReLU : max(0,xl). (4.3)

Here, xl is the output, Y l , from the convolutional layer. It is important to note that these

two functions introduce a nonlinearity into the network. If they were linear, no matter

how many layers have been used, the network would be the same as one single layer

because adding several linear functions still gives a linear function. This also indicates

that the network considers the relationship between the input and output as linear, which

is a weak model for a real world problem, which are generally non-linear problems.

If the sigmoid function is used as the activation function, it has a problem called
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(a) (b)

Figure 4.6: Activation function a) Sigmoid b) ReLU

Gradient Vanishing. As can be seen in Figure 4.6(a), a sigmoid function outputs a

value between 0 and 1. The weights in the network can be updated by using the gradient

(or derivative) of the loss function with respect to the current weight. Since the sigmoid

function ranges from 0 to 1, the gradient will be small especially for the saturated region

where the output value is almost 1 as shown in Figure 4.6(a). Therefore, as the number of

layers increases, the gradient of the loss function will eventually take a value near zero

and results in a slow update of the weights. To overcome this problem, the ReLU has been

proposed [170]. The ReLU passes the input value if it is bigger than 0, but otherwise, it

passes the values as 0 as shown in Figure 4.6(b). ReLU has several advantages. Firstly, it

reduces the gradient vanishing problem because it passes the original value if it is larger

than 0 which gives no saturation. Second, it has a sparse activation property. Imagine

that the network has a lot of neurons. Using an activation function such as a sigmoid

will possibly activate all neurons since they are non-zero values although they are really

small. However, due to the characteristic of a ReLU, it will not activate since it gives

a zero value. This means that only necessary neurons will activate and it leads to less

computation due to the smaller number of the activations.

Pooling Layer After the activation layer, a pooling layer is used. As mentioned before,

max-pooling is used, where the output, Y l is,

Y l = max(Y l(i, j),Y l−1(i+q, j+ r)) (4.4)

which compares the output value of (i, j) in the patch with the output values of other

pixels (i+q, j+ r) in the same patch to output the maximum value and also to save the
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index to be used during in backpropagation. These three layer types (conv + ReLU +

maxpool) are repeated until it reaches the fully-connected layer.

Fully-Connected Layer As the name suggests, all neurons are fully connected to all

activations from the previous layer similar to the fully-connected network explained

in chapter 2, where the convolutional layers are connected only to the local region.

As already mentioned, a convolutional layer extracts the features from the input data.

However, the input still needs to be classified, if the task is classification, based on these

extracted features. By adding the FC layers, the features are computed as the mapping to

the outputs. The size of the output depends on how many classes are classified, which

in our case is three: head, body, non-fetal parts. Specifically,

Y l = ∑wl ∗Y l−1 (4.5)

where Yl is the output of the lth layer and wl is the weight applied to the (l−1)th layer. If

it is the last fully connected layer, the output, Yl will be the prediction for the network.

Also, in every FC layer, except the last layer, ReLU and dropout [171] are added. Dropout

is a method to prevent overfitting which occurs when there are too many parameters

relative to the number of observations. In every training, the randomly chosen outputs of

the previous layer are dropped and their corresponding weights are not updated. However,

during the test, the network uses all the weights. This is similar to ensemble learning

which the weak classifiers are trained separately and then combine them at test time.

Without dropout, the network might become "too confident" within the training data

producing poor results in testing.

Loss The loss shows how close the prediction is to the groundtruth. In the classification

task, for example, the loss represents how many data are correctly classified. To calculate

the loss, there are several types of loss function, and in this work, softmax log loss or

multinomial logistic function, L is used,

pYc =
eYc

∑
3
k=1 eYk

(4.6)
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L =−log(pYc) =−log
(

eYc

∑
3
k=1 e(Yk)

)
=−Yc + log

3

∑
k=1

eYk (4.7)

where pYc is the softmax function, Yk|k=1,2,3 is the output from the network and Yc is the

correct prediction.

As explained in chapter 2, once the loss is obtained, a CNN performs backpropagation

using the chain rule. The basic process is the same for the example given in chapter 2,

except the CNN uses convolutional filters that its parameters need to be updated similar

to how the network in chapter 2 updates the weights. Also, a CNN involves the pooling

and the activation, but there are no parameter updates in those layers.

Backpropagation Similar to backpropagation as explained in chapter 2, the chain rule

is also used in a CNN. Once the loss, L, is obtained, the derivatives of the losses respect

to the output of the last FC layer, ∂Ltotal
∂Yk

, is computed first,

∂Ltotal

∂Yk
=− ∂

∂Yk

(
−Yc− log

3

∑
k=1

eYk

)
=−

(
δk=c−

eYc

∑
3
k=1 eYk

)

)
(4.8)

where, δ is kronecker delta,

δ =

{
0, if k 6= c.
1, if k = c.

(4.9)

Backpropagation then computes the derivative with error respect to the weights, ∂L
∂wl

,

∂L
∂wl

=
∂L
∂Y l

∂Y l

∂wl
=

∂L
∂Y l Y

l−1 (4.10)

where ∂L
∂Y l (∂Ltotal

∂Yk
if it is from the last layer) has been already calculated, and Y l−1 is

already known as well since this is the output of the upper layer, (l−1)th. This process is

repeated until the first FC layer.

Backpropagation of max-pooling layer has to be computed before the convolutional layer.

However, since there are no weights to be computed, there is no learning in this layer,

which in other words means no weights to be updated. Instead, it passes the derivative of

the error with respect to the output of pooling layer which is the maximum value of the

corresponding pixels whereas others are 0. Similar to max-pooling, the ReLU does not
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have weights to be updated. Therefore, the backpropagation in ReLU, ∂L
∂Yl−1

, is simply

the derivative of the error with respect to the input of the ReLU,

∂L
∂Yl−1

=

{
0, if Yl < 0.
∂L
∂Yl

, otherwise.
(4.11)

where Yl−1 is the output of the convolutional layer.

The backpropagation in the convolutional layer is similar to the FC layer but involves a

convolution.

∂L
∂wqr

=
N−m

∑
i=0

N−m

∑
j=0

∂L
∂xl

i j

∂xl
i j

∂wqr
=

N−m

∑
i=0

N−m

∑
j=0

∂L
∂xl

i j
Y l−1
(i+q)( j+r) (4.12)

∂L
∂xl

i j
=

∂L
∂Y i jl

∂Y l
i j

∂xl
i j
=

∂L
∂Y l

i j

∂

∂xl
i j

(
σ(xl

i j)

)
=

∂L
∂Y l

i j

(
σ
′(xl

i j)

)
(4.13)

where, ∂L
∂Y l

i j
is already known from the backpropagation-output from ReLU, and σ

is the activation function. Once all the ∂L
∂w are obtained, ws are then updated using

Equation 4.7 and 4.10.

Training The network follows the AlexNet architecture implemented using MatCon-

vNet [172] and trained on a Intel Xeon CPU at 3.50 GHz with 16.0 GB RAM. The

original parameter values, which are weights and biases, from the AlexNet have been

imported as initial parameter of the network to reduce the convergence time. Since the

AlexNet has been trained with the large number of natural images, it is possible that

instead of using zeros or random numbers as the initialization, their parameter values

are good initial values to train with. Tajbakhsh et al. [133], for example, showed that

a fine-tuned CNN outperformed the CNN trained from the scratch when only limited

training data are available. The learning rate was chosen to be the distribution from 1e-3

to 1e-5 in 50 epochs. The weight decay, which regularizes the weight changes, was

chosen to be 0.005 and the momentum parameter 0.9. These hyperparameters can be

optimized, however, we use the most standard values that have been applied in both

natural and medical images [173], [174], [132], [175]
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Figure 4.7: Exploiting the anatomical constraint. a) Acquire the set of axial planes which belong
to the head and body. b) Misclassified slices (red box) are corrected since the head is on the left
according to the partitioning result. c) The final partitioning result.

4.2.3 Extraction of Best Plane for Fetal Brain and Abdomen Biome-
try

As shown in Figure 4.7, the set of axial planes which belong to the head and body are

found by image classification using a CNN. An anatomical constraint is then exploited

that if the head is found to be located to the left relative to the body, body slices should

not appear on the left side of the image. Using this constraint, image slices located

on the left which have been previously classified as body are reassigned to the head

class. Based on the partitioned regions of the fetal slices, a greedy approach is used to

find the best plane for both the head and abdomen. In this work, the assumption has

been made that the positions of the diagnostic plane of the head and the abdomen with

respect to the fetal head and torso length are similar among the normal fetus of similar

gestational age. Therefore, the head and abdomen fetal biometry planes are estimated

based on a linear regression of the head and torso length. Two regression approaches

are performed to approximate the best plane of the brain and the abdomen. From the

training data, a linear regression is performed to predict the distance of the best head

plane from the approximate fetal crown as a function of the length of the head. Similarly,

another linear regression is performed for the best abdominal plane from the approximate

fetal rump as a function of the length of the body.
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Figure 4.8: Example of axial slices for each classes: Head, body and non-fetal parts

4.3 Experimental Setup

4.3.1 Datasets and Validation Methodology

The data used was introduced in chapter 3 (see Section 3.3.1). As the training set, the

axial slices were manually cropped as described in Section 4.2.1. Each axial image was

manually labelled as three classes: head, body and non-fetal parts as shown in Figure

4.8. The expert also specified the best manual biometry plane for the head and abdomen

which formed the groundtruth to compare with automatically extracted biometry planes.

Data Augmentation

As mentioned in Section 2.3.2, one of the major challenges for medical imaging compared

to natural images is its small data size. There are many variances in the medical images,

however, if the data size is small, these variances cannot be covered. One solution is

Data Augmentation, which allows to augment the original data to increase training data

size, improve model robustness to geometric variations, and reduce overfitting. Number

of papers have shown that the data augmentation increased the accuracy [176], [177],

[178]. The data augmentation was performed by flipping left-right, which mimics flipping

the probe, hence provide richer data.
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4.3.2 Evaluation

To compare the performance, three-fold cross validation was performed. CNN with and

without the pre-processing step as shown in Figure 4.2 have been compared. The method

was also compared with a hand-crafted method using SIFT features with fisher vector

following [100] 1 trained and tested with the same amount of pre-processed images used

for CNN as shown in Figure 4.8 (3403 slices for head, 5460 slices for body, 4154 slices

for non-fetal parts). Also, the dimensionality of SIFT descriptors was reduced to 80 using

PCA and 256 components of Gaussian Mixture Model has been used, which showed

the improvement in the accuracy according to [100].

4.4 Results

4.4.1 Classification Results

Classification results for the three methods are summarized in Table 1 and as confusion

matrices in Figure 4.9. The average classification accuracy of the traditional method

following [100] achieved 75.2% ±2.9 and CNN with the input as raw image achieved

73.0% ±4.8. However, the average classification accuracy using the CNN with pre-

processed images based on the auto-cropped volume achieved 76.9% ±2.7 which was

the best result. By performing t-test, which tells how significant the differences of two

means are, the difference was statistically significant with a two-tailed p-value of less

than 0.05 (p− value = 0.041 ([100] and CNN with raw image), 0.00024 (CNN with

raw and pre-processed image) and 0.046 ([100] and CNN with pre-processed image)).

First, the pre-processing step based on the localization result from Chapter 3 has shown

improvements in accuracy. As mentioned before, the raw image contains larger area of

non-fetal parts which makes the task to be more difficult. However, by auto-cropping

the image to be more focused on the fetal parts, the accuracy result has been improved.

This indicates that having the image that is more focused on the fetal parts can help the

network to learn better.

1As part of the research, the algorithm code is provided by Maraci.



4. Fetal Partitioning and Biometry Plane Extraction 63

M
et

ho
d

M
ea

n
C

la
ss

ifi
ca

tio
n

A
cc

ur
ac

y
(%

)
H

ea
d

A
cc

ur
ac

y
(%

)
B

od
y

A
cc

ur
ac

y
(%

)
N

on
-f

et
al

A
cc

ur
ac

y
(%

)
M

ar
ac

ie
ta

l.
[1

00
]

75
.2
±

2.
9

86
.4

87
.1

52
.6

C
N

N
us

in
g

ra
w

im
ag

e
73

.0
±

4.
8

89
.4

79
.7

52
.6

C
N

N
us

in
g

pr
e-

pr
oc

es
se

d
im

ag
e

76
.9
±

2.
7

92
.3

83
.5

56
.6

Ta
bl

e
4.

1:
C

la
ss

ifi
ca

tio
n

ac
cu

ra
cy

co
m

pa
ri

so
n

fo
rd

iff
er

en
tm

et
ho

ds
.



4. Fetal Partitioning and Biometry Plane Extraction 64

The results indicate that the CNN is able to capture the specific patterns of each

important fetal part without any handcrafted features provided. The method following

[100] is also able to capture the important patterns of each brain and abdomen. However,

the feature types to extract the useful information are provided by the human. A CNN,

however, finds and learns the important features straight from the data itself. Specifically,

as shown in Table 4.1 and Figure 4.9, CNN using the pre-processed image performed

better for the head and the non-fetal parts. The method following [100] shows better

results in the body classification. This might indicate that a CNN can perform better for

more complex pattern since the brain image has more patterns than the abdomen does. A

CNN also performed better in distinguishing between the head and the body according to

Figure 4.9. For instance, CNN using pre-processed image has 68 head images that are

misclassified as body, whereas [100] has 187 misclassified images. Also, the non-fetal

classifications showed bad performance from the three methods. This might be due to

the fact that the neck-region is removed from the training set to avoid the confusion.

However, since they are included in the test set, the network might classify that region as

either the head or body even though they are considered as the non-fetal parts. Also, note

that according to Figure 4.9, all three methods confused the body as the non-fetal parts.

Since the only characteristic of the abdomen is stomach bubble and if the stomach bubble

is not visualized, it might be similar to the non-fetal tissue. In clinical perspective, the

misclassification between the head and the body is more serious than misclassification

of the non-fetal because each fetal anatomy has their own guidelines for anatomical

assessments. If the algorithm misclassifies fetal anatomies, the clinicians need to override

the decision, otherwise misdiagnosis happens. Therefore, as clinical perspective, CNN

using pre-processed image is more accurate to the clinical application than [100].

The specific example of fetal partitioning is shown in Figure 4.10 (a), and the

qualitative results with more examples are shown in Figure 4.10 (b). It was also found

that all of the groundtruth biometry planes were within the partitioned range of the head

and the body as shown in Figure 4.12 (a).
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(a)

(b)

(c)

Figure 4.9: The confusion matrix for a) CNN using pre-processed image, b) CNN using raw
image, c) Maraci et al. [100].
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(a)

(b)

Figure 4.10: a) The example of the partitioning result b) The examples of partition results based
on CNN with input as cropped image resulted from the localization.

4.4.2 Extraction of Biometry Planes

As mentioned in Section 4.2.3, two linear regressions have been performed to approximate

the location of the best plane of the brain and abdomen based on the head body length

without considering the orientations. As shown in Figure 4.11, linear regression is

performed. The resulting equations for brain and abdomen plane location definition are,

PlaneBrain(mm) = 0.21×Head Length(mm)+2.63 (4.14)

PlaneAbdomen(mm) = 0.62×Body Length(mm)−2.66 (4.15)
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(a)

(b)

Figure 4.11: The linear regression approach for a)Brain and b) Abdomen. For example, the
brain is predicted from the distance of the best head plane from the approximate fetal crown as a
function of the length of the head. Same process for the abdomen.

Based on these equations, the diagnostic plane for brain and abdomen can be chosen.

However, as the R2 value indicates in Figure 4.11, there are more variance, because the

orientation is not considered in this chapter. As a result, the mean distance between the

manually and automatically extracted biometry planes is 1.6 ± 0.2mm for the fetal brain

and 3.4 ± 0.4mm for the fetal abdomen. Some typical results are shown in Figure 4.12.

Both extracted plane showed similar results compared to the manually extracted plane,

but abdomen showed larger distance compared to the brain. These might be caused by

not considering the orientation of the fetal parts.
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(a)

(b)

Figure 4.12: The extraction of best plane for brain and abdomen for biometry measurements
a) Locations of the best planes from ground-truth and automatically extracted, and b) Manually
selected and automatically selected best planes for the fetal head and fetal abdomen with distances
of difference between them.

4.5 Summary

This chapter has described initial experiments to classify each axial slice into one of

3 classes (head, body and non-fetal) using a CNN architecture and extracting the best

plane for brain and abdomen using the linear regression. Using a CNN has shown better

results than using the machine learning method following Maraci, et al. [100] which the

type of the feature is introduced by human. Also, by pre-processing the input by using

localization result from the work in the chapter 3, the classification accuracy has been

improved. This shows two interesting facts that the non-fetal parts affect the classification

accuracy that the result has been improved significantly by having images which are more

focused on the fetal parts. The second is that the neural network can be improved not

only by changing the architecture, but also by introducing pre-processing of the input.
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Based on this partition result, extracting the best plane has also shown good results using

linear regression compared to the manually extracted plane.



5
Fully Convolutional Network based

approach for Fetal Biometry Assessment

In Chapter 3 and Chapter 4, both fetal localization of the whole fetus and the fetal

partitioning using a machine learning method have shown promising results. However,

the methods used in Chapter 3 and 4 require several steps. This chapter introduces a

different approach which we show to have similar performance for the localization of

the fetus and fetal partitioning using a single neural network. Also we show, by using

a similar neural network architecture, that first trimester fetal assessment of other fetal

parts (fetal head, abdomen and limbs) can be performed.

Specifically, Section 5.1 outlines assumptions and limitations of the methods described

in the previous chapter. Section 5.2 describes how fetal assessment has been achieved

based on a deep learning method. Section 5.3 presents experimental setup. Section 5.4

presents the evaluation, and Section 5.5 presents experimental results. A summary is

given in Section 5.6. The overall concept is shown in Figure 5.1.

70
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5.1 Introduction

In the previous two chapters, the localization and the visualization of the fetal head and

abdomen were achieved by using two Random Forests and a CNN based on the 2D slices

extracted from a 3D volume. However, there are two limitations of those methods. First,

they require several steps. Moreover, the localization of the whole fetus is first achieved

by identifying the bounding box around the fetus based on edge detection, not on the

fetus itself. The internal structure of the head contain image patterns that can be used for

the localization of the whole fetus. However, edge detection is only focused on the edges,

so there is a high possibility that it will perform poorly if the edges around the fetus are

not distinct. This is not unusual in ultrasound images where signal-to-noise ratio (SNR)

and contrast-to-noise ratio (CNR) are not always high. Another limitation is that the

classification of the axial slices for fetal partitioning cannot identify the fetal parts on

the point at the boundary between the fetus and non-fetal part as illustrated in Figure 5.2.

As shown in Figure 5.2, sometimes there is no difference in image pattern between the

fetal part and the non-fetal part. This is problematic, as the CRL is measured between the

crown and rump, but these landmarks are located at the boundary of the fetus as shown in

Figure 5.2 (a). Therefore, inaccurate landmark placement can result in an under-estimated

CRL measurement, which in turn will lead to an under-estimation of the gestational

age. To overcome these problems, a method for more accurate fetal localization, that is

based on the fetus itself with fewer steps is described. Adopting fewer step procedure is

beneficial due to the less propagation of errors and computational time. As mentioned

before, in the previous two chapters, since the each step can highly affect the next step, it

is highly possible that if the fist step fails, the large errors will be propagated. Also, since

it requires more steps, the computational time will be increased as well.

Specifically, a deep learning method known as a Fully Convolutional Network (FCN)

[136] is used to automatically annotate the fetus in the sagittal view for both localization

and fetal partitioning. In the previous chapters, we assumed that the best sagittal plane

has been given. In this chapter, this assumption is relaxed and the sagittal plane is

automatically chosen based on the classification of sagittal slices.
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(a)

(b)

Figure 5.2: The example of the slice at the point where the boundary between the fetus and
non-fetal part is. a) The axial slice of the fetal crown (green) and rump (orange), b) The non-fetal
part.

Based on the segmentation result, the orientations of both the head and the torso are

considered to obtain a good visualization of the head and the abdomen. Even though

the previous results showed that the distance between the manually and automatically

extracted planes is relatively small compared to the fetal size, the visualization of the

plane is still not good enough for the diagnosis due to the difference in plane orientation

from standardized plane orientation that would be achieved with a 2D acquisition. As

shown in Figure 5.3, the butterfly shape of the choroid plexus is clearly visible when

the orientation is correct. Since the fetus is not always in the same orientation as the

standardized plane orientation, it is necessary to find the standardized plane. This is easy
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Figure 5.3: An example of the axial slice of the fetal head a) without changing orientation
(best axial slice), b) after changing orientation. The internal structure is much clearer when the
orientation is changed according to the head orientation.

to do if you can estimate head orientation. Finally, the automatic measurements (CRL,

HC and AC) can be performed.

Automatic limb detection and assessment are harder as the limbs are much smaller

with varied image appearance. A FCN-based network was developed for the localiza-

tion/segmentation of the limbs and based on the segmentation result, the orientations of

the limbs are corrected to obtain a good visualization of the limbs.

5.2 Methods

5.2.1 Fully Convolutional Network architecture

We first review the principles of FCNs. A Fully Convolutional Network (FCN) [136]

is based on a CNN. However, the main difference is that the FCN outputs pixel-wise

prediction, while the CNN for the classification outputs the classification probability

or scores as shown in Figure 5.4.
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As shown in Figure 5.4, the basic architecture of the FCN is similar to that of

the CNN, but by predicting what classes each pixel belongs to, it is more suitable for

segmentation prediction. For the basic FCN architecture, VGG-16 nets [134] have been

used. Segmentation requires local information, which tells where, as well as the global

information which tells what. However, the classic CNN considers the global information

in the image only and partially neglects spatial information due to the pooling. To

overcome this, a FCN links the final prediction layer with the prediction from the previous

layers to add local information to refine the output. For example, an edge feature is

extracted in the lower layer and by linking this layer to the prediction layer, the boundary

of the segmentation result can be finer. According to [136], the layer called the skip layer

can be added which uses 1 × 1 convolution to match the depth with the prediction layer.

The FCN architecture (FCN-8s) used in this work is shown in Figure 5.5.
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As shown in Figure 5.5, upsampling from the output of the fully connected layers is

employed to make it the same size as the output of the lower layers to do the summation.

The upsampling is achieved by using simple bilinear interpolation to match the same size

as the output of the lower layers.

The progress of the feed-forward and the backpropagation is the same as for a CNN as

explained in Chapter 2. However, since the output is a pixel-wise prediction, the loss

(softmax log-loss) is computed for each pixel by comparing with a manually annotated

label. Once the loss for each pixel is computed, they are all added to get the loss value

for the image. However, the number of pixels for each class is unbalanced. Due to

the larger area of the non-fetal part compared to the fetal part, the number of pixels of

background (non-fetal) is larger than that of the fetal part. According to [179], [180],

it is possible that the minority class is likely to be predicted as noise or outliers which

causes more misclassification. This is important because the limbs are much smaller

compared to the torso and the non-fetal tissue. To reduce this imbalance, one way is

to put more weights on the loss of the minor classes to have more influence on the loss

than the major class has. In other words, if there is a misclassification on the minor

class, it is more important to reduce this error rather than the mislcassication on the

major class. The weight is multiplied with each pixel-loss, and the weight is calculated

based on the number of pixels. Therefore, the weight for the fetal part is considered

as 1 and the background is computed as follows,

Weight for background :
Number of Fetal pixels

Number of Background pixels
(5.1)

By doing this, the fetal parts affect more on the loss than the background. Once the

weight is computed, the rest of the process is the same as for the classic CNN.

From the previous chapters, one of the assumptions was that a good sagittal plane is

provided as input. However, choosing a good sagittal plane can be achieved using

the classification network to identify whether a slice satisfies the CRL criteria or not.

Moreover, one further thing to note is that this classification network is using the same

images that have been used for whole fetus segmentation in the sagittal view. Thus, the

classification and segmentation networks have shared features. Therefore, these two
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networks can be merged as one network with two outputs or tasks. This is called a

Multi-task Network and the architecture is shown in Figure 5.6.
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For limb segmentation, a refined boundary is required due to its smaller size compared

to the fetal parts. Therefore, a U-Net [140] has been used for this task. As explained in

Chapter 2, a U-Net is similar to a FCN, but uses all lower layers and uses the concatenation

instead of the summation while linking with the output of the higher and the lower layers.

The architecture used for the limb segmentation in this work is summarized in Figure 5.7,
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As shown in Figure 5.7, a U-Net combines the features from the higher layers with the

features from the low layers by using skip layers. As mentioned in Section 4.2, the ReLU

has been proposed to reduce the problem of vanishing gradients. However, the vanishing

gradient problem was still remain with a deeper network. Also, as the network gets deeper,

it has been found that small changes in the input distribution from the previous layer can

affect the later layers significantly [181]. This phenomenon is called Internal Covariate

Shift [181]. To prevent this, Ioffe et al. [181] proposed Batch Normalization (BN). BN

normalizes the inputs of each layer to have a mean output activation of 0 and variance of

1. This is helpful because it can adjust the values which are too big or too small which

will lead to Internal Covariate Shift. BN can also help to accelerate the learning rates due

to the reduction of outlier activations which affect the learning [181]. This is the reason

that the learning rate has to be small. However, since BN reduces the outlier activations,

a higher learning rate can be used. Unlike the FCN based on the VGG-16, there are no

pre-trained U-Nets available, so the parameters/weights are learned from scratch.

Also, the method called Batch Normalization [181] has been used within the U-net.

Specifically, let

µBN =
1
m

m

∑
i=1

xi,

σ
2
BN =

1
m

m

∑
i=1

(xi−µBN)
2,

(5.2)

Then,

x̂i =
xi−µBN√

σ2
BN ,+ε

,

yBN = γ x̂i +β .

(5.3)

where µBN is the mean of the mini-batch, m is the number of the mini-batch, xi is the

ith input to the Batch Normalization layer, σ2
BN is the mini-batch variance, x̂i is the ith

normalized input, ε is a small value to prevent dividing by 0, yBN is the output of the Batch

Normalization layer, and γ and β are the parameters to be learned during the training.
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5.2.2 Standardization of plane orientation
Head and Abdomen

As mentioned in Section 5.1, plane orientation is an important factor to consider due to

the varying fetal pose in acquisition. As Figure 5.3 shows, the image is more suitable for

anatomical assessment after standardization of orientation. This is particularly important

for biometry measurement. For example, the CRL plane requires identification of specific

points on the crown and rump. However, if fetal orientation is not considered, these

two points are hard to find. One of the ways to determine fetal orientation is to rotate

each slice by several candidate orientations and to choose the best plane automatically

by performing image plane classification. However, this is computationally expensive

because it requires several changes in the orientation for every slice. Also and unlike many

medical image analysis tasks, the range of orientations over which to sample is unknown.

Therefore, in this work, segmentation of the whole fetus in the sagittal view has been

used to find the orientation of the head and the torso as shown in Figure 5.8. Since the

segmentation of the head and torso in the sagittal view has been performed, the orientation

of each part can be approximated by a mid-line and the back of the whole fetus based on

the segmented region. To obtain the mid-line, skeletonization is used. The skeletonization

is done by using the Fast Marching Method [182] 1. The mid-line is extracted in two

steps. First, the whole fetus segmentation is skeletonized to obtain the mid-line of the

whole fetus. Second, the whole fetus segmentation is partitioned into the head and torso,

and skeletonized lines are fit to each partition using second order polynomial curve fitting.

However, since these mid-lines are obtained from the skeletonized line based on the

whole fetus, this mid-line might not represent the mid-line of each head and body. To

obtain a more accurate mid-line, either the front or back boundary of the head and torso

can be used. However, the front part of the fetus has too many "spurs". For example, the

fetal head has the nose and mouth. Therefore, instead of using the front part of the fetus,

a second order polynomial fitting is applied to the boundary of the back of the fetus to

define the back-curve. Then from each segmented region of the head and torso, the slope

of each mid-line curve and back-curve are averaged to estimate the final orientations

1The public code is provided by Howe, http://www.cs.smith.edu/ nhowe/research/code.
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Figure 5.8: The process of getting the orientation for the head and the torso. (a) Based on the
annotation from a 2D slice extracted from a 3D volume, the mid-line of the whole fetus is obtained
using the skeletonization transform. (b) Separate the whole fetus into the head and the torso. (c)
Use polynomial fitting to each skeletonization of the head and the torso to get the mid-line curve.
Also, the boundary of the backside of each region, back-curve is obtained. Then calculate the
average slope of mid-curve and back-curve to get the orientation of the head and the torso.

of the head and the torso. Unlike the abdomen, the orientation of the transthalamic

plane/standardized head plane is slightly different from the head orientation, which the

frontal face is facing, because HC is measured on the transthalamic plane/standardized

head plane which is shown in Figure 5.9. Therefore, based on the training data, the

differences between the head orientation and the transthalamic plane/standardized head

plane orientation is averaged to extract a more accurate transthalamic plane/standardized

head plane. The average difference between the two was found to be 17.9◦.
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Figure 5.9: There is a difference in orientation between how the head is facing (θ1) and the
transthalamic plane (θ2).

Limbs

The orientation of each of the left and right limbs (arms and legs) is based on the

segmented results from the U-Net in the axial view.

However, since not all limbs can be viewed in a single slice, the segmented regions

from each slice are stacked as shown in Figure 5.10 (a). Then by using the averaged

class probability of each of the stacked regions, the region pixels that received more than

50% probability score are extracted as the final segmentation of the limbs (Figure 5.10

(b)). With this segmentation region, the mid-line is obtained using the skeletonization

transform [182] (Figure 5.10 (c)). Finally, using polynomial curve fitting, the mid-line

of the segmentation region and the orientation of left and right limbs are obtained as

shown in Figure 5.10 (d).
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Figure 5.10: The process of determining the orientation for the right leg. (a) Based on the
probability map for the segmentation of the right leg, the pixels with the averaged probability
larger than 50% are extracted. (b) Based on the segmentation results, (c) use skeletonization
transform [182] to get the mid-line of the right arm. (d) Linear polynomial fitting is then applied
to obtain the orientation angle.

5.2.3 Estimation of Plane Location

In Chapter 4, the plane for fetal biometry assessment was estimated by using the linear

regression based on the head and torso length without considering the orientations of

the head and the abdomen. However, as mentioned in Section 4.4, we found this had

a low R2 value, since the orientation is not considered in the estimation. However, in

this chapter, the orientation of the head and the torso are considered. Using the method

in Section 4.4.2, linear regression is needed to find the best plane for the head and

abdomen as shown in Figure 5.11,

The location of the best planes for the head and the abdomen after the correction

of the orientation are,

PlaneHead = 0.30×Head Length+0.19 (5.4)
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(a)

(b)

Figure 5.11: The linear regression graph with the equations and R2 value to approach (a) Head
and (b) Abdomen.

PlaneAbdomen = 0.50×Torso Length+0.01 (5.5)

with R2 values 0.72 and 0.89, respectively. Since we know both the location and the

orientation of the head and the abdomen, we can then rotate the volume according

to the orientation and extract the 2D slice according to the location found using the

equation 5.4 and 5.5.

Plane Extraction

The 2D slices were extracted from a 3D volume using the existing Matlab code 2. We

first create the slice surface in the domain of the volume using the estimated location,
2The code is available in https://uk.mathworks.com/matlabcentral/fileexchange/32032-extract-slice-

from-volume
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and then orient this surface with respect to the axes using the rotation matrix, R as

shown in equation 5.6,

R =

 cosθ +u2
x(1− cosθ) uxuy(1− cosθ)−uzsinθ uxuz(1− cosθ)−uysinθ

uyux(1− cosθ)+uzsinθ cosθ +u2
y(1− cosθ) uyuz(1− cosθ)−uxsinθ

uzux(1− cosθ)−uysinθ uzuy(1− cosθ)−uxsinθ cosθ +u2
z (1− cosθ)


(5.6)

where θ is angle/orientation, u = (ux,uy,uz) is unit vector where u2
x +u2

y +u2
z = 1. After

the rotation, get the coordinates of each pixel on the surface to get the intensity values

using the nearest neighbour interpolation to draw the slice plane within the volume.

5.2.4 Automatic Measurement

In the subsection we explain how biometry measurement is performed.

Crown Rump Length (CRL)

The CRL is the length between two points placed at the crown and the rump respectively.

The point at the farthest point of each oriented segmented part is chosen. As shown in

Figure 5.12, the rump is the farthest point of the segmented region of the lower part of

the torso, which in this case is the region near at the back of the fetus. It is possible that

the fetus can stretch out and causes the CRL length to be longer. However, in this thesis,

the data has been taken based on the CRL criteria as mentioned in Appendix A which

includes the fetus must be in a neutral position. Therefore, all of the fetal data used in

this thesis does not contain the fetus that is hyperextended or flexed.

The Head Circumference (HC) can be calculated from the Biparietal Diamter (BPD),

the shortest radius, and Occipitofrontal Diameter (OFD), the longest radius, using equa-

tion 5.5,

HC =
π× (BPD+OFD)

2
(5.7)

The Abdomen Circumference (AC) measurement is calculated from the Antero-

posterior Abdominal Diameter (APAD), the shortest radius, and Transverse Abdominal

Diameter (TAD), the longest radius, using equation 5.6,

AC =
π× (APAD+TAD)

2
(5.8)
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Figure 5.12: The overall process of getting the crown and rump points for the CRL measurement.
Based on the segmented region, the head and torso (including the lower limb) are separated first.
Then rotate each region according to the obtained orientation angles (θH ,θT ) from the centre point
of the head and torso. Based on the rotated region, obtain the crown and rump coordinate by
finding out the farthest point inside the segmented region. Finally, link the two points and do the
CRL measurement.
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(a) (b)

Figure 5.13: The examples of the automatic measurement of (a) the HC and (b) the AC. When
the segmentation result is obtained, fit the ellipse to the segmented region. The short and long axis
of the resulted ellipse is then obtained to calculate the circumferences.

For the HC and AC, an ellipse is fitted to each segmented region/given-points using the

least-squares fitting method following [183] by having the minimum sum of the squares

of the distances to the given points. After the ellipse is obtained, the longest and shortest

outer-outer diameter are estimated as shown in the Figure 5.13.

GA is calculated from the CRL using a standard formula [93],

GA(Days) = 40.9041+3.21585×CRL0.5 +0.348956×CRL (5.9)
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5.3 Experimental Setup

The data was separated into training and test sets. The volume and the images from

the same fetus were placed in either the training or the test set, not in both. In total

65 3D fetal volumes were used; 44 as the training set and 21 as the test set. For the

training set, an additional 8 data were included for the head because some volumes had a

good head axial views, although they did not satisfy the CRL criteria. Also, to compare

the localization result with the result from the previous chapter, the same data set was

used, and only the head and torso were segmented. Image preparation for input to the

network is explained in Section 5.3.1 and 5.3.2.

5.3.1 Sagittal Plane
Classification

For plane classification, sagittal slices that satisfied the CRL criteria were manually

classified as satisfied and other slices as unsatisfied, as illustrated in Figure 5.14.

Segmentation

For whole fetus segmentation in the sagittal view, the image was manually annotated into

4 classes: head, torso, lower limb and background, as shown in the Figure 5.15. Note

that the annotation has been done not only for the images that contain all the fetal parts,

but also for an image if it contains a clear visualization of one of the fetal classes. This

is because such an image still contains important fetal features but if they are annotated

as background, it may confuse the CNN in training.

5.3.2 Axial Plane
Head and Abdomen Axial Plane

The head and abdomen slices were first cropped based on the segmentation of the whole

fetus in the sagittal plane as described in Chapter 4. For training, the image was first

cropped manually based on the manual segmentation of the whole fetus. Then each head

and each abdomen was annotated manually as shown in Figure 5.16.
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(a) (b)

Figure 5.14: Typical example of a)satisfied and b) unsatisfied sagittal planes. They were labelled
based on whether the slice satisfied the CRL criteria or not.

Limbs

Compared to the head and the abdomen, the arms and legs have greater appearance

variance due to variable pose. Therefore, instead of cropping the image as for the head

and abdomen, the original and full size image is used. Both limbs and the torso are

manually annotated as shown in Figure 5.17. Since the presence of limb parts (upper,

lower limbs and hands or feet) are difficult to visualize in a single axial slice, we learn the

spatial relationship between consecutive slices. Therefore, instead of having a single slice

as input, 3 slices are input with the focus on the middle slice being evaluated.

Data Augmentation

Similar to Section 4.3.1, the data augmentation was performed by flipping left-right

and the image rotation around the centre to a maximum ± 30 ◦ randomly with uniform

distribution. With these augmentation methods, the training data size is increased to 5

times larger the original set. For the limbs, however, only the image rotation is considered
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Figure 5.15: An example of a) raw image and b) its corresponding manually-derived labels. Note
that if the image contains any fetal parts with good visualization, it has been annotated even
though the slice itself may not satisfy the CRL criteria.

since the left and right are considered as different classes for limb segmentation, which

yielded 4 times lager training data size for the limbs. As pre-processing, the intensity

normalization of the training data (with mean and standard deviation) is performed.

5.4 Evaluation

5.4.1 Segmentation (Quantitative Measures)

Two comparative metrics were used.

Intersection over Union of bounding box (IoUbox) is defined as,

IoUbox =
Area of Automatic Box∩Area of GT Box
Area of Automatic Box∪Area of GT Box

(5.10)



5. Fully Convolutional Network based approach for Fetal Biometry Assessment 95

Figure 5.16: Typical examples of head and abdomen annotation a) Raw image, and b)
corresponding manually annotated labels.

where GT is groundtruth.

Pixel accuracy and Intersection over Union of segmentation IoUseg were used as the

performance metric for the FCN. Pixel accuracy defines how many pixels are correctly

classified compared to the ground truth. IoUseg is defined as,

IoUseg =
Number of Pixels of Auto∩Number of Pixels of GT
Number of Pixels of Auto∪Number of Pixels of GT

(5.11)

IoU is very similar to Dice coefficient which represents how similar two segmentation

masks are, which in this case, automatic and manual annotation. IoU has been used

as evaluation metric for number of papers for bounding box and segmentation [165],

[136], [140], [184], [40], [185].
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Figure 5.17: The example of axial slice of each left and right arms and legs, and torso with
corresponding labels.

5.4.2 Visualization (Qualitative analysis)

As a qualitative evaluation, two clinicians were given the manually and automatically

extracted plane for each fetal part from each data without any information about which

images had been automatically or manually extracted. Then they were asked to decide

which images might be suitable for anatomical assessment based on the ISUOG guidelines

(Table 2.1) [5].

5.4.3 Extracted Plane and Orientation (Quantification)

To evaluate accuracy of estimation of the plane and the orientation, two metrics were

used; (1) the distance between the manually and automatically extracted plane [186];

and (2) the angle difference between the manually and automatically chosen angle. For

the evaluation for the limbs the detection rate and the plane orientation are used to
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Total Pixel Acc (%) BG Acc (%) Torso Acc (%) Head Acc (%)
96.1 97.2 88.1 90.8

Table 5.1: Total pixel accuracy and the accuracy for each class (head, torso and background
(BG)), where Acc represents accuracy.

Mean IoUseg BG IoUseg Torso IoUseg Head IoUseg
0.83 ± 0.12 0.96 0.73 0.79

Table 5.2: Mean IoUseg and the standard deviation, and the IoUseg for each classes.

evaluate the fetal limb assessment.

5.5 Results

5.5.1 FCN and Random Forests

The performance of segmentation is shown in Table 5.1 and 5.2. Due to the large number

of background pixels, the pixel accuracy and the IoU of the background class is much

higher than for the fetal parts. The torso achieved the lowest accuracy and IoU. For

comparison, IoUbox, results from Chapter 3 and FCN are 0.74 and 0.84, respectively

as shown in Table 5.3. A few examples of the localization of the whole fetus are

shown in Figure 5.18.

From Table 5.3 and Figure 5.18, we observe that the FCN achieved higher IoU

than the methods following Chapter 3. As mentioned in Section 5.1, advantages of

the FCN compared to the methods from previous chapters include that it can achieve

a higher accuracy without the requirement of the handcrafted features. As shown in

Figure 5.18, the FCN-derived bounding box surrounded the whole fetus more tightly

than the method proposed in Chapter 3.

Method IoU_box
RF and CNN 0.74

FCN 0.84

Table 5.3: The IoUbox from Chapter 3 and FCN that IoUbox from the FCN showed higher IoU
than Chapter 3.
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(a) (b) (c)

Figure 5.18: The examples of bounding box around the whole fetus in sagittal view (a) Chapter 3
(b) FCN (c) Groundtruth.

5.5.2 FCN for Fetal parts
Whole Fetus Segmentation

In this subsection, whole fetus segmentation has been performed for 4 classes (head,

torso, lower limb and background). We compare three methods: FCN-32s with the

original number of nodes, FCN-8s with reduced nodes, and a multi-task FCN-8s. Results

are given in Table 5.4 and 5.5.
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(a) (b) (c)

Figure 5.19: Examples of automatic segmentation of a) the whole fetus, b) the head and c) the
abdomen. Green (Head), yellow (Torso), blue (limbs)

The first thing to note from the results shown in Table 5.4 and 5.5 is that the FCN-8s

showed better results than the FCN-32s, although the FCN-8s used less nodes. The

prediction from the FCN-32s is coarse because it was upsampled from the prediction

with small size. Because of this, the boundary of the prediction appears coarse after

upsampling. The FCN-8s architecture upsamples the prediction only eight times which

yields a finer boundary. Because of this, both pixel accuracy and IoU are higher for

the FCN-8s architecture. Another interesting finding to note from Table 5.4 and 5.5

is that the multi-task network achieved slightly better accuracy and IoU than FCN-8s.

This indicates that the multi-task network can do both tasks at the same time with

better performance compared to a single-task network. The multi-task network also

achieved 98.9% classification accuracy. Examples of whole fetus segmentation are

shown in Figure 5.19 (a).

Head and Abdomen

Two separate FCNs could be used for head and abdomen segmentation. However, it is

also possible to have one FCN to simultaneously perform both segmentation tasks. To
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Head pixel acc (%) Head IoU Abdomen pixel acc (%) Abdomen IoU
FCN (Head) 95.4 0.90 - -

FCN (Abdomen) - - 96.6 0.94
FCN (Both) 95.0 0.92 96.3 0.94

Table 5.6: Segmentation results of the head and abdomen : comparing the performance between
different FCNs.

Mean Accuracy (%) Left (%) Right (%) Torso (%)
FCN-8s 80.1±15.4 67.9 66.9 87.5

U-Net (single) 84.7±13.6 71.1 75.2 93.5
U-Net (Stacked) 85.0±12.6 72.3 76.5 92.1

Table 5.7: Performance of arm segmentation assessed by pixel accuracy: comparison of FCN-8s,
a standard U-Net architecture with single channel and a same U-Net architectures with multiple
channels.

evaluate the performance of a FCN for head and abdomen segmentation, three FCNs

were implemented and compared. Results are summarized shown in Table 5.6.

As shown in Table 5.6, the segmentation results show negligible difference between

the FCN for two individual segmentations and each FCN for either head or abdomen

segmentation. This might be due to their different internal structures’ image patterns, and

the FCN can recognize these differences. Examples of head and abdomen segmentation

are shown in Figure 5.19 (b) and (c).

Limbs

The performance of limb segmentation was compared for a FCN and a standard U-Net

architecture and a U-Net architecture where the input with single channel and three

channels that corresponding to relative slice and adjacent slices. Results are summarized

for the arm in Table 5.7 and Table 5.8, and for the legs in Table 5.9 and Table 5.10.

Mean IoU Left Right Torso
FCN-8s 0.57±0.20 0.32 0.32 0.67

U-Net (single) 0.70±0.18 0.51 0.50 0.82
U-Net (Stacked) 0.70±0.17 0.52 0.50 0.81

Table 5.8: The performance of arm segmentation and the comparison based on mean IoU with
standard deviations, and IoU for left, right arms and torso.
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Mean Accuracy (%) Left (%) Right (%) Torso (%)
FCN-8s 83.4±12.0 71.4 76.9 86.7

U-Net (single) 88.5±8.7 80.5 82.1 92.6
U-Net (Stacked) 88.3±8.0 81.8 82.6 90.0

Table 5.9: Performance of leg segmentation assessed by pixel accuracy: comparison of FCN-8s,
a standard U-Net architecture with single channel and a same U-Net architectures with multiple
channels.

Mean IoU Left Right Torso
FCN-8s 0.60±0.26 0.43 0.42 0.56

U-Net (single) 0.62±0.25 0.46 0.46 0.59
U-Net (Stacked) 0.63±0.25 0.45 0.46 0.63

Table 5.10: The performance of leg segmentation and the comparison based on mean IoU with
standard deviations, and IoU for left, right legs and torso.

As shown in Table 5.7-5.10, the U-Net gives better segmentation results compared

to the FCN-8s. Due to the small size of a limb compared to both background and torso,

the limb segmentation requires finer boundaries than the torso does. The U-Net has

shown that using information from all the lower layers can improve the segmentation

performance. Also, a 3-slice input was found to improve limb segmentation for the same

architecture. Examples of the localization of the limbs and their corresponding sagittal

view with and without correcting for the orientation are shown in Figure 5.20 and 5.21,

As shown in Figure 5.20 and 5.21, limb visualization after correcting for orientation

is more focused on the limbs. In Figure 5.20, for example, the visualization of the left

arm shows the upper and lower arm, and the hand.

5.5.3 Plane Extraction and Measurement

Head and abdomen plane extraction is quantified by computing (1) the averaged difference

in the orientation and (2) the distance between the center point of the automatically and

manually extracted planes. The results are shown in Table 5.11 and Table 5.12.

Head Abdomen
The averaged distance (mm) 1.98 ± 1.19 2.51 ± 1.58

Table 5.11: The averaged distance and the standard deviation between automatically and manually
extracted planes for the head and the abdomen from 21 test data.
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(a)

(b)

Figure 5.20: Fetal arm detection and its visualization in sagittal view where blue indicates the
left arm and red box indicates the right arm, and yellow lines indicate each arm segment (upper,
lower, hand). (a) The localization of the arms in the axial view based on the segmentation results
using a U-Net. (b) Based on the segmentation, the orientation is changed following the methods
explained in Section 5.2.3. The example shows that the image quality is improved after correcting
the orientation.

Head Abdomen
The averaged orientation difference (◦) 9.45 ± 7.34 4.32 ± 2.42

Table 5.12: The averaged difference and the standard deviation in the orientation angle between
automatically and manually extracted planes for the head and the abdomen.
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(a)

(b)

Figure 5.21: Fetal leg detection and its visualization in the sagittal view where blue indicates
the left leg and red box indicates the right leg, and yellow lines indicate each leg segment (upper,
lower, foot). (a) The localization of the legs in axial view based on the segmentation results
using a U-Net. (b) Based on the segmentation the orientation is changed following the methods
explained in Section 5.2.3. The example shows that the image quality is improved after correcting
the orientation.
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HC (mm) AC (mm) CRL (mm) GA (days)
Averaged Difference 6.03 ± 3.62 3.34 ± 2.84 -1.65 ± 5.21 -0.91 ± 2.83

Table 5.13: The averaged difference and the standard deviation of the fetal biometry measurements
between automatic and manual measurements.

As shown in Table 5.11, the averaged distances between the automatically and

manually extracted plane for the head and abdomen are 1.98mm ±1.19 and 2.51mm

±1.58, respectively. As shown in Table 5.12, auto-manual orientation differences are

9.45 ± 7.34 and 4.32 ± 2.42 for the head and abdomen, respectively.

Automatic and manual measurements are compared in Table 5.13. As Table 5.13

shows, the differences in each measurement are small compared to the size of the

corresponding fetal parts. For example, the averaged HC measurement for the data

used in this work is 77.8 mm and the average difference is 6.03 mm. GA difference

is only 1 day. The large auto-manual differences in the HC and AC are mainly caused

by the segmentation results as shown in Figure 5.22. The boundary around the fetal

head is unclear which may have led to over-segmentation. Therefore, the ellipse around

the segmentation result becomes larger than the correct ellipse as shown in Figure 5.22

(b). Since the measurement is based on the fitted ellipse, the automatic measurement

becomes larger than the manual measurement.

Automatic-Manual and Manual-Manual

To validate the automatic results, comparison between the automatic and manual1 (A-

M1), automatic and manual2 (A-M2) and the inter-observer variability (M2-M1) has

been made. The averaged distance and the averaged orientation difference are reported

in Table 5.14 and 5.15.
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(a)

(b)

Figure 5.22: The example of the measurement result for the head. (a) The ellipse is fitted based
on the segmentation results, but due to the unclear boundary, the algorithm over-segments the
head and this yields larger ellipse to be fitted compared to the correct ellipse (blue) as shown in
(b).
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A-M1 A-M2 M2-M1
HC (mm) 6.03 ± 3.62 5.04 ± 3.15 1.00 ± 3.43
AC (mm) 3.34 ± 2.84 4.57 ± 4.34 -1.40 ± 4.22

CRL (mm) -1.65 ± 5.21 -0.69 ± 4.38 -0.93 ± 1.96
GA (days) -0.91 ± 2.83 -0.41 ± 2.49 -0.51 ± 1.08

Table 5.16: The averaged difference in the measurement in A-M1, in A-M2 and in M2-M1. Due to
the over-segmentation results from a FCN, the automatic measurements for both HC and AC are
larger than both manaual measurements. The CRL and GA, however, showed similar results.

Detection rate
Left Arm 0.65

Right Arm 0.50
Left Leg 0.55

Right Leg 0.35

Table 5.17: Fetal limb detection rate. (n=21)

As shown in Table 5.14, the averaged distances from A-M1 and A-M2 are similar

to those of M2-M1, which shows that the automatic plane extraction result is within

an acceptable range. It is worthy to note that the orientation differences vary alot for

the head as shown in Table 5.15. This means that there is a large variability in plane

extraction, especially for the head where the inter-observer difference is 20.13◦ whereas

the abdomen showed less difference (7.12◦).

The difference in the measurement is also compared in Table 5.15. As shown in

Table 5.16, the automatic measurements for the HC and AC are larger than both manual

measurements. This supports the previous analyses based on Table 5.13 and Figure

5.22. Since the FCN over-segments the fetal parts, the automatic measurements are

larger than the manual measurements whereas the inter-observer difference is much

smaller. There is not much difference for the CRL measurements and the GA that is

within 1 day of the manual prediction.

Limbs

Fetal limb detection results are shown in Table 5.17. Note that the limb detection rate

is low as shown in Table 5.17. Therefore, for the orientation validation, we excluded

the data for which automatic limb detection failed. The orientation differences are

shown in Table 5.18.
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Orientation Difference(◦)
Left Arm 12.6 ± 16.1

Right Arm 13.7 ± 12.9
Left Leg 8.7 ± 9.7

Right Leg 9.5 ± 6.3

Table 5.18: The averaged orientation difference of the limbs. Although the automatically extracted
plane is similar to the manually extracted plane, there is a large variance in the orientation.

HeadAuto HeadManual AbdomenAuto AbdomenManual
Qualitative Assessment (n=21) 19 20 15 19

Table 5.19: The qualitative analysis of head and abdomen plane detection. The clinician has
verified that the automatically extracted plane of the head has shown good visualization for the
anatomical assessment since both automatically and manually extracted plane obtained similar
results. The automatically extracted plane of the abdomen also showed good visualization.

Overall, the detection rate of the limbs is low. In this thesis, the location of the limbs

is simply approximated based on the location of the head and torso where the arms are

assumed to be located in the upper torso and the legs are located at the end of the torso.

However, the low detection rate suggests that there needs to be further prior knowledge

applied for detection. See chapter 6 (Conclusions) for a further discussion.

5.5.4 Qualitative Assessment
Head and Abdomen

As mentoned in Section 5.4.2, a qualitative assessments of head and abdomen plane

detection have been performed and the results are shown in Table 5.19.

The qualitative analysis of the head and abdomen has shown good results, especially

for the head, as shown in Table 5.19. A clinician has verified that the automatically

extracted plane of the head has shown good visualization for the anatomical assessment

since both automatically (19/21) and manually extracted plane (20/21) obtained similar

results. The automatically extracted plane of the abdomen also showed good visualization.

(15/21) planes have obtained good visualization of the abdomen. The reason might be

the only characteristic of the abdomen is the stomach bubble, but due to its small size,

it might be more difficult to be visualized, whereas the choroid plexus in the head is

large which is relatively easier to visualize.
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Manual Auto1
Left Arm (n=21) 17 7

Right Arm (n=21) 13 5
Left Leg (n=21) 21 7

Right Leg (n=21) 16 5

Table 5.20: The qualitative assessment for the limbs. Both arms and legs have shown low
qualitative analysis results due to the low detection rate as shown in Table 5.17.

Auto1 Auto2
Left Arm 0.33 0.47

Right Arm 0.24 0.45
Left Leg 0.33 0.70

Right Leg 0.24 0.56

Table 5.21: Comparison between automatic results with/without non-detected plane for the limbs
(Auto1 and Auto2). The qualitative analysis results have improved especially for the left leg.

Limbs

A qualitative assessment of the limb plane detection is summarized in Table 5.20.

First, note that manually extracted planes are quite good (17/21, 13/21, 21/21 and

16/21). The automatic results are not as good but reflect the challenging nature of

the plane detection task.

Since the limbs are not detected in some data, we also analysed how much the

qualitative results would improve if we analyse the data where the limb detection was

successful. This is to analyse how much the detection rate affects the visualization. Table

5.21 summarizes comparison in the qualitative assessment between automatic results

from all test data (Auto1) and from the test data excluding non-detected data (Auto2).

The qualitative assessment results are better (column 3, Table 5.21). The qualitative

assessment for the left leg, for example, is improved from 0.33 to 0.70. This indicates

that in the case when the limbs can be detected, visualization is better.

5.5.5 Integrated System

The developed methods were integrated into a software application with an interactive

user interface. Refer to Figure 5.23.
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(a)

(b)

Figure 5.23: Integrated software interface. a) The initial result b) The user can change the slices
and the system outputs the corresponding measurement in real time.
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As shown in Figure 5.23 (b), instead of showing only one slice for each fetal parts,

the system outputs 10 slices. This allows the user to check the other slices with the

corresponding measurements for the better assessments.

5.6 Summary

This chapter has described original methods for automatic first trimester fetal biometry

assessment based on FCN-based neural networks which is, in our knowledge, the first

attempt to do automatic biometry from a single 3D volume. As the first task, the

localization of the whole fetus is performed using a FCN and a comparison is presented

with methods proposed in Chapter 4 (handcrafted features). The FCN-based algorithm

was found to have a higher localization accuracy of the whole fetus (0.84 versus 0.74).

A FCN multi-task network was implemented to extract a sagittal plane and perform

segmentation. The accuracy of the method was 89.4% (versus 85.8%) and IoU is 0.76

(versus 0.58). This was the first attempt to apply a FCN multi-task network on a 3D first

trimester fetal volume to partition the whole fetus into the head, torso and the lower limb.

Based on the localization and the segmentation result, we were able to focus attention

on the fetal parts in the axial view and able to correct the plane orientation for better

visualization of the fetal parts. With the image focused on the fetal parts, we achieved

95.0% and 96.3% in pixel accuracy and 0.92 and 0.94 in IoU of the head and abdomen,

respectively. In this chapter, the limbs are also included which is the most challenging

part of the research and has not been studied before. We achieved promising results -

85.0% and 88.3% in pixel accuracy, and IoU of 0.70 and 0.63 for the arms and the

legs, respectively.

With the whole fetus segmentation results, we were able to extract the biometric

plane for the head and abdomen with orientation-correction. As shown in Figure 5.3, the

orientation is the important factor for the better visualization of the fetal parts in the axial

view. We were able to automatically change the plane orientation for each head and torso

based on the segmentation results, which is another original contribution of the thesis.

With the orientation-corrected plane, we achieved an averaged orientation difference

between estimation and groundtruth of 9.45◦(±7.34) and 4.32◦(±2.42) which was found
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to be in the acceptable range compared to the inter-observer variance (20.13◦(±12.65)

and 7.12◦(±5.13) for the head and abdomen, respectively). By having the corrected-

orientation, plane extraction achieved a similar performance with respect to a manual

reference (1.98 mm(±1.19) versus 2.11 mm(±1.06) and 2.51 mm(±1.58) versus 1.92

mm(±1.69) for the head and abdomen, respectively). As mentioned before, one of the

primary goal of providing computer-aided analysis is to reduce the variance, and as the

result shows, we achieved less than or similar to inter-observer variance. This shows the

potential of inter-observer-variance reduction using automatic biometry.

We also achieved good plane detection for the head and abdomen with respect to the

manually extracted plane (19/21 versus 20/21 and 15/21 versus 19/21 for the head and

abdomen respectively). Automatic measurements for the HC and AC were found to be

larger than the manual measurements (6.03 mm(±3.62) and 3.34 mm(±2.84)) due to the

over-segmentation. The CRL has shown promising results. The GA prediction from the

CRL had an estimated 1 day difference between automatic and manual measurement.

Due to the low detection rate and qualitative results, we cannot draw strong conclusions

about limb assessment. However, we found that if the limb can be detected well enough,

the limbs’ plane images could be found.



6
Conclusions and Future Work

This chapter summarizes the contributions of this thesis and describes possible directions

of future studies.

6.1 Conclusions

In this thesis, we applied machine learning method to do automatic fetal assessments in

the first trimester and showed the feasibility. We first proposed to develop two consecutive

random forests to localize the whole fetus within the manually selected sagittal plane

(chapter 3) and then used a CNN to extract the head and the abdomen plane (chapter

4). In these two chapters, we showed the potential of using machine learning approach

to do the automated fetal assessments. We also showed that deep learning methods can

achieve similar or better results compared to machine learning methods that require the

handcrafted features. However, although the results looked promising, the final results still

require several consecutive steps that can yield more errors in the later steps. Especially,

the first step, which is the edge detection by structured random forests, is not based on the

fetus itself. Therefore, we used a FCN to achieve better performance with less number of

steps and no handcrafted features. In addition, we were also able to do more automated

fetal assessments such as the automated measurements, correction of the plane orientation

to the standardized plane orientation and the fetal limb assessments.

114
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6.1.1 Contributions

In this work, we developed a FCN-based approach to automatic biometry assessment

for the first trimester fetus from a 3D ultrasound volume. To our knowledge, this is the

first study to do this. Specifically, our first task localizes the whole fetus. This is the

first study to exploit deep learning for automatic localization of the whole fetus from

a 3D volume. The developed method has shown a very good localization with a good

performance in both good sagittal plane extraction and the semantic segmentation of the

fetus compared to a method using handcrafted features. Especially, the performance in the

semantic segmentation of the whole fetus was achieved surprisingly well that the network

was able to distinguish the head and the torso without any human interactions like the

handcrafted features. This might prove that the network can distinguish the different

structures even though they are attached to each other, and have the potential to be used

for more complex segmentation such as the internal organs since they are more likely

to be adjacent to each other. We also proved that whole fetus localization improved the

performance of a FCN relative to processing a full 3D volume.

Secondly, based on the segmentation/partitioning results, we developed a method for

plane orientation-correction to each of the head and the body for visualization of fetal

parts in the axial view. This is another unique work that has not been studied before.

Having both segmentation and corrected orientation, we were able to perform automatic

plane extraction and measurement. Automated measurement compared favorably with

the manual case.

We also performed automatic limb assessment which has not been studied before.

Surprisingly, although the result was not as good as other fetal anatomies, a FCN was

able to distinguish the limbs from the torso and the non-fetal tissue. Unlike the head and

the abdomen which have unique pattern that can be distinguished from others, the limbs

have relatively less pattern. It is possible that if any region that is attached to the torso, the

network annotate them as the limbs. This is encouraging result because we achieved this

without any particular prior knowledge, and this will be the potential future work to study.

As mentioned before, this is the fist work of automatic first trimester fetal assessment

from a 3D ultrasound volume. We have shown that our methods are capable of performing
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automatic biometry assessment and has potential to reduce inter-observer variability

in measurement.

6.2 Limitations and Future Work

There are several possible extensions of this thesis in both clinical and technical directions.

6.2.1 Dataset

The ultrasound dataset used in this thesis is a 3D first trimester fetal ultrasound volume

dataset based on the CRL criteria, as explained in Appendix A. However, this 3D scan is

currently not considered routine scan. Because of this, the size of the data used in this

research is small. Although we increased the data size by extracting 2D slices from a

3D volume and did data augmentation, the data size is still relatively small compared

to the data that can be obtained from the 2D routine scan. To be more generalized, the

larger data size is still required. Also, to improve the performance, acquiring more data

is necessary since the data size is an important factor in deep learning. Following the

guidelines/criteria mentioned in Appendix A, acquiring more 3D first trimester fetal

ultrasound volume (at least 100 volumes) allow us to extract larger dataset of the 2D

slices and it is even possible to design 3D network architectures to use the data as 3D

instead of 2D. Also, it would be possible to use the existing 2D data that includes the

classes that we worked on for this thesis (the head, the abdomen, the whole fetus and

the limbs). Although the fetal anatomies in the 2D slices might be visually different in

terms of the size and their more detailed internal structures, the general pattern of the

fetal anatomies will be similar. For example, the ring-shaped fetal skull surrounding the

head and the stomach bubble in the abdomen can be visualized in both 2D and 3D scan.

Therefore, we can use the 2D data as the training set or we can use transfer learning

[173] from the pre-trained network based on the 2D slices and fine-tune the parameters

of our network. This would be interesting to do in future work.
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6.2.2 Clinical

Although a prototype has been built, it has not undergone clinical evaluation. Having

more than two clinicians to compare with their manual assessments is one possible way

of evaluation. Another requirements to make the user interface more feasible, the system

might need to check the quality as well. Since the quality of the image can be varied due to

the ultrasound’s dependence on the sonographer’s skill and the image artefacts, the quality

of the image needs to be checked before the assessments. These automatic algorithms

can be done by training the network with the good-quality images as the classification

task whether the image has good quality or not. If we adopt the quality-check or scoring

algorithms into the system, we can either filter them out or notify the sonographer to

reperform the scan before the actual assessments.

6.2.3 Biometry plane extraction and measurements

In this thesis, regression is used to estimate the location of the biometry plane. However,

this approach can be highly affected by the data size. Other than acquiring more datasets,

locating the biometry plane might be improved by using regression or a classifier based on

the deep learning to the fetal parts in the axial view. One possible way is to use multitask

network. As shown in Chapter 5, a multitask network can do a multiple tasks instead of

having multiple single networks. We can use multitask network to do two tasks: classify

whether the image contains fetal anatomies that we want to do the assessments, and if it is,

do the segmentation and the measurements. Using the regression can give wrong images

because it approximates the location without knowing whether that is correct image or not.

However, since a multitask network can distinguish the fetal anatomies from the others,

we might be able to get good performance in the measurements due to the better quality.

Plane orientation estimation might also be improved by considering the coronal view.

Due to the fetal movement, it is highly possible that the fetus might not lie straight.

Because of this, the coronal plane orientation can be different from standardized plane

orientation as shown in Figure 6.1 (c).

As shown in Figure 6.1, when we did not correct any plane orientation (Figure 6.1

(a)), the quality of the head is not good enough to be used for the assessments. However,
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(a) (b) (c)

Figure 6.1: The examples of how the head is visualized when we consider a) no plane orientation,
b) only axial plane orientation and c) axial- and coronal plane orientation. When we do not
consider any plane orientation (a), the quality of the head is good enough to be used for the
assessments. However, as we consider the plane orientations (b and c), the quality of the head is
getting better.

as we correct the plane orientations (Figure 6.1 (b) and (c)), the quality of the head is

getting better that the visualization of the choroid plexus becomes more clear. Since

both the anatomical assessments and automated measurements depend on the quality

of the image, the coronal plane orientation must be corrected to the standard plane

orientation. One possible way is to do the segmentation of the whole fetus into the

head and torso in the coronal view, and then estimate the orientation using the mid-line

of the segmented region as we did in the sagittal view in chapter 5. Another possible

way is to do the 3D segmentation using the 3D network, but this requires manual 3D

annotation which is very difficult to obtain. Therefore, it might be better to use one 2D

slice from each view and estimate the orientation.

The automated measurement accuracy might also be increased with improved auto-

mated segmentation. As shown in Figure 5.21, the larger ellipse is obtained due to the

oversegmentation. To overcome this, the segmentation with finer boundaries or post-

process the segmentation region will give more accurate ellipse. Using networks, like

U-net, might improve the performance due to their ability to output finer boundaries or

using other techniques such as edge-detection to post-process the segmentation region

might also yield finer boundaries. For example, instead of using the segmentation result

itself, use it to crop the image to focus more on the fetal anatomy and then use phase-based
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method similar to [164] or use structured random forests [121] to extract the boundary

of the fetal anatomy. Based on the extracted boundary, fit the ellipse, and then do the

automatic measurements. Another possible way is to use the graphical model similar to

[187] as post-processing to refine the boundary of the segmented region.

6.2.4 Biometry assessment for the limbs

Automatic fetal limb assessment formed the most challenging part of the research. The

limbs are difficult to visualize and their size is relatively small compared to the fetus and

non-fetal tissue. Due to this, the data size of the limbs are small. One simple way to

increase the data size is to get more volumes, but it might not increase as well as other

fetal anatomies due to their difficulties in the visualization especially in the 3D unless the

data is focused on the limbs. Therefore, another possible way is to include the 2D data of

the limbs as part of the training set, since they might have more detailed pattern.

Technically, it might be possible to improve the performance using a 3D network

and/or incorporates prior knowledge such as the spatial relationship between the localized

fetal parts. However, the only criteria for the limbs in clinical practice is their presence.

Unlike other fetal anatomies such as the head which should visualize the butterfly-shaped

choroid plexus, the limbs do not have any particular patterns except their attachment to

the torso. More clinical knowledge might be needed to be studied.
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A
Appendix

A.1 Data acquisition

Data was acquired by the clinicians with a Philips V7-3 (7.3 MHz) volume-curved

transducer with a spatial resolution of 0.33mm × 0.33mm × 0.33mm. The acquisition

protocol followed the CRL criteria (good sagittal plane for whole fetus):

1. The fetus should be horizontal (at 90◦ to the angle of insonation) – posterior spine

position;

2. The image should fill at least 30% of the monitoring screen;

3. The crown and rump should both be clearly visible (the whole fetus must be

present); and,

4. The fetus should be in a neutral position (not hyperextended or flexed).

A typical example of a visually good and bad data acquisition are shown in Figure A.1.

Figure A.1, for example, shows the fetus in the mid-sagittal section in the horizontal

and neutral position. Also, the image has a good magnification of the fetus. Figure A.1(b),

however, shows the fetus is too small compared to the size of the whole image and the

fetus is not facing upward. Only data satisfying the acquisition protocol above was used

in this research.
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(a)

(b)

Figure A.1: The data acquisition criteria a) Visually good data acquisition. The image is taken in
the mid-sagittal section and the fetus is in horizonatal and neutral position. Also, the fetus covers
more than 30% of the image. b) Visually bad data acquisition. The image is taken with incorrect
acquisition that the magnification is poor and the fetus is in anterior spine position which the fetus
is not facing upward.

A.2 Groundtruth

The information regarding the groundtruth has been given by the experts/clinicians.

A.2.1 Bounding Box

The bounding box is manually drawn around the whole fetus from the 2D slices extracted

from the 3D volumes as shown in Figure A.2. The criteria for the groundtruth is to

contain the whole fetus without any missing fetal parts. The manually drawn boxes are
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Figure A.2: The example of the bounding box manually drawn around the whole fetus.
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then checked by the clinicians to ensure that there are no missing fetal parts inside

the bounding-box.

A.2.2 Classification

The 2D slices are extracted from the 3D volume and has been classified by the clinicians

according to ISUOG guidelines [5] as shown in Table 2.1 in Section 2.2.1.

A.2.3 Segmentation

The segmentation labelling for the fetal parts has been done by ourselves and has been

checked by the clinicians.
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