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Abstract

Cardiovascular diseases are the most common cause of death globally. For more than
half of those who die of a cardiovascular event, the disease has been clinically silent
until that point, indicating a need for more targeted intervention. Abdominal aortic
calcification (AAC) is an independent predictor of CVD and can be used as a measure
of atherosclerotic extent within the arterial system, allowing more accurate risk strat-
ification and monitoring ahead of a major cardiovascular event. Dual energy X-ray
absorptiometry (DXA) vertebral fracture assessment (VFA), performed on a densito-
meter can visualise calcifications in the abdominal aorta. These images represent an
opportunity to obtain clinically informative data on cardiovascular risk in a noninva-
sive manner. Despite these advantages, AAC is time consuming to annotate and not
routinely reported; it is not commonly used to affect treatment decisions.

This work investigates the automation of AAC measurement in VFA images. Ap-
proaching from the perspective of a semantic segmentation problem, two major strate-
gies are compared to automatically identify AAC. Both random forest classification
and convolutional neural networks are applied to the problem of AAC segmentation
on VFA images for the first time. Additionally, an automated method to locate the
abdominal aorta within VFA images using skeletal landmarks, and subdivide the aorta
to produce clinically informative semi-quantitative AAC scores is presented, unique
in VFA images. This is the first deep learning work in this area, and this segmenta-
tion strategy is demonstrated to outperform the random forest, and previous work on
AAC segmentation in other x-ray images. This work also presents the first automated
attempt at recreating a semi-quantitative clinical measure of AAC. Automated scoring
shows good correlation with expert scoring of images, indicating the potential for its
use as a clinically informative screening tool.
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Chapter 1

Introduction

1.1 Motivation

Cardiovascular diseases (CVD) are the most common cause of death globally. The

majority of these diseases are preventable and driven by atherosclerotic changes in

medium and large arteries. For more than half of those who die of a cardiovascular

event, the disease has been clinically silent until that point. Direct observation of the

underlying atherosclerotic process is not routinely used to make treatment decisions,

instead relying on clinical risk scores. Abdominal aortic calcification (AAC) is an in-

dependent predictor of CVD and can be used as a measure of atherosclerotic extent

within the arterial system, allowing more accurate risk stratification and monitoring

ahead of a major cardiovascular event. Dual energy X-ray absorptiometry (DXA)

vertebral fracture assessment (VFA), performed on a densitometer can visualise cal-

cifications in the abdominal aorta. Age and osteopenia increase risk of cardiovascular

disease and so DXA VFA represents an excellent targeted screening tool for assessing

CVD risk. Despite these advantages, AAC is rarely scored on DXA VFA reports and

is currently not used to affect intervention decisions. The development of an auto-

mated system to identify and score AAC on DXA VFA images could inform targeting
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of CVD interventions and improve data gathering for further study of calcification and

CVD.

1.2 Aims and Objectives

This project aims to develop software that can automatically quantify the extent of

abdominal aortic calcification on vertebral fracture assessment images, and elicit clin-

ically valuable information. The first challenge is to locate the aorta within images

using statistical models of the spatial relationship between the abdominal aorta and

bony landmarks. After identifying the aorta, the aim is to produce a method to segment

and measure calcification and demonstrate a correlation with current semi-quantitative

scores. With a large bank of DXA images available with which to train and test the

model, the goal is to demonstrate strong correlation with human interpretation of cal-

cification scores.

1.3 Outline of Thesis

This chapter has summarised the motivations and broad aims of the project. It is now

describing the structure of the thesis, in a way that threatens recursion. The overall

design of the thesis is that the methodology, results and discussion of the thesis contri-

butions are contained in the latter chapters, with Chapters 2 and 3 covering the clinical

and technical background respectively.

Chapter 2 introduces the aetiology and pathophysiology of abdominal aortic calci-

fication; imaging and quantification; correlations with cardiovascular disease and risk

monitoring; and intervention and treatment strategies. This chapter is designed to build

from a fundamental level and give context for the motivations of the thesis methodolo-

gies. However, those sufficiently familiar with the clinical background should be free
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to omit Chapter 2 and return if any additional context is required.

Chapter 3 details the literature supporting the methodological decisions made in

later chapters. The chapter will build up a description and justification for the tech-

niques used in the thesis methods. Similarly to Chapter 2, it is not essential to read

this chapter in its entirety if the reader is familiar with the literature, as later chapters

will reference the sections of Chapter 3 relevant to each methodological choice. It is

though, the intention that these chapters not be a chore to read, regardless of familiarity

with the subject.

Chapter 4 provides details of the methodology that are pertinent to all approaches

to this problem. The chapter will cover the source of the images used throughout, and

details of annotation and scoring. It will then cover the methods, results and discussion

of a method to select relevant regions of interest in images, and a method to produce

semi-quantitative measures of abdominal aortic calcification from segmentation masks.

Chapter 5 covers a series of experiments utilising random decision forests, clas-

sifying image patches to segment calcification. This chapter covers the methodology,

and compares the accuracy of the results with human annotation and previous work in

the literature.

Chapter 6 presents experiments involving deep learning algorithms to segment

aortic calcification. Focusing on the U-Net model, a fully convolutional network de-

signed for biomedical image segmentation, this chapter details the process of model

optimisation and hyper-parameter tuning for this particular problem. It then describes

experiments with recent variations on the U-Net in the literature and how these seg-

mentations compare with random forests and human annotation.

Chapter 7 briefly discusses the findings of the thesis, summarises the conclusions

and reflects on avenues for future work to continue the project.
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Chapter 2

Clinical Background

This chapter explores the significance and literature of the clinical research area. While

future chapters concentrate on the concepts and implementation of machine learning

approaches to quantifying abdominal aortic calcification, this chapter explores the clin-

ical importance of the work and its potential value in improving patient outcomes. The

following sections give context for the project, covering: the physiology and pathol-

ogy of abdominal aortic calcification; how it is imaged, assessed and measured; how it

relates to cardiovascular risk; and how treatment decisions are made.

2.1 Atherosclerosis and Vascular Calcification

Cardiovascular disease (CVD) is a broad class of diseases involving the heart or blood

vessels. Included in this class are some of the most common causes of death globally:

ischaemic heart diseases, such as myocardial infarction, and cerebrovascular diseases,

such as stroke [1]. The main driving force in the development of these forms of CVD

is atherosclerosis. Atherosclerosis is defined by fatty plaque formation within artery

walls that narrows the artery and disrupts blood flow. It is a gradual process involving

the proliferation of cells and accumulation of a lipid plaque in arterial walls. Vascular
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calcification develops as a late stage in the pathology of atherosclerosis and further

complicates the picture, impacting the function of the vascular system.

This section covers the pathophysiology of atherosclerosis, how it develops and im-

pacts vascular function, then continues by exploring how this leads to the development

of calcification in vessel walls, with a focus on the abdominal aorta.

2.1.1 Pathophysiology of Atherosclerosis

The development of atherosclerosis is gradual, driven by the accumulation of damage

to arteries and a cascade of inflammatory reactions. Early changes can be observed

in the first decade of life, demonstrating the gradual and clinically silent nature of the

process [2]. Affecting a range of medium and large arteries, these changes begin in the

innermost layers of an artery, and involve an increasing proportion of the vessel over

time.

The fundamental structure of all arteries is similar, composed of three main layers.

The outermost collagen rich layer, the tunica adventitia, and the middle muscular layer,

the tunica media, are thicker in large vessels like the aorta. The innermost layer, the

tunica intima, consists of an endothelial layer, a subendothelial layer of connective

tissue, and an elastic membrane. Atherosclerotic changes primarily occur in the tunica

intima, although in the advanced stages the inflammation and destruction can involve

the tunica media [3].

During normal functioning of an artery, the endothelial cells which line the inter-

nal walls are subjected to small amounts of chemical damage, such as free radicals,

and mechanical damage, from distortion of the vessel. These changes allow extravasa-

tion of monocyte inflammatory cells and lipoproteins such as low-density lipoprotein

(LDL) into the subendothelial layer. After this migration the monocytes can differ-

entiate into macrophages and lipoproteins are oxidised to form proinflammatory and
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cytotoxic compounds [4]. The ready availability of LDLs in the blood and increased

blood pressure are, as a result, major risk factors in CVD [5, 6]. This cytotoxic damage

to the endothelium results in further recruitment of immune cells such as macrophages,

via expression of adhesion molecules, and the inflammatory process continues within

the artery wall.

These early changes form thick fatty streaks in the intimal wall but do not cause

any loss of function, as the lumen can widen to compensate. After decades of this low-

level inflammatory response however, a fibroproliferative stage can manifest. Smooth

muscle cells (SMCs), which repair damage to the arterial walls and ensure their elas-

tic nature, proliferate in response to the inflammatory changes. These cells stabilise

the growing plaque by constructing a collagen-rich matrix and help prevent rupture

and thrombosis. With prolonged recruitment, the SMCs proliferate to an extent that

narrows the arterial lumen [7]. SMCs begin to differentiate into other cell phenotypes,

including more macrophages. Apoptosis within the populations of smooth muscle cells

and macrophages result in the deposition of cholesterols and further inflammatory sig-

naling molecules, the nature of the plaque prevents removal of the resulting debris.

Remaining SMCs construct a thick fibrous cap of collagen matrix over the growing

plaque, forming a fibroatheroma.

In this advanced stage of atherosclerosis, the fibrous cap forms over the necrotic

core of cellular debris. As the self-propelling inflammatory recruitment continues, with

proliferation of cells and subsequent cell death, the plaque becomes increasingly unsta-

ble. As the number of SMCs begins to decline, due to appoptosis and differentiation,

the fibrous cap begins to thin, making plaque rupture increasingly likely [8, 7]. Plaque

erosion is also possible while this process is occurring, involving the breakdown of

the endothelial layer, exposing the thrombogenic collagen matrix. Both rupture and

erosion of the plaque lead to thrombolic events, which cause failure of the vessel and

infarction [4].
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As part of the complex inflammatory processes, calcium phosphate is deposited

and trapped within the atherosclerotic plaque. This calcium phosphate undergoes

metabolic activity and is integrated into the plaque, leading to vascular calcification.

Though atherosclerosis is not the only source of calcific vascular load.

2.1.2 Vascular Calcification

Vascular calcification is defined by the accumulation of calcium phosphate within

the walls of blood vessels. This pathological ectopic calcification is associated with

metabolic diseases such as atherosclerosis, chronic kidney disease (CKD) and diabetes.

Atherosclerotic changes in the intimal layer of the arteries can lead to the development

of vascular calcification as damage to the endothelium accumulates. Alternatively,

vascular calcification can occur in the medial layer, primarily associated with CKD,

through mineral deposition in the smooth muscle layer of the arteries.

Intimal calcifications occur as an extension of the chronic atherosclerotic process,

further limiting the elasticity of the artery. After atherosclerotic plaques have formed,

calcification of the lipid rich core and connective tissues occurs [9]. While calcium is

deposited as a result of cell death in the atherosclerotic plaques, the process of calcifi-

cation within the arterial wall is not simply passive mineral deposition. The signalling

pathways and restructuring in the vessel wall is more similar to ossification occurring

in the skeletal system.

In response to the increasing concentration of cytokines, oxidised lipoproteins,

calcium and phosphate from cell debris within the atherosclerotic plaque, vascular

SMCs differentiate into osteoblast-like cells. This process is driven by a multitude

of signalling chemicals such as bone morphogenetic protein and osteopontin within

the atheroma [10]. The osteoblast-like cells begin to deposit hydroxyapatite and cal-

cify extracellular collagen matrices in the absence of the typical collagen scaffolding
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required for bone formation. The development of calcifications within artery walls fur-

ther limits the functioning of the vessel. The process of calcification within the medial

layer of the artery leads to the same differentiation of SMCs, though the source of the

calcium phosphate is not from cell death within the arterial walls.

Vascular calcification has been observed for some time as a major factor in the

morbidity and mortality of CKD. End stage CKD patients, where glomerular filtration

rate has fallen below 15mL/min, and patients requiring dialysis have a high prevalence

of vascular calcification and an increased risk of CVD [11]. Further investigation has

demonstrated that glomerular filtration rate has an inverse relationship with cardiovas-

cular mortality, and CVD is the leading cause of death in these patients [12, 13].

The aetiology of vascular calcification in CKD patients is different from the general

population. CKD causes reduced excretion of phosphate and activation of vitamin D,

limiting calcium absorption [13]. In CKD, high phosphate concentration causes it to

precipitate out of solution as calcium phosphate. Not only does this precipitate cause

calcification, but also drives the differentiation of smooth muscle cells into osteoblast-

like cells, increasing deposition [14]. The tunica media is the middle layer of the artery

wall and consists of smooth muscle and elastic tissue. Without significant atheroscle-

rosis in the vessel wall the tunica media is the only location for vascular smooth muscle

cells. As these differentiating cells are a major driving force in the calcification, CKD

calcification occurs primarily in the media.

Though two separate processes, calcification in the tunica media and intima occur

concurrently in individuals with CKD, creating a mixed picture. It has been demon-

strated that CKD accelerates the development of vascular calcification and arterioscle-

rosis. As the rates of cardiovascular events are increased in this group, it is even more

important to accurately assess cardiovascular risk [15]. Current imaging methods for

measurement of AAC do not, and possibly cannot, assess the layer of the aorta con-

taining the calcification but there could be variations in the distribution of the calcified
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plaques that could [12]. Regardless of the source of the calcification, it is clear that

the assessment of vascular calcification has clinically valuable information, and as the

largest artery, calcification in the aorta may be an accessible source of this information.

Abdominal Aortic Calcification

Abdominal aortic calcification (AAC) develops as part of late stage atherosclerotic

processes in the aorta. It has been found that atherosclerotic changes develop early and

are most severe in the abdominal aorta [3]. Age related thickening of the aortic intimal

layer can accelerate rapidly from the fourth decade of life, and calcification becomes

increasingly common with age. Prevalence of AAC in over 70’s was found to be 98%

in men and 93% in women, compared to 55% and 50% in those aged 50-60 [16]. The

effects of AAC directly affect the function of the aorta, increasing risk of CVD, and the

presence of AAC is well correlated with calcification in other vessels [17], indicating

a measure of general atherosclerosis in the arterial system.

There are several mechanisms through which AAC may directly contribute to CVD.

The reduced elasticity of the aorta has demonstrable effects on the dynamics of blood

flow through the vascular system [18]. One role of the aorta, is to convert the pulsatile

flow from the heart into a more continuous flow to the peripheral arteries. The elas-

ticity of the aorta allows it to distend during systole and slow the flow rate. During

diastole, contraction of the aortic wall maintains pressure in the vasculature to prevent

a drastic diastolic drop in blood pressure [19]. In particular, perfusion of coronary ar-

teries is dependent on diastolic pressure, as they cannot be perfused effectively during

contraction of the ventricles.

The changes that occur within the walls of the aorta with AAC reduce its elasticity,

impacting the pattern of pressures within the vasculature. The increased aortic stiff-

ness raises the pressure the heart is pumping against, the left ventricular afterload. If

the heart cannot compensate then left sided and subsequently congestive heart failure
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can develop [20, 21]. The increase in pressure in the descending aorta can redirect a

higher flow rate into the branches of the aortic arch, potentially causing gradual dam-

age and atherosclerotic changes to the arteries feeding the brain, such as the carotid

arteries. With the compromise of the aorta, flow is faster during systole, leading to

turbulence and increased risk of thrombotic events. During diastole the pressure drops

lower, reducing perfusion of the coronary arteries. This problem is exacerbated by the

calcification of the coronary arteries associated with severe AAC, leading to reduced

perfusion and potential for ischaemia [22].

Correlation with cardiovascular mortality necessitates the ability to assess these

calcifications in vivo. To allow accurate comparison, both on an individual and pop-

ulation level, it is necessary to have reliable imaging technologies and quantitative

measures of calcification.

2.2 Imaging and Measurement of AAC

A wealth of literature has explored the use of a range of non-invasive imaging tech-

niques to assess calcification throughout the arterial system. While techniques such as

ultrasound have been used to confirm the presence of calcification in superficial arteries

such as the carotid arteries, assessment is subjective and qualitative [11]. The high ra-

diopacity of calcium allows x-ray based modalities to clearly distinguish calcifications

from other tissues, enabling quantification of calcific plaques.

Agatston et al. [23] quantified calcification of the coronary arteries using ultrafast

computed tomography. The Agatston score was developed, calculated by multiplying

the volume of a calcification by a weighted density score based on attenuation values

on the Hounsfield scale. After an Agatston score has been calculated for each calcifica-

tion, the scores are summed to produce a coronary calcium score. This total coronary

calcium score was later improved upon with a lesion specific score that considered
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shape and positioning of lesions within the coronary arteries, improving prediction

of coronary artery disease [24]. These quantitative computed tomography CT tech-

niques have been used to assess aortic calcification, with a fully quantitative measure

calculated based on the same methodology using total calcific volume and attenuation

[25, 26]. However, with a high radiation dose, CT imaging is not an ideal screening

tool. This section covers the methods for imaging and measuring AAC, concentrating

on low radiation 2D x-ray modalities of the lateral spine.

2.2.1 Lateral Radiography

Radiographs have also been used successfully to image AAC using a lateral view of

the lumber spine. Though this modality cannot represent the calcification volumetri-

cally, it can still visualise the extent of calcification and has several advantages over

CT while mainting good correlation with the extent detected with these methods [27].

The main drawback to using CT is the high radiation exposure, typically 8mSV for

an abdominal acquisition, which restricts its use in studies and as a screening tool.

Radiographs involve a far lower effective radiation dose of 800µSv [16], can produce

an image faster, and are less expensive. It has been demonstrated that AAC on ra-

diographs can be used to predict CVD and that this AAC is correlated with coronary

artery calcifications, another predictor of CVD [28].

The main scoring system used for AAC in lateral radiographs is a 24-point semi-

quantitative scale developed by Kauppila et al. [29] on lateral radiograph images. This

AAC-24 score, demonstrated in Figure 2.1, considers the anterior and posterior walls

of the aorta at the levels of the lumbar vertebrae L1-4. Calcification of each wall

is graded based on the total height of calcification within the aorta adjacent to each

lumbar vertebra. Each of the 8 sections, two walls at 4 levels, is graded 0-3 for a total

score of 0-24. If the total height of calcifications within a section is more than 2/3 of
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the vertebral height, that section is scored as 3. If the total height of calcifications is

between 1/3 and 2/3 of vertebral height, the section is scored as 2. A score of 1 is

given to sections with calcifications totaling less than 1/3 vertebral height. And 0 for

complete absence of calcification.

Schousboe et al. [30] undertook a literature review of clinical risk scoring using

the AAC-24 score. Based on their meta-analysis of risk stratification, their recommen-

dation is that AAC can be classified as mild, moderate and severe in order to inform

clinical risk. This classification is used throughout this work to define severity as fol-

lows: calcification is considered mild with a AAC-24 score of 1 or 2, moderate between

3 and 5, and severe above 5.

The AAC-24 scoring system is designed to facilitate easy and quick estimation of

AAC in these images. As exact measurement is difficult and time consuming, the semi-

quantitative score is open to some subjective variation between interpreters. However,

both inter- and intra-observer agreement is relatively high, with intraclass correlation

coefficients above 0.9 [29, 31, 32, 33].

An 8-point scale was later developed by Schousboe et al. [31] in order to sim-

plify the semi-quantitative assessment of AAC. Based on the AAC-24 score, AAC-8

measures calcification of the posterior and anterior aortic walls in the region L1-L4.

However, AAC-8 does not require subdivision based on vertebral level, each wall is

graded 0-4. 0 represents no calcification, 1 the aggregate height of calcification on

the wall is less than one vertebral length, 2 between one and two vertebral lengths, 3

between two and three vertebral lengths and 4 if the aggregate length exceeds three

vertebral lengths. This scale has an advantage in terms of speed over AAC-24, and it

is less sensitive to small calcifications that are spread out [31, 33]. As demonstrated

in Figure 2.2, small dispersed calcification could read as severe on AAC-24 but would

be correctly identified as mild on AAC-8. Overall though, there is good correlation

between the two scores in both radiographs and DXA [31, 34]. It is worth noting
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L1

L2

L3

L4

T12

L5

Figure 2.1: Diagram of AAC-24 score calculation for lateral radiography. Total length
of calcification parallel to vertebral height is used to generate a 0-3 score for each wall
adjacent to lumbar vertebrae L1-4. This example scores 9, The posterior L3 and L4
sections score 1. The anterior L3 and L4 sections score 2. The posterior L2 with more
than two thirds of the section calcified scores 3.
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that there is less operator precision with AAC-8, as more mental effort is required to

estimate combined lengths of multiple lesions [35].

L1

L2

L3

L4

T12

L5

L1

L2

L3

L4

T12

L5

AAC-24 AAC-8

Figure 2.2: Example of the AAC-24 score mistaking mild diffuse calcification as se-
vere. The AAC-8 score is less sensitive to calcifications of this type.

Additional measures have been developed for use in lateral radiographs. Previ-

ous to the development of the AAC-24 scoring system, a scoring system was devel-

oped while assessing the link between osteoporosis and aortic calcification [36]. This

system consisted of three grades: 0 for no visible calcification, 1 for calcifications

with a total length of up to 2 vertebral bodies, and 2 for total calcification above this

length. Alongside this, the subjective opacity of the lesions was also incorporated. As

part of the Rotterdam Study [37], investigating the predictive potential of measures of

atherosclerosis, AAC was assessed with a variant scale [38]. In this system, absolute
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length of calcification was used to provide a 0-5 score. A score of one for a single

calcification of length 0.5-1.0cm, 2 for multiple calcifications with aggregate length

< 2.5cm, 3 for < 5cm, 4 for < 10cm, and 5 > 10cm. Neither of these scores have had

their reliability assessed in the literature, and have not been used beyond these studies.

The AAC-24 and AAC-8 scores are primarily aimed at providing a semi-quantitative

measure of AAC in a timely manner. A more quantitative measure of AAC has been

developed which incorporates information on the number and width of calcifications.

Termed the Morphological Atherosclerotic Calcification Distribution (MACD) index,

this scoring system demonstrates a significant improvement to prediction of cardiovas-

cular disease mortality [39, 40]. For CVD death, the hazard ratio for each standard

deviation increase in MACD score was 4.2, after adjusting for other risk factors. In

contrast to the AAC-24 score, which considers only the affected wall segments, the

MACD score is calculated by multiplying the number of individual calcified deposits

with a simulated plaque area. The simulated plaque area estimates the extent of the

atherosclerotic lesions, beyond what is visible, based on the extent and proximity of

the calcifications. Although the study was limited to a niche cohort and could have

benefited from a larger sample given its comparison to thoroughly researched scores

such as The Framingham Score, it readdresses a potential benefit for using AAC in cal-

culating cardiovascular risk and explores further information that can be gained from

AAC distribution.

A major drawback of these semi-quantitative scores is a lack of sensitivity to small

changes in AAC severity over time [35]. A discrete scale is blind to any changes

too small to increase the score. With a slow but continuous process like calcifica-

tion this is limiting. Consequently, follow-up times in studies must be much longer to

obtain significant trends, increasing study dropout or masking the effects of potential

interventions. The current scores were developed to allow ease of interpretation and

consistency between observers. It is reasonable that once an automated system can
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match a specialist human operator in performance, that a fully quantitative measure of

AAC could be developed with exact measurements of affected aortic wall. A quanti-

tative measure of AAC would allow robust statistical manipulation and more precise

documentation of changes over time. An automated method for producing this and

other scores which incorporate more detailed measures of atherosclerotic extent, could

improve predictive accuracy without a large time cost for clinicians. With established

and validated measures of AAC on lateral radiograph images of the abdominal aorta,

these methods could be used in other modalities to quantify and compare consistency.

2.2.2 Dual-Energy X-Ray Absorptiometry

Dual-Energy X-Ray Absorptiometry (DXA) imaging is primarily used to measure

bone mineral density (BMD) in osteoporosis screening. BMD is a measurement of

the mineral content of bone tissues, low levels of which are associated with an in-

creased chance of fragility fractures. Fragility fractures are a pathological variety of

fracture that results from ‘normal activity’. Typically, these are fractures of the spine,

pelvis, neck of femur or wrist. These fractures can cost lives and independence and

as a result those at risk are assessed for BMD and intervention is implemented where

needed.

The National Institute for Health and Care Excellence (NICE) recommend that

fracture risk is assessed in women over 65 and men over 75, as well as younger indi-

viduals with certain risk factors [41]. Risk assessment is performed using the FRAX

scoring system, which uses factors such as age, weight, BMD and steroid use to pro-

duce a 10-year risk of fracture score [42]. BMD is assessed using DXA imaging to

measure the calcium content of key anatomical locations, usually the hips and lum-

bar spine (L1-L4). BMD is compared to a reference value produced from an average

BMD for a healthy 30-year-old. Osteopenia is defined as BMD lower than 1 standard
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deviation below the reference mean of a normal young person of the same gender and

ethnicity (T score); lower than 2.5 standard deviations below defines osteoporosis.

Often simultaneously, the spine is assessed for signs of vertebral fracture or col-

lapse. Subclinical fractures of the vertebrae are an independent predictor of future

fragility fractures and morbidity [43]. This is achieved using a lateral image of the

lumbar spine, termed a vertebral fracture assessment (VFA) image. These VFA im-

ages often incidentally capture the abdominal aorta during screening, allowing access

to DXA imaging of AAC without additional screening or radiation.

It has been demonstrated that increased severity of AAC is positively associated

with vertebral fractures and negatively with BMD [44, 25]. A study by Szulc et al. [45]

compared the severity of AAC and vertebral fractures on VFA. With a large sample

size of 901 men above 50 years old, the study demonstrated that increasing severity of

AAC is correlated with an increasing number and severity of vertebral fractures, even

after controlling for age, BMD, comorbidities and history of falls [25]. This further

demonstrates that the occurrence of cardiovascular disease, low BMD and vascular

calcification are heavily interconnected. This increased risk of CVD in those with

osteoporotic changes means that screening of individuals undergoing VFA imaging is

already targeting an at-risk group. This will allow screening for CVD to utilise systems

already in place to identify risk of osteoporosis. This is particularly important in female

patients, where traditional risk factors are less predictive of CVD but prediction of

cardiovascular events is more closely associated with changes in BMD.

DXA imaging is preferable to plain radiography for a number of reasons. The

dosage in DXA acquisition is even lower, between 2µSv and 50µSv [46], allowing it

to be more safely used for screening. DXA incorporates both a high and a low energy

acquisition, each with different attenuation properties. Subtracting one image from the

other produces an image less impacted by soft tissue noise for visualising and inspect-

ing bones. Though typically, identification of AAC is performed on single-energy VFA
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acquisitions. As densitometers are used for more specific tasks than radiographs, there

is less variation in operating parameters leading to more inter- and intra-densitometer

reproducibility [16].

Scoring of AAC in VFA images is performed using the same methods as in 2D

radiograph images, namely the AAC-24 and AAC-8 scores. The correlation between

AAC on VFA and a range of imaging modalities has been investigated. VFA has a

good correlation with radiography, although VFA has a slight tendency to underesti-

mate AAC compared to radiography due to less contrast for small calcifications and

lower spatial resolution [31, 34, 47]. There is also good correlation between the sever-

ity of AAC in VFA images and calcification in the coronary arteries [22], a strong

predictor of cardiovascular mortality. Comparison of AAC on VFA and the volumetric

CT measurement has demonstrated significant correlation, in CKD patients [48, 49]

as well as those without pathology [27]. A direct comparison of the two techniques

is difficult, even with good agreement. Quantitative CT measurements are inherently

more accurate than semi-quantitative VFA measurements. The high radiation dose and

expense associated with CT prevents it from being used as a screening tool, allowing

VFA a strong role as an alternative.

There are a range of systems and techniques used for VFA and BMD measure-

ment. The majority of VFA images are obtained using single energy absorptiometry,

particularly on Hologic densitometers [50]. In an attempt to limit the already minimal

radiation exposure in VFA, some systems have a ‘smartscan’ feature that will limit the

field of view to only the spine itself, which often excludes the aorta. It may be advan-

tageous for future guidelines to recommend images be taken more optimally for AAC

measurement. There is also some variation on patient positioning during VFA. Some

densitometers can change the position of the acquisition arm and can obtain lateral

images while the patient is supine. If the arm is fixed then the patient will have to lie

in the lateral decubitus position. This could alter the position of the abdominal aorta
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relative to the spine and the superimposition of gas in the bowels onto the aorta. The

differences in equipment and techniques introduce variations in quality and artefacts

for which any automated system would have to account.

2.3 Cardiovascular Risk

Cardiovascular diseases are the result of life-long gradual changes to the vasculature.

The long asymptomatic phase of the atherosclerotic progression means that the first

indication for intervention is often a major cardiovascular event. More than 50% of

patients, 60% in women, who die of coronary heart disease have no prior symptoms

[51, 52]. It has been established that these diseases are highly preventable, but a lack

of clinical signs ahead of a major cardiovascular event hinders identification of at-

risk individuals for intervention [53]. For this reason, the main method for assigning

intervention strategies is calculating cardiovascular risk scores from clinical factors.

In the UK, the NICE guidelines recommend the use of the QRISK R© score [54, 55].

Using risk factors such as smoking, diabetes status and lipid profile, the algorithm gives

a risk of cardiovascular incident in the next 10 years. A percentage above 10% is used

as the threshold for considering intervention such as statins. There are a number of

similar scoring systems used worldwide with the majority using a similar combination

of clinically assessed risk factors. Unfortunately, there are still a large number of car-

diac events that occur in low risk individual. As many as 30% of individuals classified

as low risk by clinical risk models go on to have cardiac events [27]. This indicates that

there are other important risk factors that could help improve prediction and targeting

of intervention strategies.
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2.3.1 Role of AAC

With current CVD risk scoring, visualisation of atherosclerotic extent within the arte-

rial system is not used. The severity of AAC has been found to be a predictor of future

cardiovascular events, even when controlling for currently used clinical risk factors

[56, 17, 57]. AAC is highly correlated with other predictors of CVD, such as coronary

artery calcification [32]. AAC acts as a measure of atherosclerotic extent within the

arterial system, allowing more accurate risk stratification and monitoring ahead of a

major cardiovascular event. These factors have led to increased scientific interest in

using AAC as a screening tool and incorporating it in current CVD risk assessment

scores. A robust and well-designed meta-analysis examining the prediction of car-

diovascular events using AAC was performed by Bastos Gonçalves et al. [58]. The

analysis reviewed ten separate studies with more than two years of follow-up on pa-

tients not already in high cardiovascular risk groups, such as end stage renal disease.

Although the study only examined AAC categorised as none/mild, moderate, and se-

vere, as opposed to using an 8 or 24-point score, the amount of data covered and the

correlation are convincing. The study shows that severity of AAC increases the risk of

cardiovascular events and mortality. Controlling for other known risk factors, the paper

confirms that AAC severity is an independent predictor of CVD. It is however, worthy

of note that the risk of stroke was only increased with severe AAC, likely owing to the

complex aetiology of stroke.

The correlation between a range of cardiovascular diseases and AAC severity has

been well demonstrated. These correlations are stronger for coronary events, such as

myocardial infarction [59, 60], than stroke. Wilson et al. [56] found that the risk of

cardiovascular mortality was more than double in those with an AAC-24 score of more

than 5. AAC severity has also been positively associated with more chronic forms of

CVD. Increased rates of congestive heart failure were found as part of the Framingham

37



Heart Study [61]. Across all grades, AAC severity independently predicted an increas-

ing rate of intermittent claudication, a sign of vascular insufficiency in the lower limbs

[28].

Atherosclerotic changes are gradual and the progression involves a long preclinical

phase, it often presents with a major incident. The inclusion of a predictor that can

more directly demonstrate subclinical atherosclerotic changes could improve targeting

of preventative therapies. Despite the benefits of AAC assessment and recommenda-

tions for its use in CVD risk stratification [50, 61, 29, 16, 62], it is still not routine for

DXA reports to include more than qualitative comments on AAC, as its discovery is

secondary to the principle investigation. There is definite potential for computer vi-

sion techniques to locate and measure calcification in the abdominal aorta and report

this automatically. With well-trained models, large volumes of VFA images could be

quickly and consistently assessed for AAC and facilitate earlier targeting of interven-

tion.

This chapter has demonstrated that vascular calcification is the end stage of atheroscle-

rosis and has a role in impeding arterial function, as well as detailing the methods

through which AAC can be imaged, quantified and used to improve cardiovascular

risk predictions. The following chapter details the potential techniques to automate the

identification of AAC, with later chapters covering experiments to implement these

techniques.
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Chapter 3

Technical Background

With the clinical significance of the task established, this chapter explores the technical

aspects of approaching the problem of automated analysis of abdominal aortic calci-

fication (AAC). It introduces key literature surrounding the methodological decisions

made.

The three major tasks of automated scoring of AAC in this work are: localisation

of the abdominal aorta, annotation of calcification in the aorta, and conversion of an-

notated calcification to a clinically useful score. This chapter explores these areas of

computer vision, with a significant focus on semantic segmentation techniques. The

context of these tasks is first established, the approaches to solve them are then covered

in more detail, ending with a review of previous attempts at automating this task.

3.1 Medical Imaging and Computer Vision

Medical imaging is a broad field, covering techniques used to create visual representa-

tions, assess the function, and diagnose disease processes of the interior of the human

body, its organs and its tissues. Chapter 2 has already introduced a range of x-ray based
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radiography techniques, including dual-energy x-ray absorptiometry (DXA) and com-

puted tomography (CT). However, the modalities of the field also include techniques

such as magnetic resonance imaging (MRI), ultrasound, and nuclear medicine; and ex-

tend to techniques such as electrocardiography (ECG) which while not producing an

image in the traditional sense, still provide a visual representation of underlying phys-

iology. The overall goal of medical imaging techniques is to diagnose, treat, quantify

and monitor disease.

The field of computer vision seeks to enable computers to interpret digital images

and videos, and use this information to infer information about the world. This process

is often described as developing methods to recreate the capability of the human visual

system, which has evolved to incorporate many specialised processing systems which

enable effortless interpretation of the world. This task has proven to be deep and

complex, requiring decades of study. The pursuit of human level perception has lead

to many advancements as well as giving insight into the biological systems used in

nature, and will continue to be an active area of research, as the problem remains

unsolved.

Computer vision can be considered a sub-specialty of machine learning, and in-

corporates techniques from a range of fields including artificial intelligence. The chal-

lenges of computer vision can be roughly categorised based on the intended output. A

fundamental challenge is that of classification. Classification is the inference of which

class an image belongs; such as which handwritten number is in an image. A further

challenge is that of segmentation, interpretation of which pixels in an image represent

a given object; such as which areas of the video contain other cars or pedestrians.

The application of these tasks to medical imaging is a rich area of scientific in-

vestigation. Computer vision within medical imaging aims to increase the amount of

clinically relevant information which can be acquired and the speed at which this can

be achieved. Many applications seek to augment the decision making of clinicians,
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allowing access to more information to affect management decisions. These applica-

tions are varied, and include: computer aided detection to reduce false-negative events

in image interpretation, registration and warping between different imaging modalities

or models to incorporate additional information or allow volumetric measurement of

organs or tissues, and content matching to retrieve images of the same disease process

for comparison.

The remainder of this section concentrates on the computer vision approaches use-

ful in the automated analysis of abdominal aortic calcification. Techniques used to lo-

calise anatomical landmarks in images based on statistical models are explored, along

with image interpolation and warping techniques to fit anatomical regions to a useful

framework. An overview of medical image segmentation is then covered, giving a

foundation for the detailed examination of segmentation techniques in the rest of the

chapter.

3.1.1 Anatomical Shape Modelling

An important area of computer vision in medical imaging is the identification, local-

isation and segmentation of anatomical landmarks in an image. Shape models are a

statistical method to describe and analyse a sample of shapes, representing the mean

shape and quantifying the degree of variation between shapes. These shape models

can then be used to localise new examples of the defined shape, to segment regions of

the brain for example [63], or to predict the location of structures based on their statis-

tical relationships. In the context of AAC on DXA images, it is useful to use skeletal

landmarks to identify the location of the abdominal aorta.

A foundational model in this domain is the point distribution model (PDM) [64].

The model is built from a number of example shapes, where each shape is defined by a

finite number of landmark points. Each landmark point represents a consistent location
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on the modelled object, for example an extreme of the articular surface of a bone. Each

shape can then be represented by n points in d dimensions. A shape in two dimensions

can be expressed with a 2n element vector:

x = (x1,x2, ...,xn,y1,y2, ...,yn) (3.1)

With a set of s training example shapes, Procrustes analysis is used to convert these

shapes into a common co-ordinate frame. The sum of distances of each shape to the

mean is minimised, with the mean at the origin and unit scale. This set of shapes xi

can be represented as s points in a 2n-D space. Using principal component analysis,

the cloud of points is transformed into a space with fewer dimensions which encode

the most significant modes of shape variation. Each image can be approximated by the

mean shape:

x̄ =
1
s

s

∑
i=1

xi (3.2)

With the covariance of the data described by:

S =
1

s−1

s

∑
i=1

(xi− x̄)(xi− x̄)T (3.3)

The eigenvectors, vi, and eigenvalues, λi of the covariance are calculated, and ar-

ranged in descending magnitude of λ. These sorted eigenvectors represent the prin-

cipal modes of variation of the shape model, and an example of their appearance is

demonstrated in Figure 4.9. With a set of eigenvectors V with the largest eigenvalues

accounting for the required proportion of variance, an example from the training set x

can be approximated with:
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x≈ x̄+Vb

where:

b = VT x− x̄

(3.4)

The vector b represents the parameters of a deformable model, which can be ad-

justed to yield new examples of x. By limiting each parameter bi based on the variance

of the parameter in the training set, given by λi, shapes generated from the model will

be similar to the training shapes.

Active shape models (ASMs) [64] use these statistical shape models to locate an

example of the shape in a new image, starting with a mean shape and iteratively de-

forming it in compliance with the model. ASMs attempt to converge on strong edges

within the image, associated with each point of the model. Later, the more robust ac-

tive appearance models (AAM) were developed which used the textural information

across the image [65]. In addition to landmark points, intensity variation is encoded in

the statistical model and used to predict the location of objects in novel images.

The constrained local model (CLM) is an extension of AAMs and ASMs for lo-

cating landmark points [66]. When the model is constructed from training examples,

patches are sampled around landmark points to incorporate texture information. With a

candidate position for the shape on an image, each landmark has a local texture model

which calculates a cost for placing the point at any given pixel, creating a response

image. This cost can then be minimised for all landmarks while constraining with the

shape model.

Regression voting was incorporated into this technique, to create Random For-

est Regression-Voting Constrained Local Model (RFCLM) [67]. In this technique a

random forest regressor is trained independently for each landmark point, with trees

trained on patches collected at many randomly displaced positions around the point.

43



Haar wavelets (both random forests and Haar-like features are discussed in Section 3.2)

are used from these patches to train the trees to predict the target point in a given patch.

When fitting the model to a new image, each tree votes on a candidate location in the

patch around a point to create the response image. The RFCLM technique has been

used in a range of medical imaging applications due to its high accuracy for detection

and localisation of skeletal landmarks [67, 68, 69]. RFCLM has also demonstrated

accurate localisation of vertebrae on DXA VFA images [70].

These techniques have been used in a variety of applications. With robust local-

isation for skeletal and tissue landmarks, these models can be used to transform and

register images to assist in clinical applications.

3.1.2 Image Registration and Warping

A number of imaging modalities are used in disease monitoring and diagnosis, as each

modality has its own advantages and drawbacks. Often, multiple modalities may be

used to image the same tissues, to combine the information made available by each. In

such cases, for example when performing simultaneous CT and MRI acquisition [71],

image registration is employed to maximise the utility of this data. Image registration

is the process of transforming the geometry of an image to match another, allowing

overlay of anatomical structures for improved visualisation. Additionally, images can

be registered onto anatomical models. This is common in brain imaging, where there is

substantial variation in brain size and shape. Mapping brain regions onto a consistent

brain atlas allows comparison between patients or modalities [72]. Image registration

techniques are applicable to the problem of automated AAC analysis as a consistent

position of the spine and abdominal aorta can aid in quantifying and scoring calcifica-

tions. Image registration represents a function f which can map values from a source

image s to a target image or atlas t:
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f (si) = ti where i = 1,2, ...,n (3.5)

As has been discussed, shape modelling allows the fitting of consistent landmark

points to new images based on a statistical model. In this context, each landmark point

in the source image si represents the same anatomical region as the corresponding point

in the target image ti. An image registration function can be defined using a range of

geometric transformation functions, such as linear or affine transformations. These

transformations are insufficient in any situation involving localised transformations in

separate parts of the object. Non-rigid transformations of images can be defined using

landmark points to allow registration of separate objects and sections within the same

image.

The thin plate spline (TPS) algorithm is a commonly used landmark based reg-

istration and interpolation technique [73]. A thin plate spline has a gradient based

regularisation term which controls smoothness, designed to replicate the bending of a

thin sheet of metal. The TPS algorithm registers corresponding landmark points from

a source image to a target image, and defines a unique interpolation for image content

away from the landmarks. The function minimises the distance between correspond-

ing landmark points si and ti, while minimising the distortion of the space around the

landmarks. This is achieved by finding a function which minimises the energy:

E = Ef +λEd (3.6)

Where Ef measures the goodness of fit for corresponding points, using sum of

squared distances. Ed discourages distortion of the space, using the integral of the

square of the second order derivative. λ is a weighting constant controlling the extent

of non-rigid warping. This gives:
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Ef =
n

∑
i=1
|| f (si)− ti||2

Ed =
∫ ∫ (δ2 f

δs2
x

)2

+2

(
δ2 f

δsxδsy

)2

+

(
δ2 f
δs2

y

)2
dsxdsy

(3.7)

The interpolation function used to map source to target points minimising this en-

ergy consists of two components. An affine transformation which encompasses the

global transformations across the image, and a non-linear deformation based on radial

basis functions. This is represented by the equation:

ti = a0 +a1sx
i +a2sy

i +
n

∑
j=0

ciφ(||si− s j||) (3.8)

Where a represents the parameters of an affine transformation matrix. c is a map-

ping coefficient for each landmark, and φ() is the radial basis kernel for TPS, φ(r) =

r2 logr. Subject to these constraints and additional orthogonality conditions a unique

function can be defined which maps positions in the source image to the target image

while minimising the energy function. The use of the radial basis kernel ensures that

points further from the landmark points are impacted more significantly by the global

affine transformation, creating local transformations. The end result is a smooth trans-

formation which is defined entirely by the landmark points with no need for manually

selected parameters. The unique solution to TPS, and the lack of any tuning parameters

gives it an advantage compared to other available non-rigid warping techniques.

This section has explored the value of registration and interpolation to enable fur-

ther analysis of images. Once an organ or region of interest has been defined, another

challenge is in segmenting areas in this region based on their function, structure or a

disease process. This is known as semantic segmentation and is the focus of the next

section.
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3.1.3 Semantic Segmentation

Segmentation involves techniques that can separate regions of an image based on the

content of those regions. In medical image analysis, segmentation can identify dif-

ferent organs, to locate and measure them, or tissues, to identify anomalies such as

tumours. In a practical context, a segmentation technique is one which produces a

class prediction for each pixel in an image based on shared characteristics. There are a

multitude of techniques used to solve this problem, and it is an active field due to the

complex nature of the problem.

Early segmentation techniques concentrated on the use of intensity thresholding

and edge detection. Threshold techniques, where regions are classified based on their

intensity, are the simplest forms of these segmentation strategies. This can be achieved

using multiple thresholds and histograms to separate pixels of similar intensity into

classes [74, 75]. Edge detection makes further use of intensity values by using the dif-

ferential of intensity change over images to distinguish borders between regions, with

the intention that sharp contrasts represent different tissues. While there exist multiple

algorithms for edge detection, the general principal remains in finding a threshold for

the rate of change which defines an edge and growing regions in the images bound by

these edges.

Both thresholding and edge detection approaches are susceptible to noise in im-

ages. Increasing the amount of context for segmentation decisions was the strategy

to combat this shortcoming. Texture based features use combinations of higher-order

statistics of intensity values, and their spatial relationships. Features can then be used

either by a classification algorithm or a clustering algorithm, to assign each pixel a

class. Clustering approaches, such as k-means clustering, require no training data and

separate pixels based on their proximity in the chosen feature space. Classifiers are

supervised methods, requiring the use of training data, manually segmented images
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which represent the ground truth. These methods also depend on the features avail-

able to distinguish pixels as different classes. As covered in the previous section, it is

possible to register landmarks in an image onto an atlas, to segment regions of interest

based on a prior shape model.

Much of the work being done in this field is in trainable models which do not re-

quire predefined crafting of features. The most recent and promising revolution in this

domain is in the use of neural networks, though there is still plenty of work ongoing in

ensemble methods such as random forest, and in the development of more informative

image features for simpler algorithms. The aim of this chapter is to show how segmen-

tation algorithms can solve the problem of automating abdominal aortic calcification

quantification.

AAC Segmentation

In this work, automated scoring of abdominal aortic calcification (AAC) is approached

as a semantic segmentation problem. While the ultimate aim is to classify AAC us-

ing the AAC-24 semi-quantitative score, there are advantages to achieving this using

segmentation. Direct classification of AAC requires representation of all classes in

the training data, in sufficient quantity. Severe calcification is much rarer than mild

in the population, and so high AAC-24 scores are much less common, with sparse

representation for all classes in the severe class (AAC-24 scores 7-24).

Additionally, the AAC-24 score was developed for the ease of a human interpreter.

The exact conversion from identified calcification and class is well defined and so does

not need to be approximated with another function. With segmentation masks, it is

possible to change the scoring system without making the predictor obsolete, and in-

deed the segmentation masks can be used to better develop fully quantitative measures

of AAC. Segmentation also allows demonstration of the regions identified as calcifica-

tion to a clinician. This interpretability is valuable when making clinical decisions, as
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it allows increased transparency and trust in decisions made by the system.

The primary focus of this work is assessing the accuracy with which segmentation

strategies can separate out calcification. The success of segmentation algorithms is

measured using various metrics, by comparing the produced segmentation to a ground

truth. In the example of a binary segmentation, where the classes are positive or back-

ground, metrics for performance can be defined by comparing pixels assigned the pos-

itive class by the ground truth, G, and those predicted positive by the segmentation

model S. A simple statistic for comparison of the overlap in predictions is the Inter-

section over Union (IoU), also known as the Jaccard similarity coefficient. This is

defined as the total area of agreement for pixels in the positive class, intersection, di-

vided by the total number of pixels predicted positive by either the ground truth or the

segmentation model, union. This can be expressed as:

IoU(G,S) =
|G∩S|
|G∪S|

=
|G∩S|

|G|+ |S|− |G∩S|
=

T P
T P+FP+FN

(3.9)

Where true positive, T P, examples are those pixels which both ground truth and

segmentation agree on the positive class, and true negatives, T N, where both agree on

the background class. False positive, FP, pixels are those which have been incorrectly

identified by the prediction as belonging to the positive class, and false negatives, FN,

the pixels labelled background which are positive in the ground truth. Using these

definitions allows simple calculation of segmentation accuracy:

Accuracy =
T P+T N

T P+FP+FN +T N
(3.10)

This is the number of pixels on which the ground truth and segmentation have as-

signed the same class, divided by the total number of pixels in either. Similarly, the true

positive rate and false positive rate of the segmentation performance can be calculated

from these definitions, along with recall and precision. F1 score is the harmonic mean
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of precision and recall, in the context of segmentation accuracy it is often referred to

as the Dice-Sørensen Coefficient (DSC). DSC can be expressed as:

DSC(G,S) =
2|G∩S|
|G|+ |S|

=
2T P

2T P+FP+FN
(3.11)

This definition makes it clear that the DSC is similar in nature to the IoU, with nei-

ther impacted by the number of true negative examples. This can give valuable insight

into the performance of predictors in problems with a small number of the positive

class compared to the image size, a common scenario in medical image segmentation.

The metrics can also be extended to problems with multiple classes. These statistical

measures of segmentation performance allow the comparison of different segmentation

algorithms, to identify the most reliable for a given application, such as the identifica-

tion of AAC in VFA images.

With the general problem of semantic segmentation described, the following sec-

tions cover some of the most promising solutions to the problem of segmenting ab-

dominal aortic calcification, concentrating on random forests and convolutional neural

networks.

3.2 Random Forests

Random forests are an example of an ensemble learning method, algorithms which

combine a set of individual classifiers or regressors to improve decision making. In

the case of random forests, the constituent parts are known as decision trees. Each

individual decision tree is trained to predict a classification or continuous output. The

output of the overall forest is the modal or mean prediction of the decision trees, for

classification or regression respectively [76, 77].

50



3.2.1 Training and Inference

Decision trees are an intuitive model for classification or regression, consisting of a

number of binary queries of the data to produce a prediction. The constituent parts

of a typical decision tree, are: split nodes, where a test is applied to a feature of the

data; branches, representing the results of the tests and linking between nodes; and leaf

nodes, the final prediction at the terminal branches. The depth of a node is the number

of nodes passed through to reach it. With training data T , consisting of i examples,

with each example consisting of j features (xi,1,xi,2, ...,xi, j), and a label yi, an arbitrary

binary test, b, can be applied:

b j,l(x) =


true, if l < xi, j

false, otherwise
∀i (3.12)

Where the choice of limit, l, and feature, j, are used to differentiate examples

with different labels, yi. This example node will then split the training data into two

branches, each of which will be split further by an additional node, and so on. This

continues until a predefined depth has been reached, or the remaining examples reach

an acceptable uniformity, terminating in a leaf node predicting the plurality label. The

choice of binary test bθ (where θ = ( j, l)) is optimised at each node based on the parti-

tion of the training data it receives, maximising an optimality criterion. The optimality

criterion encourages the choice of b which best reduces the uncertainty of the labels.

This is commonly achieved using Information Gain (IG) [78], where:

IG(θ,Tn) = H(Tn)−H(Tn | bθ(x)) (3.13)

Where H() is the entropy function, and Tn represents the portion of training ex-

amples available to node n. The optimal choice of parameters θ maximise the IG
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function, discriminating between labels. Once the IG is below a chosen threshold on a

given branch a leaf node is created, which can provide a class prediction based on the

modal label, or a probabilistic estimate of y based on the proportion of each label in

the training examples which end at the node.

In order to predict the label of a novel example, the binary decisions are made at

each node based on the features of the novel example until reaching a leaf node, which

will define the most probable label. However, decision trees do have a tendency to

overfit to the training data. With enough complexity a tree will fit perfectly to the

training data, but will be unlikely to generalise to novel examples [79]. To combat

this inclination, a random forest uses the average decision of many trees. The number

of trees used to build the forest will affect the performance of the model. Increasing

numbers of trees will reduce the error rate of the model, but with diminishing returns

[80]. Therefore, the number of trees can be determined experimentally, or the max-

imum number of trees can be chosen based on the available time and computational

resources.

With a deterministic method of construction, all trees would be identical, to create

the random forest each tree is trained on a bootstrapped sample of the training data

[76, 79]. Examples from the original training data are sampled with replacement, until

a new set is produced of equal size, T ′. Known as bagging (bootstrap aggregation), this

technique improves performance as each tree will be sensitive to training data specific

features, but the average of many trees will avoid this. Taking the average across the

forest reduces the overall variance, without increasing the bias [76]. However, this

relies on the assumption that the trees are reasonably independent.

With bagging, there is considerable correlation between trees, due to sharing a large

proportion of training data. To increase independence of the trees, and the performance
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of the forest, feature bagging is implemented. Feature bagging is a subsampling strat-

egy applied to feature choices at each node [81]. A random subset of features is pre-

sented to a given node, x∗, in order to choose the one that maximises the optimisation

criteria:

IG(θ,T ′n) = H(T ′n)−H(T ′n | bθ(x∗)) (3.14)

In the case that there are a few very strong predictors in the features, this strategy

avoids the majority of decision trees being heavily dependent on these few features.

There is some variation in the literature as to how many features should be used at

each node, ranging from the square root of the total, to half [81, 77]. Unlike the

number of trees in a forest, the extent of feature bagging is not monotonic, and should

be determined experimentally [82].

With an understanding of how the model is built, the most important step is select-

ing features from the training data that will be used to produce the random forest.

3.2.2 Haar-like Features

The success of any machine learning method relies heavily on the selection of training

data and identification of informative features. For a traditional classification task, such

as identifying individuals with cardiovascular disease, available features will involve

factors such as blood pressure, age, the presence of family history of CVD, and so

on. The random forest will identify the most informative features and predict based on

these. In the context of image segmentation, features must be extracted from the image

and provided to the random forest in a usable form. This section will concentrate on

features which are common in image processing tasks.

The label of the pixel in a given image is unlikely to be independent of the pixels

in the rest of the image. Features gained from only the coordinate of the label do not
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take advantage of the context available. An alternative is to use a patch of pixel values

around the label pixel and extract features from these intensity values in order to make

a prediction.

A popular feature which can be extracted from images or image patches is the Haar-

like feature. Haar-like features are a simple and fundamental image feature produced

by comparing the summed intensities of adjacent rectangular regions of an image. The

basic arrangements of rectangles to produce Haar-like features are shown in Figure

3.1. The two rectangle arrangements are useful for detecting edges, whereas the three

rectangles are sensitive to horizontal or vertical lines.

A Haar-like feature is a single number value produced from summing pixel inten-

sities. As each feature contains relatively little information, many of these features

are produced for an image. In the Viola-Jones object detection framework, each ar-

rangement of rectangles is applied to the image in every combination of scale and

translation to produce an over-complete set of features [83]. This framework was suc-

cessful in the domain of real-time face detection. Random decision forests have also

been successfully implemented with Haar-like features in a range of applications in

medical imaging [84, 67, 85].

Integral images are used to improve the speed of Haar-like feature calculation. An

integral image is a summed area table of the original image data, where each pixel is

the sum of the intensities of all pixels in the original image up to that coordinate along

the x and y axes. This means that a pixel of an integral image I(x,y) is the sum of the

intensity of each pixel in the original image i(x,y) which are bounded by a rectangle

with corners (0,0) and (x,y):

I(x,y) =
x

∑
x′=0

y

∑
y′=0

i(x′,y′) (3.15)

This allows the rapid calculation of an integral image in a single pass across the
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Figure 3.1: Examples of Haar-like feature arrangements. Each feature is a single value
produced by subtracting the sum of the white area from that of the shaded area. Using
integral images, a two rectangle Haar-like feature can be calculated rapidly as: (A+

C−D−B)− (F +D−C−E)

original image, using:

I(x,y) = i(x,y)+ I(x−1,y)+ I(x−1,y)− I(x−1,y−1) (3.16)

Use of integral images greatly decreases the computation time for summing regions

to produce values for Haar-like features as the sum of intensities of any rectangular area

of the image can be calculated from the four corner values of the rectangle instead of

using all values within the rectangle. As demonstrated in Figure 3.1, a two rectangle

comparison can be calculated from only six values. This allows Haar-like features to

be used to rapidly gather a large number of features to train a forest with context from

an area surrounding a labelled pixel. The speed at which these features are calculated

is particularly beneficial when real-time testing of new examples is required, but they

have been used to great effect in medical imaging applications.

Additions to, and variations of, the concept of summed areas in a region of interest

are a common feature selection strategy. The next section covers the development of

these additions and how random forest has been used within medical imaging.
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3.2.3 Random Forests in Medical Image Segmentation

Random forest has been successfully implemented for the detection and localisation of

landmarks and boundaries in medical images [67, 70, 86, 87]. These applications used

Haar-like features to encode local and contextual information extracted at offsets from

the landmark points. Predictions were made using regression voting on each point in

the image to predict the offset of the landmark point. These independent predictions

were then aggregated to give an overall prediction and a measure of confidence.

Semantic segmentation is an area where the application of random forest has made

a significant impact. An early paper in this area used binary classification of individual

voxels to segment myocardial tissues in 3D echocardiogram images [88]. This ap-

proach trained a random forest using features summed from integral images in random

box sizes around a labelled voxel. Additionally, the coordinates of the voxel itself were

fed as features to the random forest to inform the segmentation based on the location

of the patches.

Additional texture information can be used depending on the image modality. Mag-

netic resonance imaging (MRI) can capture multi-channel data which can yield addi-

tional features [89, 90]. In the segmentation of stroke lesions, features were combined

from T1-weighted, T2-weighted, fluid attenuation inversion recovery and apparent dif-

fusion coefficient images. Outside of additional textural features, the main additional

features are spatial and lesion probability priors [85, 89, 91, 92]. Stroke lesions were

segmented with the addition of lesion likelihood maps from Bayesian-Markov random

fields.

Segmentation of multiple sclerosis lesions in magnetic resonance images has been

achieved with a random forest Haar-like feature approach and similar contextual fea-

tures [85]. This approach added spatial information to attempt to include more global

context, sampling features in a Haar-like manner in the patch of interest, as well as a
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patch in the corresponding area of the other brain lobe (lesions being unlikely to be

bilateral). Additional spatial prior information was also included by mapping image

information to an atlas which informed the probability of an area containing grey or

white matter. This technique of using atlas based spatial priors has been used outside

of the brain, for the location of mediastinal lymph nodes in CT images [92].

These segmentation approaches highlight the strength of random forest, and its

flexibility to incorporate image data as well as spatial information and the output of

other models as features. In the context of AAC segmentation, a lack of consistent

shape and location to the calcifications renders direct landmark based approaches un-

feasible. However, successful segmentation of lesions and tumours indicate that struc-

tures can be reliably identified based on patch based texture features with the potential

for additional features based on spatial relationships and the nature of the imaging

modality.

Random Forest and Deep Learning

Despite the many successes of random forest approaches to segmentation, this is an

area which is now dominated by deep learning algorithms. Deep learning is a branch of

machine learning based on artificial neural networks. Artificial neural networks were

ostensibly inspired by information processing in the brain, constructed from many sim-

ple functions termed neurons [93, 94]. Deep learning distinguishes itself from many

traditional machine learning algorithms by moving away from preselected features,

and toward automated synthesis of relevant features from raw data and interpretation

of those features in the context of the given task. The popularity and superior perfor-

mance of these models does not however, mean that random forest is without advan-

tages over deep learning approaches.

Random forests are much faster to train and test on modest hardware. Particularly
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with healthcare applications in mind, where access to GPUs with large memory capac-

ity for neural network training is limited, random forest training and prediction is far

more feasible. Alternatively, with access to multiple computers, decision trees in the

forest are perfectly parallelisable, as each tree is trained independently of the others.

This allows trees to be trained on subsets of training data and combined for testing, to

further speed up training.

There are additional qualities of the random forest that make it more suitable to

medical imaging and healthcare challenges. The demand for training data in deep

learning models is far greater, in order to identify sensible and generalisable features.

This allows neural networks to succeed in areas with large datasets readily available.

Datasets in medical imaging however, are often far more limited as they require expert

acquisition and interpretation, and their availability is more restricted. Random forests

can achieve better performance in situations where there are few training images.

There has been some interest in combining the advantages of the random forest

with deep learning models. Deep learning layers have been used in random forests to

learn internal representations of the input data, allowing the system to encode features

for making split decisions [95, 96]. Random forests can also be used as the final

layer of a neural network, similarly using the features encoded by the network and

identifying those with the largest influence on the label [97].

Deep learning approaches continue to be developed for the domain of image seg-

mentation, and much of the state-of-the-art performance is achieved in this way. The

sections that follow introduce the literature of deep learning and explore a number of

architectures which have been used for image segmentation.
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3.3 Deep Learning and Neural Networks

Neural networks have proven effective in identifying complex patterns in high-dimensional

data. This has meant that the tasks to which neural networks have successfully been

applied, are many and disparate. Neural networks have proved a valuable tool in areas

such as language translation [98], medication design [99], and content recommenda-

tions on video streaming services, which are best left unnamed to avoid accelerating

the aging of this work. This section gives a brief history of neural networks; their

structure and design; and the methods for training and optimising them.

3.3.1 Overview of Neural Networks

The theoretical potential of neurons was established in the 1940s [100, 101]. With

the first neural networks, including the perceptron, applied to real world tasks in the

1950s and ’60s [93, 94]. During this era, the limitations of these techniques were

highlighted [102], failing to match theoretical potential. At the time, it was assumed

that the limitations of perceptrons applied to all neural networks, resulting in a decline

in interest in this area for some time.

The basic structure of the neuron is a simple function that takes a number of in-

put values and produces an output, y. For each input x, a neuron assigns a weight w,

the weighted sum of these inputs and a bias term provide the output. This can be ex-

pressed as y = f (wT x+b0). Learning within the neuron can then be done by adjusting

the weights applied to each input and the bias term, to bring the output closer to the

desired value. Here f represents an activation function to normalise the output, typi-

cally between 0 and 1 using a function like the sigmoid. The activation function is also

used to introduce non-linearity, important for learning complex representations within

the data. The input to a neural network can take many forms, in the example of image

analysis, each input can be the element of a matrix containing the image pixel values.
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Importantly, the input of a neuron can be the output of another neuron, allowing layers

of neurons which take an input, pass it to other layers, and finally to an output layer. A

resurgence of interest in neural networks came with the introduction of multi-layered

networks, which were made possible with the introduction of backpropagation [103].

Backpropagation allows training of the hidden layers of multi-layer networks based

on a differentiable measure of the error. The training of a neural network essentially

involves adjusting weights across all neurons in the network in order to minimise an

objective function across examples in a given dataset. A common example of this loss

function would be the mean squared error, it can be used because it is differentiable and

can be expressed as the average of loss functions for each individual training example.

The gradient of the loss function can be assessed relative to each weight in the output

layer of the network, indicating how these values could be adjusted to improve the loss

function. With gradients calculated for the output layer, these can be used to calculate

the error gradients for each neuron in the preceding layer, working backwards through

the network until reaching the input layer. These calculated gradients can then be used

by an optimisation algorithm, such as stochastic gradient descent to adjust weights

iteratively, improving the loss function. These algorithms are discussed in more detail

in Section 3.3.3.

This is the basic process of training neural networks to approximate a complex

function, mapping inputs to outputs in a dataset. These networks have become in-

creasingly complex and specialised, based on the data being used and the problem

at hand. In particular, image data is challenging to implement in fully connected net-

works, as the number of connections between neurons becomes quickly overwhelming.

To handle these data, the convolutional neural network was developed.
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3.3.2 Convolutional Neural Networks

Convolutional neural networks (CNN) are specifically adapted to image recognition

tasks such as classification [104]. The layers of a CNN are not fully connected, instead

utilising convolutional layers. A convolutional layer consists of a number of learnable

kernels or filters. In the forward pass of the network each kernel is passed over the input

to that layer, producing a dot product response at each spatial location. This produces a

feature map of the input with similar spatial dimensions and a third dimension equal to

the number of kernels in that layer. Kernels are usually small matrices, typically 3x3.

Connecting multiple convolutional layers together allows the kernels of the next layer

to be passed over the feature map of the previous layer. During backpropagation, the

weights in each kernel are optimised to minimise the loss function, training the network

to learn informative filters that are convolved across increasingly abstract feature maps

to identify high-dimensional patterns in the image data.

Pooling kernels are utilised to reduce the spatial dimensions of the abstract repre-

sentations, using non-linear downsampling. Typically maximum pooling is employed,

which takes the maximum value at each non-overlapping position of the kernel. This

strategy is used to reduce the size of the feature maps until reaching a manageable

number of features for use with traditional fully connected layers. Fully connected

layers are used as the final predictive layers of the network, the feature map of the final

convolutional layer is transformed into a single vector, with every element used as the

input to a layer of neurons. These fully connected layers can be repeated until the final

layer which gives the output. Backpropagation can then be used in the same manner as

a traditional neural network to iteratively reduce the loss function and encourage the

network to learn kernels which can perform successfully on novel images.

Essential to the training of CNNs, is the use of non-linear activation functions.

Similar to those used in fully connected networks, the responses for each layer of
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the network undergo normalisation. These functions are usually applied immediately

following convolution, to each value in the feature maps. There are numerous examples

of activation functions, with sigmoid and tanh functions being popular traditionally.

The disadvantage of these functions is that gradients are large in the middle of the

function, but decrease towards extreme values. If the gradients are very small, then the

propagation of gradients between repeated layers of this function will compound this

problem and the gradients calculated through backpropagation will rapidly approach

0, and training will halt. This is known as the vanishing gradient problem [105].

A commonly used approach to combat this problem in CNNs is the use of an al-

ternative activation function, the Rectified Linear Unit (ReLU) [106]. The Relu is a

simple function which takes the form: f (x) = max(0,x), outputting 0 for all negative

values of x. This function is cheap to compute, improving training time. It has also

been shown to improve the rate of convergence as the slope does not saturate for large

values of x, minimizing the vanishing gradient problem. The flat negative side of the

ReLU encourages some degree of sparsity in the network. This encourages neurons to

only respond for meaningful aspects of the problem and to reducing overfitting. The

disadvantage is that for large learning rates, the weights of some neurons can enter

this flat area of the function and become trapped, failing to learn. CNNs have been

successfully implemented on countless image processing tasks, and are particularly

popular for image classification tasks since the impressive performance achieved by

Krizhevsky et al. in the ImageNet challenge [107]. CNNs can be modified to estimate

bounding boxes around classes for some degree of localisation [108]. However, in or-

der for these networks to perform pixel level segmentation, a patch based approach is

required [109], classifying each pixel in an image. To allow image level predictions of

segmentation, fully convolutional networks were developed.
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Fully Convolutional Networks

Fully convolutional networks (FCNs), as the name implies, are CNNs which forgo the

fully connected layers when predicting their outputs, in favour of additional convolu-

tional layers [110]. These networks were designed for the task of semantic segmen-

tation, allowing end-to-end training on whole images with ground truth annotations.

In order to achieve an output resolution which matches the input, the fully connected

layers of a CNN are replaced by upsampling layers.

Various approaches to upsampling exist, traditional techniques such as interpola-

tion (nearest-neighbour, linear, cubic) involve no learnable parameters. Transposed

convolution is a convolution operation which is in essence a reversal of regular convo-

lution, which allows a single element in a feature map to be transposed into multiple

[111]. Transposed convolution is also often termed fractional stride convolution, up-

convolution or deconvolution, a misleading term as it is not truly a deconvolution in

the image processing sense. A kernel is effectively applied at fractional strides across

the feature map to increase the number of samples and increase the spatial resolution

of the feature map. The kernel used to perform this upsampling has trainable weights

in the same way as any other, thus allowing backpropagation of gradients throughout

the network.

The overall structure of these networks can then be described with two parts. A

contracting or encoding path, which involves multiple convolutional and pooling lay-

ers akin to a traditional CNN, and an expanding or decoding path, built with transposed

convolutional layers. With excessive pooling, the shrinking of feature maps can lead to

almost complete loss of spatial resolution, making it difficult for the transposed convo-

lution operations to recover informative features. Skip connections have been used in

FCNs to combat this problem. Skip connections combine features from previous steps

in the contracting path with features produced from upsampling the deepest feature
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maps. This allows the combination of deep abstract features with spatial information.

This has been achieved with element-wise addition [110] as well as concatenation

[112].

The final convolutional layer outputs a feature map with the same width and height

as the original image, and a number of channels equal to the number of classes. The

softmax function is applied to this feature map in order to find the most likely class

for each pixel. This gives the classification prediction for each pixel across the whole

image and allows the calculation of a suitable loss function.

With an understanding of the structure of convolutional neural networks and their

distinctions from traditional neural networks, the following section explores algorithms

for adjusting the neuron weights of these networks to identify relevant features and

make accurate predictions.

3.3.3 Parameter Optimisation Algorithms

With a loss function providing a measure of the performance of a given set of pa-

rameters, the next step is to adjust the parameters to minimise this loss. Finding the

best performing parameters for a neural network is an optimisation problem, a search

for the minimum of the objective function. As the number of parameters in a neural

network is substantial, potentially millions, finding minima in such multi-dimensional

functions is challenging.

The simplest approach, randomly searching through the parameter space, is un-

likely to yield a good approximation of the minimum with such a complex function.

As a result, there are numerous strategies to estimate weight adjustments and search

the multi-dimensional space. Backpropagation allows the efficient calculation of the

gradient of the loss function with respect to the parameters of the neural network, us-

ing the chain rule to compute gradients from the final layer to the first. As a natural

64



result of this efficiency, approaches to the problem most commonly concentrate on

gradient descent algorithms. A candidate set of parameters is randomly initialised,

possibly within some constraint such as a Gaussian distribution, and the derivatives of

the loss function are calculated to assess the gradient. Adjustments to the parameters

can then be made in the direction of the largest negative gradient, iteratively refining

the parameters to find a minimum. This section describes and reviews the optimisation

algorithms, or optimisers, that define exactly how these gradients are used to search

the parameter space and their use in the literature.

Stochastic Gradient Descent

The simplest form of gradient descent, batch gradient descent, calculates the gradient

of the loss function with respect to the parameters across all available training ex-

amples. With a summed gradient for the training data at the given point in the loss

function, the value of all parameters can be updated by a small amount to move the

estimate towards a minimum. This process is repeated iteratively until converging on

a minimum, according to Equation 3.17.

vn =−η ·∇L(θn)

θn+1 = θn + vn

(3.17)

Where θn is the vector of neural network parameters for the nth iteration, and

∇L(θn) is the gradient vector with respect to θn for the loss function L. The final

term η, decides the step size of updates to θ with each iteration. In the context of deep

learning, this variable is commonly referred to as the learning rate, and is a hyperpa-

rameter that must be defined for training of the neural network.

Batch gradient descent requires calculation of a summed gradient across all train-

ing examples to perform each update of the weights and biases of the network. As a

result, this method is slow to converge on a minimum, and unmanageable in situations
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where the dataset cannot fit within memory. Stochastic gradient descent (SGD), de-

veloped from stochastic approximation methods [113, 114], alleviates these shortcom-

ings. Instead of calculating the actual gradient for the whole dataset, SGD estimates

the gradient using a random subset of the data and updates parameters more frequently.

Unlike batch gradient descent, which will naturally introduce redundancy by comput-

ing gradients across similar examples in the dataset, updating parameters with a single

example at a time allows SGD to perform more efficiently while keeping the training

examples within memory [115].

In exchange for overcoming these limitations, each update to the parameters has

higher variance, causing larger oscillations across the loss function surface. This can

cause overshooting of a minimum and is therefor slower to converge than batch gra-

dient descent, where each update is guaranteed to move closer to a local minimum in

the loss function. With an appropriate learning rate, it is possible that this increased

volatility in parameters can allow wider exploration of the loss function and escaping

less optimal minima, though it is similarly possible to miss more optimal minima.

A compromise between the discussed approaches involves the use of larger random

subsets of the data. This approach is often termed mini-batch gradient descent in the

literature or included in the definition of SGD. In this work the term SGD will be used,

and a batch size will be included to specify the size of the random subset used for

each update of the network parameters. With larger batch sizes the variance of each

update is reduced, allowing for more stable convergence but reducing the advantage

of overcoming redundancy and quicker calculation. How the trade-off between these

advantages can best be used to train a neural network requires experimentation, finding

the optimum batch size for training a given network. This introduces batch size as an

additional hyperparameter along with learning rate when using SGD in the training

process.
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Momentum

Momentum is an additional term that can be added to the SGD method, which encour-

ages more consistency in the direction of exploration across the loss function surface

[116]. The oscillations that occur in SGD are particularly common along saddle shaped

areas of the surface, where gradients are steep along some dimensions, but slight in oth-

ers. With each update to the parameters, the vector of those changes is calculated from

the current gradient, which can cause the estimate to oscillate across either side of a

valley, and only gradually follow the slight gradient. With momentum, a proportion

of previous update vectors is also included in the current update vector, according to

Equation 3.18.

vn = α · vn−1− η ·∇L(θn)

θn+1 = θn + vn

(3.18)

Where α is an exponential decay factor between 0 and 1, determining the propor-

tion of earlier gradients in the calculation of the new update vector v. The addition

of momentum allows the optimisation to accelerate toward a minimum in situations

where there is a consistently small gradient, facilitating faster convergence. Addition-

ally, in situations with a large gradient in alternating directions, the momentum term

will dampen oscillations to decrease variance in parameter updates. Momentum has

been successfully applied to train neural networks in a range of applications, and α

typically takes a large value of 0.9 or more.

An extension of the concept of momentum is the Nesterov accelerated gradient

[117], also known as Nesterov momentum. The calculation of Nesterov momentum

anticipates the contribution of the momentum from previous update vectors, α · vn−1,

and calculates the gradient at this new position on the loss function surface, rather than

the current position. This is demonstrated in Equation 3.19.
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vn = α · vn−1− η ·∇L(θn− α · vn−1)

θn+1 = θn + vn

(3.19)

This strategy causes the updates to make large jumps along the direction of momen-

tum and correct based on the new gradient. This increases the rate of convergence to a

minima as the gradient component of updates is immediate, placing greater emphasis

on newer gradients and not lagging by an iteration. As a result it has been demon-

strated that Nesterov momentum has superior performance to classical momentum in

many deep learning applications [118, 119].

Learning Rate Adaptation

All of the discussed optimisation strategies so far have required the use of a learning

rate η, to control the size of steps taken across the parameter space. This is one of

the most impactful hyperparameters in the training process. A learning rate that is too

large will cause the optimisation to oscillate around minima and delay convergence, or

miss minima entirely and diverge. A learning rate that is too low will converge very

slowly, increasing training time, and may become trapped in a sub-optimal minimum.

Learning rate schedules are a strategy in which the learning rate is adjusted during

the training process [120, 121], which has been used in medical image deep learning

applications to improve training [122]. This can be achieved by scheduling a decay

factor into the learning rate, decreasing the learning rate at set intervals of iterations,

an exponential decrease gradually as iterations increase, or when the improvements to

the optimisation slow beyond a chosen threshold. Known as learning rate annealing,

these schedules introduce additional hyperparameters, as the initial learning rate, decay

rate and decay intervals must be decided before training.

These learning rate schedules make use of the same learning rate for all parameter
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updates across the network. The adaptive gradient algorithm (Adagrad), is an optimi-

sation algorithm developed in order to allow adaptation of the global learning rate η

to each parameter θi based on previous gradient updates. The key to this is to keep a

running total of the sum of squares of all gradients for each parameter up to iteration

n. Each parameter is updated like so:

θi,n+1 = θi,n−
η ·∇L(θi,n)√

Si,n
(3.20)

Where Si,n is a matrix containing the sum of squares for all previous gradients

∇L(θ) for each θi to iteration n. As a result of the continuous summing of gradients,

learning rates gradually decrease for all parameters proportionally to the extent of their

updates so far. This allows considerable flexibility in the choice of initial learning rate

η, naturally including annealing of the learning rate for parameters which are updated

more frequently. The downside of this process is that learning rates decrease mono-

tonically and eventually become negligible, preventing further learning. An extension

of this technique, Adadelta, was developed to combat this shortcoming.

Adadelta, adapts the Adagrad sum of squares by keeping a weighted sum of pre-

vious gradients [123]. This is achieved by summing previous gradients with a decay

factor λ, increasing the weight of more recent updates. The previous gradient sum Sn

is replaced with Dn:

Dn = λDn−1 +(1−λ)(∇L(θn))
2 (3.21)

This exponentially decaying window of previous gradients allows Adadelta to be

more robust, and avoid learning rates vanishing. Another extension of this genre of

optimisation algorithms is the popular adaptive moment estimation (Adam).

Adam, is an intuitive combination of the concepts covered so far. Adam calculates

adaptive learning rates on a per parameter basis using both a exponentially decaying
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average of past gradients, akin to momentum, and of the squared gradients, similar to

Adadelta [124]. Resembling the Adagrad and Adadelta algorithms, Adam parameter

update looks like so:

θi,n+1 = θi,n−
η · m̂i,n√

v̂i,n
(3.22)

Here, m and v encapsulate the decaying average of previous gradients and squared

gradients respectively, each with a decay constant β. Due to being initialised as zero

vectors, bias correction is implemented to avoid bias toward 0. The bias corrected m̂

and v̂ are calculated with these equations:

m̂i,n =
mi,n

1−βn
1

v̂i,n =
mi,n

1−βn
2

where:

mi,n = β1 mi,n−1 +(1−β1)∇L(θi,n)

vi,n = β2 vi,n−1 +(1−β2)(∇L(θi,n))
2

(3.23)

Which introduces our two decay constants β1 and β2. m is akin to momentum and

estimates the first moment, the mean, of the gradient. The suggested value for β1 is

0.9. v estimates the second moment, the variance, of the gradients, and its decay factor

β2 has a suggested value of 0.999. Adam is used extensively in the literature due to

its stability in training a range of models and its incorporation of the strengths of both

momentum and Adadelta [124].

Parameters such as learning rate and decay constants have a large impact on the

performance of optimisation algorithms. These are termed hyperparameters, and large

part of the challenge in training deep learning models is in the selection of suitable
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values. The next section covers some of the strategies used to select optimal hyperpa-

rameters for learning.

3.3.4 Hyperparameter Optimization

In contrast to the parameters of a deep learning system, the weights and biases that

are learned during training, hyperparameters are the variables of the system that are

chosen before training, affecting how the parameter optimisation is performed. Hyper-

parameter optimisation, also known as tuning, is the process of finding an optimal set

of hyperparameters for best performance of a deep learning network. Hyperparameters

include the variables of parameter optimisation, such as learning rate and momentum,

but can also include structural variables, such as which activation functions to use.

Similar to parameter optimisation, this problem can be treated as an exploration of

the hyperparameter space, with each hyperparameter as a dimension, to find a suitable

maximum of the performance metric. Unlike parameter optimisation, it is not possible

to assess the derivatives of the underlying function, it can only be evaluated with point-

wise sampling. Hyperparameter optimisation is the main reason for the use of separate

validation and testing datasets. Fitting hyperparameters to the test dataset performance

would give an unrepresentative measure of model performance, as it allows overfitting

to data specific to the dataset.

There are a number of techniques which can be used to search the hyperparameter

space. A typical first step is to choose the hyperparameters manually. The range of

reasonable values for a given hyperparameter can be ascertained from the literature,

from similar models or the same model used on a different problem. Relying on the

judgement of the experimenter, a sensible set of hyperparameters can be chosen and

tested on the validation data. Based on the performance metrics, qualitative assessment

of results and the rate of decrease and relationship between training and validation loss,
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it is possible to make informed estimates of how to adjust hyperparameters, for instance

an increase in regularisation to combat overfitting.

General guidelines and best practices are available within the literature to facilitate

manual searching, though with a lot of variance in performance with small changes

to hyperparameters and many deep learning models being highly specific to a given

problem, finding an optimal solution without a structured approach is difficult. The use

of a structured approach to hyperparameter tuning is also beneficial to reproducibility,

manually selecting hyperparameter combinations is difficult to recreate and test.

Random and Grid Search

Each set of hyperparameters can be trained and an objective measure of performance

can be acquired for each. To find the best performing set of hyperparameters, it is

possible to exhaustively search the hyperparameter space within the confines of sensi-

ble values. This technique is termed grid search. Each hyperparameter is discretized

between a minimum and maximum value, for example the dropout rate may be 0.1,

0.2, or 0.3 and the learning rate may be 10x where x is −2, −3, or −4. The Cartesian

product of all hyperparameters defines the number of models that must be trained, 9

in this example. Experience and judgement are still used to define the bounds of a

hyperparameter and the discretisation steps. Choice of discretisation acts as the sam-

pling frequency across the hyperparameter space, and therefor limits how closely the

proposed maximum matches the theoretical maximum of the space.

It has been demonstrated that grid search is a reliable improvement over manual

sequential optimisation in the same time frame, for low dimensional hyperparameter

spaces [125]. The main drawback of the grid search approach is that it is computation-

ally expensive, the number of samples increases exponentially with each additional hy-

perparameter. For use with deep learning applications, where training a single model

can take several hours, the exhaustive search of the grid can become time consuming
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very rapidly. It is however, a perfectly parallel problem, allowing any and all samples

of the space to be performed simultaneously if computational resources allow.

A variation on grid search, which randomly samples the hyperparameter space

instead of discretising it, is random search. Within the bounds for each hyperparameter,

a random combination are selected and the objective function is sampled at that point.

The random search overcomes the limitation of limited sampling frequency present

in grid search, as there is a chance to sample any combination of hyperparameters

infinitely close to the optimum solution. Each random combination will sample a

an individual hyperparameter dimension in a different location. In the case of two

dimensions that have weak correlation, grid search would inefficiently sample the same

value of one dimension while adjusting the other. Random search can better find the

optima of each by sampling more of each dimension. As the number of dimensions

increases, the correlation between them decreases, causing random search to be more

efficient compared to grid search as the number of hyperparameters increases [125].

Unlike grid search, this search is not finite, random search can continue to sample

the hyperparameter space indefinitely. Random search is similarly perfectly parallel,

allowing simultaneous sampling, with the effective sampling resolution increasing the

more samples are taken. As a result, the sampling frequency is limited by the avail-

ability of time and computational resources. These techniques by their nature involve

inefficiency, as previous samples are not used to inform the selection of future hyperpa-

rameters. This opens the way for techniques which decide where in the hyperparameter

space is likely to contribute the most information about the underlying function.

Automated Hyperparameter Optimisation

The fundamental problem of hyperparameter optimisation is that the underlying objec-

tive function is not easily differentiable, can only be assessed at individual points and
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is expensive to evaluate. A fruitful solution has been the development of a probabilis-

tic model which maps hyperparameters to the expected score on the objective function

[126, 127]. This approach is termed Bayesian optimisation.

The overall strategy of Bayesian optimisation is to build a probabilistic model as an

approximation of the objective function. The hyperparameters which are most likely

to perform best on the surrogate can then be identified and applied to the true objective

function. The model is then updated to include this new observation and the process is

repeated to improve hyperparameter predictions until further improvements are suffi-

ciently minor, or time constrains. This approach is an improvement over random and

grid search strategies as past results are used to inform future evaluation, accelerating

convergence [128, 127].

The key components of a Bayesian optimisation based search strategies, known as

sequential model-based optimisation methods, are the probabilistic model, to approxi-

mate the objective function, and the acquisition function, which compromises between

exploration and exploitation to suggest the next hyperparameter choice. Variations on

these methods comprise selecting different models and acquisition functions. An initial

and popular probabilistic model used in the literature is based on Gaussian processes

(GPs) [129].

Given a set of points [x1,x2, ...,xn] ∈ Rd (where Rd is the d-dimensional hyper-

parameter space) and an objective evaluations of how these hyperparameters perform

[ f (x1), f (x2), ..., f (xn)], GPs assume that these observations are drawn from a multi-

variate normal distribution. The prior GP is defined by a mean function, µ(x), and

covariance function, σ(x). The covariance function assumes that observations close

together are more closely correlated, and so have less uncertainty, and that observa-

tions are noisy samples from the true function [130]. As the number of observations

increases, the uncertainty around the underlying function decreases, and the surrogate

becomes more accurate.
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The acquisition function aims to choose a region of the surrogate function which is

likely to yield improvement. One of the earliest methods for achieving this is the aptly

named probability of improvement [131]. Given a GP prior (with Gaussian cumulative

distribution function Φ) and a current best performing observation ( f (x+)), the aim is

to choose a new candidate x by maximising PI(x):

PI(x) = p( f (x)> f (x+)+ ε) = Φ

(
µ(x)− f (x+)− ε

σ(x)

)
(3.24)

Where ε is an additional term that encourages exploration of the surrogate function.

With ε = 0, maximising PI(x) will favour points that have a higher probability of

negligible gains, over those with a lower probability of larger improvement. The term

encourages some exploration by forcing the acquisition function to choose the new

point in the hyperparameter space that has a chance to improve on f (x+) by at least

ε. Choice of ε, and indeed varying its value over iterations of Bayesian optimisation,

impact how much exploration and exploitation the acquisition function attempts, a key

challenge in any optimisation problem [131, 132].

Taking the probability of improvement concept further, it is possible to choose a

point based on both the certainty of improvement as well as the magnitude of that

potential improvement [126, 133]. This is a concept known as expected improvement.

This acquisition function is defined as:

EI(x) = (µ(x)− f (x+))Φ

(
µ(x)− f (x+)

σ(x)

)
+σ(x)φ

(
µ(x)− f (x+)

σ(x)

)
(3.25)

Where φ is the Gaussian probability density function. Intuitively the addition of

expected improvement is a term which encourages exploration. Candidate points are
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suggested which are predicted by the probabilistic model to have high mean, µ(x, ex-

ploitation of potentially promising points. Alternatively, points with high variance,

σ(x, can be evaluated to explore regions with low certainty. Expected improvement

performs well and has the advantage of not requiring its own tuning parameters, avoid-

ing the problem of passing the hyperparametised buck.

These strategies can be used to intelligently select promising combinations of hy-

perparameters to optimise deep neural network performance [127, 134]. With an un-

derstanding of strategies to learn the parameters and tune the hyperparameters of deep

neural networks, the next section addresses one of the most successful and popular

neural networks in the domain of image segmentation, the U-Net.

3.4 U-Net

U-Net is a fully convolutional network (FCN) which has been very popular in image

segmentation tasks. Networks based on the U-Net architecture have been used in a

range of applications, including segmentation of structures and surfaces in satellite

and aerial photography [135, 136, 137, 138], road marking detection for autonomous

vehicles [139], even source separation in audio data [140]. These are an impressive

leap from the biomedical application for which the original network was designed.

Beyond cell segmentation in microscopy images [112, 141], U-Net has been used in

a range of medical imaging applications, including: retinal imaging [142, 143]; organ

and lesion segmentation [144, 145, 146, 147]; vessel segmentation [148], and tumour

segmentation [149].

The U-Net architecture developed by Ronneberger et al. was applied to histologi-

cal electron microscopy images to segment cell boundaries. The structure of the model

is shown in Figure 3.2. It is closely structured on an FCN, with an encoding and de-

coding pathway. The symmetry of this pathways gives the network its name. Repeated
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convolution and pooling operations are used in the decoding path to identify increas-

ingly abstract patterns and gain insight into the image data. Transposed convolution

is combined with further large channel-depth convolutions in the decoding path to re-

cover spatial information to localise class predictions accurately. Skip connections are

employed to combine features from the encoding pathway into the convolutions of the

decoding pathway, allowing uncompressed propagation of spatial information across

the network, these connections are implemented using concatenation across channels

of the feature maps. The ReLU activation function is used throughout the network to

combat the vanishing gradient problem.
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channel feature map, with the feature depth below the box. Each box has the x and y
dimensions of the feature map. Each white box represents the concatenated features
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U-Net was designed for its application to large electron microscopy images. These

images are very large, and are problematic to fit in memory. A tiling strategy was

used to process manageable subsections of the image at any one time. Mirroring at

the image edges is used to pad the shrinking field of view with sensible image content.

The U-Net makes use of image deformations to effectively increase the number of

training samples available. Elastic deformations, as well as flipping and rotation are

implemented to create sensible variations in the data. This augmentation of the data

compensates for one of the main challenges in biomedical image segmentation, the

availability of training data. The requirement for high quality expert annotated data can

be prohibitively expensive to acquire, use of large amounts of realistic augmentation

enables fast and accurate prediction of segmentation maps with a small training set of

30 images [112].

The final challenge of the application was in the segmentation of objects with the

same class, with touching borders. Ronneberger et al.[112] made use of a large weight-

ing term in the loss function for background pixels which separate cell borders for

touching cells, heavily penalising misclassification. Outside of this weighting, the loss

function used was categorical cross-entropy, optimised using stochastic gradient de-

scent with a momentum of 0.99. This loss function is covered in more detail in the

next section, followed by exploration of more recent implementations and variations

of the U-Net model.

Categorical Cross-Entropy

Categorical cross-entropy is a commonly used loss function in classification and seg-

mentation tasks. Entropy, a concept introduced in information theory, deals with

the idea of how much information events provide given their probability of occur-

ring [150]. Cross-entropy can be described as the amount of informational difference
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between two probability distributions, the true distribution of class labels, and the pre-

dicted distribution from the neural network.

While dealing with predictions for the probability of an example belonging to a

class, the cross-entropy is equivalent to the log loss. For a binary classification task,

where the class label y is either 0 or 1, and p is the probability predicted by the neural

network that an example is class label 1, the binary cross-entropy is given by:

CE =−(y log(p)+(1− y) log(1− p)) (3.26)

This means that if the true label is 1, then the loss is the log of p. As the probability

is between 0 and 1, log(p) will be negative, so the negative log is taken. In the case of

a multiclass classification, the cross-entropy for each example is given by a sum of the

loss for each class label. For a classification with C classes, a 1 or 0 indicator yc if the

example is of class c and the predicted probability pc that the example is of class c, the

cross-entropy is given by:

CE =−
C

∑
c=1

yc log(pc) (3.27)

As y is binary, only the predicted probability of the correct class influences the

function. Additionally, due to the shape of the logarithmic curve, the function harshly

punishes low predicted probability for the correct class. For use as a loss function,

the mean value of the cross-entropy can be taken across the number of examples in

a batch, or in the case of segmentation the cross-entropy of each pixel in a batch.

Backpropagation can then be used to propagate the gradients of this function back

through the layers of the network find optimal changes to parameters to reduce the

cross-entropy.

To avoid the risk of the model overfitting to the most prominent class (e.g. a mask

dominated by negative pixels with only some positive pixels), a weight term can be
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introduced to the equation. This weight term adjusts the contribution of each class label

to the overall loss function, often proportional to the inverse of the class frequency in

the training data.

Clarification of Terms

Throughout the diverse literature on the implementation of U-Net, there is some vari-

ation in the terms used to describe the components of the network. For the avoidance

of uncertainty, the terms used in this work are clarified here. For example the term

step is often used as a synonym for iteration when discussing a forward and backward

pass during training of a neural network. Additionally, it is common to refer to steps in

the U-Net architecture, meaning the sections of the architecture which share the same

feature depth, are connected across the step by a skip connection and connect to other

steps via pooling and upsampling. In this work, the term iteration is used over step

when describing the training process. The term level is used to describe the sections of

the U-Net architecture e.g. the original U-Net has 5 levels, with the input and output

on the first level, and no skip connection in the fifth.

Each level of the U-Net, with the exception of the last, is separated into two blocks,

an encoding and a decoding block. The term block is used to describe the section of

the U-Net with repeated convolution and activation operations and a pooling operation.

Another synonym for level used in the literature is layer. This is unfortunately used

as the term to describe the structure of any neural network, e.g. hidden layers, and

to describe convolutional operations in a CNN. In this work, layer will be used to

describe a convolution operation, as well as pooling and activation operations. For

example, in the original U-Net, each block in the encoding pathway consists of a 3x3

convolution layer, a ReLU activation layer, another 3x3 convolution, another ReLU

activation layer, a dropout layer, and a 2x2 max pooling layer.
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3.4.1 Architectural Variations

With the highly varied applications of U-Net for image segmentation tasks, has come

a considerable number of alterations to the overall structure of the network. As an

example, an early and conceptually simple modification was the use of 3D input images

and convolutions, to enable volumetric segmentation [151, 152]. These architectural

variations still make use of the structure of the U-Net, while adding additional modules

or replacing convolutional operations in order to improve performance.

A groundbreaking feature of the U-Net architecture is the use of skip connections

to enable more optimal acquisition and implementation of spatial features between the

encoder and decoder components of the network. Skip connections have also been used

more extensively in network architectures to combat the vanishing gradient problem

in deep networks. These additional connections, termed recurrent connections, are

made within each convolutional block in ResNet architectures [153]. As shown in

Figure 3.3, the output of each convolutional block is summed with an identity mapping

of the input, allowing backpropagation of the gradient through earlier layers of the

network without vanishing. This technique improves the training of deep networks,

with demonstrations of increasing performance for networks with over 100 layers.

These residual blocks were improved upon with the introduction of pre-activated

residual blocks [154]. This modification involved moving the activation function,

ReLU, before convolutional layers within blocks so that a direct propagation of in-

formation can reach any block in the network directly. This enabled even deeper net-

works to train, some with over 1000 layers, apparently correcting paradoxical increases

in error seen in these deeper networks. Residual blocks have been successfully imple-

mented within the U-Net architecture to improve segmentation of retinal vessels [155]

and carotid artery calcifications [156].
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Conv

Block Output

ReLU BN Conv ReLU BN

Block Input

Conv

Block Output

ReLU BN Conv ReLU BN Addition

Block Input
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Block Output

ReLU Conv BN ReLU Conv Addition

Block Input
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Block Output

ReLU Conv BN ReLU ConvConcat Concat

Basic Block

ResNet Block

Pre-Activated ResNet Block

DenseNet Block

Figure 3.3: Variations on the arrangement of layers within a convolutional block. Each
block consists of two convolution operations, with the order of operations varied and
skip connections added. BN represents batch normalisation operations.

82



Taking the concept of unimpeded propagation of information between layers fur-

ther, dense connections have been implemented within the U-Net architecture. An

example of a densely connected block is shown in Figure 3.3, featuring concatenation

of all feature maps within the block before all convolution operations. DenseNet, a

CNN featuring these dense blocks, has been used to more efficiently train deep net-

works with hundreds of layers [157]. When used in this fashion, the input to a layer

is the feature map of all preceding layers, and its output is used in the input of all

subsequent layers. Unlike ResNet, concatenation is used in place of addition. This

arrangement continues to combat the vanishing gradient problem, and encourages the

reuse of features to reduce the number of trainable parameters required to learn.

With the features of any layer available to any other, features can be reused instead

of redundant relearning of features in different sections of the network. It is theorised

that the success of the DenseNet lies in an implicit deep supervision enabled by the

dense connections. The architecture allows the loss function to supervise the weights

throughout the network to encourage learning of discriminative features. These bene-

fits are seen when implementing dense blocks within U-Net [157]. Allowing improved

performance in a range of microscopy [145, 158, 159] and medical applications such

as lung nodule segmentation, colon polyp segmentation, liver volume measurement,

and multi-modal stroke lesion segmentation [145, 160].

3.5 Previous Work

Having covered the clinical and technical foundations of automating AAC quantifica-

tion in this and the previous chapter, this section covers previous work in the literature

aimed at this goal. Little work has been done in this area directly automating segmen-

tation of abdominal aortic calcification in dual-energy x-ray absorptiometry images,
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motivating this work. However, there is considerable literature automating the identifi-

cation of calcific load on the vascular system in other areas, and with other modalities.

Computed Tomography

Computed tomography (CT) imaging allows high resolution visualisation of 3D struc-

tures. While the high radiation exposure involved in the modality does not lend itself

to use as a screening tool for AAC, it is possible to glean cardiovascular information

incidentally during imaging for other indications. Thoracic CT imaging is commonly

implemented for screening of lung cancer, or studying chronic obstructive pulmonary

disease, in heavy smokers. During these surveys, there is opportunity for imaging of

coronary artery calcification and calcification of the thoracic aorta, both indicative of

increased cardiovascular risk.

Coronary artery calcification (CAC) can be quantified using the Agatston score

(discussed in Section 2.2), and there is a wealth of work automating this process. Early

work concentrated on identification of a region of interest containing the heart, with

the use of thresholding to select candidate regions, which could be further refined by

excluding continuous regions which were either too small or too large [161, 162, 163].

Classification was achieved using spatial and texture features [161], and additional 3D

local features inspired by Haar-like features [162] with a k-nearest neighbour (k-NN)

classifier. These techniques were extended with additional spatial features, using coor-

dinate systems localised around the heart [164] and segmentation of coronary arteries

[165, 166, 167], allowing the development of a multi-atlas a priori probability map of

calcification [168].

These processes were also applied to allow segmentation of the thoracic aorta,

thresholding and subsequent classification of calcified regions, and a total volume of

calcific load within the thoracic aorta was reported [169]. Additional methods were

later developed specific to the thoracic aorta, with fully automated landmark detection
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and shape model fitting [170]. With this method, an approximate circular shape is

localised on each slice to form a smooth 3D shape, then the boundary of this shape

is grown using a energy function using smoothness and edge detection subject to a

regularisation restraint. For segmentation of calcification, a similar simple threshold

is applied to find high intensity regions. A region growing algorithm is used on these

areas to identify and eliminate those which represent vertebrae or the trachea.

In recent years, focus has concentrated on deep learning approaches to segmenta-

tion of vascular calcification in CT images. Agatston scoring of CAC has been auto-

mated with CNNs, using a patch based classifier [171]. This method used registration

of a cardiac atlas to create a region of interest, sampling positive and negative training

patches from each slice according to manual annotation of classes. A simple CNN

with 7 convolutional layers was then trained to classify each patch as belonging to

the calcification or background class. This method demonstrated high sensitivity and

specificity, and calculated Agatston scores showed excellent agreement with manual

scores. The use of CNNs was later extended to make use of 3D convolution opera-

tions, where a large dataset of CT images was used to train the network to directly

output a Agatston score [172]. This approach demonstrated good agreement between

predictions and manual scoring, though this was compared in a scaled down low reso-

lution input.

Lessmann et al. made use of CNNs to classify calcification from multiple locations

throughout low-dose chest CT images [173]. Patch based sampling was used without

the need for prior segmentation, sampling a 2D image at each orthogonal plane and

feeding them into a CNN classifier. Patches were classified based on the structure each

voxel belonged to, allowing detection of calcification in the coronary arteries, the aorta

or each of the heart valves. A second CNN was then used to classify candidate voxels

as calcification, totalling 13 convolutional layers for each of the three orthogonal im-

ages of each patch. This method achieved moderate agreement with manual annotation

85



of calcification, and could reliably distinguish calcifications in each region.

The most recent work in automating aortic calcification segmentation have made

use of the instance segmentation network Mask R-CNN [174, 175]. This work pro-

vides an end-to-end method to detect, classify and segment plaques, using a 50 layer

pre-trained model which is fine-tuned using manual annotations of calcification. Fur-

ther refinement of false-positive regions was performed by clustering pseudo-calcifications

in an unsupervised manner using the features of the final convolutional layer. This ap-

proach included automatic segmentation of the end plates of the vertebrae and allowed

quantification of the calcific load on the abdominal aorta. A sensitivity of 85.0% with

a mean of 10 false positives per patient throughout the entire aorta was achieved. This

is a relatively high rate of false positives for a potential screening technique, given

the clinical risk difference between none and mild AAC. Further work on calcification

specifically in the abdominal aorta has been done in lateral radiographs.

Lateral Spine Imaging

With a lateral view of the spine and aorta, precise quantification of AAC is no longer

possible. As the only visible calcifications are those parallel to the direction of the x-

ray path, only plaques on the anterior and posterior walls of the aorta can be measured.

This change in perspective requires different machine learning approaches to automate

quantification.

As the aorta is not visible on lateral radiographs unless calcified, work has concen-

trated on approximating the location of the aorta and probable regions for calcification

using shape modelling of the vertebrae. Lauze and de Bruijne use such a technique to

produce a spatially varying prior to refine pixel classifications [176, 177]. The prob-

ability of each pixel belonging to the calcification class was estimated with Gaussian

derivative filters to produce features for a k-NN classifier. The prior aorta shape model

is combined with these probabilities to iteratively adjust the shape to find the most
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probable location with the foundation that calcification can only be found in the aortic

wall. This technique achieved an IoU measure of 0.4214, demonstrating good overlap

with the ground truth annotations, though this was done on candidate regions identified

by the shape model, not the overlap score of automatically segmented whole images.

All of the images in this study contained at least some calcification, and true evaluation

of its segmentation performance and use of semi-quantitative scores are left for future

work.

Automated scoring of AAC has been demonstrated by Petersen et al. [178] in

lateral radiographs. Using a Bayesian framework, the method is able to calculate an

AAC-24 score completely automatically. A likelihood function uses Bayesian infer-

ence and prior information in the form of shape predictions for the vertebrae and aorta.

Appearance features from 10,000 patches were sampled to train a random forest with

200 decision trees, which along with spatial priors, estimated the distribution of cal-

cifications within the aorta. Using 5-fold validation on 800 images, the agreement

between the automated method and manual annotations by radiologists was assessed.

This comparison achieved a IoU measure of 0.28. Agreement between automated and

manual AAC-24 scoring was not high, owing to high image noise and errors in ver-

tebral level, achieving a correlation coefficient r = 0.7. The automated analysis also

goes a further stage and calculates a CVD risk score by comparing prior and follow-up

image sets. Automatically segmenting patients into high and low risk (AAC-24 score

above or below 3.5), the correlation demonstrated encouraging improvements to risk

prediction in CVD, with a mean hazard ratio for CVD mortality within 5 years of 2.4.

As has been covered in Section 2.2, the low radiation dose of DXA imaging gives

it an advantage as a screening tool, with the downside of increased noise and lower

resolution. A paper by Elmasri et al. [179] assessed automated quantification of AAC

in VFA images. Single energy VFA images were used to manually train an AAM

to identify the spine and aorta. After segmenting the aorta, multi-level thresholding
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was applied to leave likely candidate calcifications. Image histogram features were

extracted and used to develop k-NN and support vector machine classifiers. AAC-24

scores were not directly assessed, as the classes for training and output were mild,

moderate and severe. The ground truth for these classes was based on the AAC-24

scores provided by manual annotation.

The method uses a relatively small image set of 73 VFA images with mild to mod-

erate AAC, of these 20 were used for training. With the aorta itself being invisible

on VFA, the model was trained using images with clear calcification, likely severe

AAC. Heavy calcification in the aorta is likely to have a less typical location and shape

owing to the increased rigidity. Combined with the small sample, the training data

may not have contained a representative sample of anatomical variation. Despite these

limitations, the results of the study show an impressive agreement between automatic

and manual classification, particularly with a k-NN classifier. The accuracy of the

automated method compared to manual ranged from 83.3% and 95.2%. As is to be ex-

pected based on the training data, the highest accuracy was seen in severe AAC. This

study is an encouraging first step into automated AAC measurement using VFA.

To further the work on automated measurement of AAC severity, a different ap-

proach is required. AAMs cannot accurately segment the aorta when there is mild or

no calcification, the models depend on ample texture information. This highlights the

importance of including images containing no calcification to evaluate false positives

and misclassification of risk. With an understanding of the performance of previous

techniques and potential machine learning approaches used for the problem of segmen-

tation, the remainder of this work presents relevant experiments to achieve automated

AAC scoring. There are several machine learning techniques for image segmentation

which have not been evaluated on this problem in VFA images. The following chapters

explore some of these techniques, namely random forests and fully convolutional net-

works, as well as a shape modelling approach to image augmentation and registration.
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Chapter 4

Automated Localisation and Scoring

This chapter discusses the data and methodologies that are common to all the ap-

proaches to semantic segmentation of abdominal aortic calcification used in this work.

Firstly, the image and annotation data used throughout this and future chapters is de-

scribed. The chapter then explores the methods for selecting suitable regions of in-

terest containing the abdominal aorta, and the automated methods for converting label

masks of AAC into the semi-quantitative scores used in the literature. The results of

these methods are presented and discussed.

4.1 Data

The data used throughout this work were from two main sources. The first was the

Medical Research Council (MRC) National Survey of Health and Development 1946

(NSHD) [180]. The second is the Calcium Intake Fracture Outcome Study [181].

The MRC NSHD is a large cohort of 5362 men and women born in England, Scot-

land and Wales in one week in March 1946. The survey has collected a range of

information on individuals from their birth to the current day, including cardiovascu-

lar, respiratory and reproductive health as well as socioeconomic factors. In a recent
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Figure 4.1: Examples of DXA images from the NSHD and CAIFOS datasets. The left
and right images show examples from the NSHD and CAIFOS data sets respectively,
with contrasting image quality.

data collection, completed in 2011 [180], imaging studies of the skeletal system were

performed on a subset of participants, including DXA VFA.

1601 participants underwent DXA VFA imaging on a Hologic QDR 4500 Discov-

ery in single-energy mode, while cohort members were in the 60-65 year-old range.

The images provided had a spatial resolution between 378x1127 and 399x1160 and

an 8-bit bit depth. After eliminating images that were of unusable quality, and those

which did not fully image the abdominal area between the 1st and 4th lumbar vertebrae,

210 images containing AAC were available with expert annotation using the AAC-24

score. Figure 4.1 shows an example of a DXA image from this dataset alongside an

image from the Calcium Intake Fracture Outcome Study.

The Calcium Intake Fracture Outcome Study (CAIFOS) was a 5-year prospec-

tive, randomised, controlled trial to prevent osteoporotic fractures using oral calcium

supplements. 5,586 participants were recruited from the Western Australian general
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Figure 4.2: Examples of images that were not included from the datasets. The left and
right images demonstrate data that was rejected due to poor quality and incomplete
imaging of the target area respectively.

population of women aged over 70 years. Participants were given a daily calcium sup-

plement or placebo and followed up for 5 years. Baseline or Year 1 DXA VFA images

were taken for a subset of study participants. A total of 1083 VFA images were avail-

able from this cohort, imaged using a Hologic QDR 4500A in single-energy mode.

Images have a spatial resolution of 287x800 and a 12-bit depth, in DICOM format.

Expert annotation of AAC-24 score was available for 747 of these images, once un-

suitable images had been eliminated. Figure 4.2 provides examples of rejected images

from the studies.

In total, the data available consisted of 721 DXA VFA images with evidence of

AAC, scored by expert readers and given an AAC-24 score. The quality of images

varies considerably between the two image sources, as demonstrated in 4.1. Though

imaging occurred on similar models of scanner, there will be considerable variation in

time available for scanning, the skill of the operators and the degree of consideration
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Figure 4.3: Distribution of AAC-24 scores across the data set as annotated by domain
experts. The top chart shows the distribution for the NSHD data, with the CAIFOS
data in the middle, and the combined distribution on the bottom chart.
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for AAC inclusion.

Additionally, 256 images were read by expert annotators as containing no calci-

fication. These images were also included in the data as it was essential to be able

to accurately score VFA images without AAC. Figure 4.3 shows the distribution of

AAC-24 scores in the NSHD and CAIFOS data and across the dataset as a whole.

Noticeably, there was a heavy bias towards lower AAC-24 scores, with few examples

from the extremely high scores.

This distribution of AAC scores made a classification task difficult, with under-

representation and complete absence of many classes. This is typical of the population

examined for osteoporosis screening and would be even more pronounced if screen-

ing were to occur across a broader age range. As a result, the general approach of

previous work [178, 179] and in this work has been the use of segmentation strategies,

with additional processing of these segmentations to produce classes, rather than direct

classification of images.

4.1.1 CT Sagittal Projection Images

An additional image dataset was included to assess the spatial relationship between

the aorta and spine. The dataset was composed of CT images from a study automating

vertebrae localisation for osteoporotic fracture detection [182]. The 3D CT images

underwent sagittal projection to construct 2D images through the midline of the ver-

tebrae. A slice thickness was approximated by choosing the number of sagittal slice

rasters to sum to produce the 2D sagittal projection images.

For the purposes of assessing the relationship between the lumbar vertebrae and ab-

dominal aorta, images with an effective slice thickness of 10mm were calculated, sum-

ming the sagittal slice rasters from 5mm either side of the plane through the midline

of the vertebrae. This region should contain the abdominal aorta from L1-4. Although
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Figure 4.4: Example of a CT sagittal projection, showing the close relationship be-
tween the abdominal aorta and the lumbar vertebrae.

there are differences in the acquisition of DXA and CT images, magnification of struc-

tures closer to the source for example, the spatial relationship between vertebrae and

aorta should be relatively consistent between the two imaging modalities. Figure 4.4

shows an example of the sagittal projections with the relative positions of the aorta and

spine.

Images with obvious aortic pathology such as abdominal aortic aneurysms or stents

were excluded. While identification of these pathologies may be an important research

area for future automation, the primary goal was to model the spatial relationship be-

tween the vertebrae and aorta in normal and calcified aortas. Due to the nature of the

dataset, many images included vertebral pathology, such as fractures. This was use-

ful to include in the model, as many of the DXA images also include pathology. The

randomly selected CT images contained a range of levels of calcification.
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4.1.2 AAC Annotation

While the available datasets contained expert radiologist scores for AAC on an image

level, the development and evaluation of segmentation algorithms require pixel-level

annotation of images. The clinical gold standard for assessment of AAC is through

the use of CT imaging. As paired CT and DXA data was not available, identification

of AAC on DXA is an approximation of the underlying ground truth. Annotation of

the DXA VFA images provides the standard against which segmentation performance

will be judged, any reference to ground truth segmentation performance throughout

this work, is intended to refer to this pseudo-ground truth.

Images were read by the author, scored according to the AAC-24 scale described

in Section 2.2, and used to annotate pixel-level segmentation masks. The author is not

a domain expert in DXA VFA or AAC, but does have formal training in interpretation

of radiographs, and clinical and academic experience of osteoporosis and CVD. The

author was trained by a consultant radiologist, a specialist in DXA VFA imaging and

bone density assessment [183, 184, 185], to identify and score AAC in these images

in line with clinical practice. Additionally, feedback and instruction was provided by

domain expert radiologists researching the cardiovascular risk implications of AAC

[186].

In total 350 images were annotated for AAC. All 210 available NSHD images with

expert identified AAC were included (with an additional 20 images with no AAC) and

120 randomly selected images from the CAIFOS dataset. This allows assessment of

segmentation performance generalisability with changes in image quality and imaging

hardware, and training to improve performance across the datasets. These images were

first read and given an AAC-24 score while blind to the expert scores, to give a measure

of the inter-rater reliability. Scoring was performed twice by the reader with a delay

of at least two months between any image being repeated, allowing the calculation of

95



Figure 4.5: An example of AAC annotation to produce segmentation masks. The left
image is the original DXA image. The centre left image is the overlay of annotated cal-
cification pixels. The right two images are the resulting single and two class annotated
masks.

intra-rater reliability. Separately to AAC-24 scoring, pixel annotation of AAC within

images was performed. Figure 4.5 shows an example of an annotated image.

This AAC annotation produced pixel mask images for each VFA image with the

same dimensions. These masks had a value of zero everywhere except where there was

calcification present, where the value was one. Calcifications were also annotated as

either anterior or posterior wall calcifications, creating an additional 2-channel mask

for each image, with a channel for each of the classes. Figure 4.5 also shows these

mask annotations of a VFA image, with separate channels for anterior and posterior

wall calcifications.

4.2 Methods

The first challenge in automating AAC assessment was reliably locating the aorta

within an image. Given the variability in patient positioning within images and resolu-

tion, consistent identification of a region of interest can focus segmentation algorithms
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on the informative parts of the image. With the aim of calculating calcification scores

for the abdominal aorta, segmenting the area of the image likely to contain the aorta

was an important first step. Once a region of interest had been identified, pixel-level

annotations of calcification were used to calculate AAC-24 scores for images.

4.2.1 ROI Prediction

As the aorta is invisible in DXA images unless calcified, location of the aorta on DXA

VFA images could only be performed when calcification is severe. Due to differences

in the shape and rigidity of the calcified aorta, this could introduce bias, reducing

sensitivity to minor calcifications. Instead, the location of the aorta was estimated from

consistently visible bony landmarks. As the abdominal aorta is reliably positioned

anterior to the lumbar vertebrae, its location can be approximated from vertebral shape

information.

The CT sagittal projection image dataset, described in Section 4.1.1, was used to

build a statistical shape model (SSM) which encodes the spatial relationship between

the abdominal aorta and lumbar vertebrae. Once a model of the relationship between

vertebral annotations and aortic annotations was trained, it was possible to predict the

position of the aorta on a DXA image using only vertebral annotations.

100 of the projection images were annotated to build an SSM. Each of the 100

images was annotated with 30 2D points. Figure 4.6 demonstrates the annotations on a

sagittal projection image. Each of the vertebrae L1-4 were annotated with four points

at the corners of the vertebral bodies. The inferior corners of T12 and superior corners

of L5 were also annotated, allowing the model to include shape information on these

intervertebral spaces. The anterior and posterior walls of the aorta were annotated at

the level of each intervertebral space from T12-L5, giving 10 aortic points.

As the relative positions of the landmark annotation points were used, and not the

97



Figure 4.6: Example of a CT sagittal projection with point annotations. The 20 verte-
bral points are shown in blue, with the 10 aortic annotations in red.

image data itself, a point distribution model (discussed in Section 3.1.1) was trained to

capture the spatial relationships. Each set of 30 points could be represented as a point

in a 60-dimensional space. The mean of those points represents the mean shape of

the model and the principal components that contained the most shape variation were

found. These orthogonal modes of shape variation were calculated in decreasing order

until 95% of the variation had been included.

Each mode included position information for multiple points and so if the PDM

was given a subset of the points, the modes contained information about the location

of other points. Using all the shape modes may not have been ideal though. After

a certain number of modes are added to the model, the additional modes may have

corresponded to variations that did not contribute information about the aortic points

and instead added small variations specific to the training data, overfitting the model.

The aim was to measure how accurately the model could place the aortic points when

presented with the vertebral points. To measure this, the model was first tested on the

CT data, as this had annotations to act as the ground truth.
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The accuracy of the PDM was measured using cross-validation, where the 100 an-

notated projection images were separated into training and test datasets. This ensured

that the model was tested on images outside of the training process, ensuring it was

robust. The cross-validation used 20 folds, 95 training images and 5 test images in

each fold. For each test image, the model was given the vertebral points and returned

the predicted aortic points.

A measurement of error was produced using the Euclidean distance between the

predicted points and the annotated ground truth points for each point across all images.

By building the model and testing it with a limited number of modes, a mean error was

produced for each number of modes. The optimum number of modes was found by

repeatedly calculating the mean error and adding modes of shape variation until the

error began to increase. Once the number of modes with the lowest error was known,

this was used to calculate a prediction for the region of interest.

Across all 20 folds of the cross-validation, each aortic point was predicted 100

times, once in each image. In the reference frame, each prediction could be treated

as a vector displacement from the ground truth, along the intervertebral line defined

by the vertebral points. Assuming that the distribution of these displacements was

approximately Gaussian with a mean of 0, the standard deviation of the error around

each point could be calculated. This deviation was measured separately for each point

as it was likely the model could predict some points better than others.

With a calculated standard deviation for the error on each point across the CT

images, a region of interest was produced on the DXA VFA images. On each of

the 350 images in the DXA VFA dataset, the same 20 point annotations were made

at the corners of the vertebral bodies. A semi-automated approach was used, with the

superior corners of L5 placed manually. A random forest regression-voting constrained

local model (discussed in Section 3.1.1) trained on the CT annotations was used to fit

the remaining points, with manual adjustment in the few cases of large misalignment.
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Regarding the production of a fully automated system, the automation of vertebral

landmark annotation is an active area of research and any automated approach can be

integrated into an end-to-end AAC scoring system [182, 184].

A final PDM was built using all 100 annotations. This model was used on DXA

VFA vertebral annotations, to predict the aortic landmark points. Though the DXA

VFA images had no ground truth aortic annotations, by treating the predicted points

as samples of the distribution around the true location, the probability that the true

location lies within the ROI could be estimated. With an approximately Gaussian error

an ROI produced from these points would expect to include 50% of true aortic points.

Translating all predicted points outward by one standard deviation could create the

bounds of an ROI containing 68% of ground truth points, and so on.

The predicted anterior and posterior aortic points were extended toward and away

from the perpendicular of the intervertebral space. As this ROI prediction was used

as part of a tool on large datasets, the risk of excluding part of the abdominal aorta

should be very low. For this reason, the ROI used for the pixel classifier consisted of

the predicted points from the PDM extended by three standard deviations, including

approximately 99.7% of ground truths.

4.2.2 AAC-24 Scoring

With a method to produce a ROI prediction for each VFA image, the next challenge

was to use label masks to automatically calculate an AAC-24 score for each image.

The predicted aortic points were used to separate the walls of the aorta for AAC-24

scoring, discussed in Section 2.2. Figure 4.7 shows the 8 sections used for scoring,

and an example of these sections separating a VFA image.

The pair of aortic points at each vertebral level defined the midline of the interver-

tebral space. These 5 midlines separated the sections of the aorta adjacent to vertebrae
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T12

L5

Figure 4.7: Diagram of AAC-24 score calculation for lateral radiography. Total length
of calcification parallel to vertebral height is used to generate a 0-3 score for each wall
adjacent to lumbar vertebrae L1-4. This example scores 9, The posterior L3 and L4
sections score 1 each. The anterior L3 and L4 sections score 2 each. The posterior L2
with more than two thirds of the section calcified scores 3.

L1-4. Each pair of aortic predicted points, before any translation to create the ROI,

were averaged to give 5 mean points which define a prediction of the midline through

the aorta. Once these sections of the aorta had been defined, the label mask was trans-

formed to remove curvature in the aorta, standardise the height of the vertebral sec-

tions, and create a common orientation for scoring.

These transformations were achieved using thin plate splines (TPS), discussed in

Section 3.1.2. Each mask was transformed using a TPS defined by the landmark points,

into a common image space. There was some variation in the size of the area covered

by the aortic region in each image and the space that the image could be transformed

into could take any resolution. For the purposes of scoring images, a resolution of
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256x64 was used as this was enough detail for scoring small calcifications without a

prohibitive amount of stretching.

The new image space was defined by having the posterior aortic points with an

x-coordinate of 0, anterior points an x-coordinate of 64, and midline points 32. The

y-coordinates for points at each vertebral space were evenly spread along the height of

the image. The TPS created a mapping between the two images defining which pixel

values in the source mask were used to calculate each pixel value in the target image.

Nearest neighbour interpolation was used to calculate values for coordinates that fell

between pixel values, as values can only be 0 or 1. With each mask transformed to

a common orientation, minimizing curvature in the aorta, a simple approach to calcu-

lation of the AAC-24 score was performed using the proportion of positive pixels in

each section of the image. The number of positive pixels in each column of the images

were summed to find the column with the maximum value on each side of the midline.

This defined an estimated position of the anterior and posterior walls. These estimates

were used to calculate the AAC-24 score, by summing the number of positive pixels in

each vertebral section of each wall. The AAC-24 score was calculated for each image

according to this equation:

AAC24 =
4

∑
v=1

⌈(
3

av

hv

)⌉
+

⌈(
3

pv

hv

)⌉
(4.1)

Where cv is the sum of positive pixels in vertebral level v, along the estimated aortic

wall line. hv is the height of vertebra v in pixels, which in all instances was 64 pixels.

This score approximates the technique used clinically (discussed in Section 2.2), with

the relative total length of calcification in each vertebral section being scored 0-3 and

summed to a maximum total of 24.
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Multiclass Label Masks

During annotation, calcification in the DXA images was classified as anterior or poste-

rior wall calcification. This distinction can be used to estimate the position of the aortic

midline and score label masks. This alternative was investigated to attempt to improve

the accuracy of scoring. With a midline defined by averaging PDM predictions, it was

likely that the variable position of the aorta within the ROI was not well represented

using the previous method.

The same TPS warping strategy was used to transform the ROI into the 256x64

pixel image space, but this time without including the aortic midline points. The 10

points defining the aortic ROI were used in the same manner, to eliminate much of

the aortic curvature and standardise the vertebral heights. The approach was then to

calculate a midline through the image that best separated anterior and posterior calci-

fication. This was achieved by optimisation, finding the minimum of a cost function

representing how well the classes were separated.

This problem was approached using the hinge loss, commonly used to train support

vector machines (SVM). The hinge loss is a function of the distance to a point from a

given decision boundary, and takes the form:

H(di) = γ max(θ− ci di,0) (4.2)

Where ci is the class of point i, either 1 or−1. di is the signed distance from point i

to the decision boundary, negative on one side and positive on the other. γ is a constant

that decides how steeply the function should increase as the distance increases. θ is a

constant that creates a margin in which the loss penalises correctly classified points too

close to the decision boundary. This encourages a boundary which maximises distance

between the two classes. The result was a loss function that punishes any point on

the wrong side of the decision boundary as a linear product of it’s distance from the
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boundary, while discouraging all points from being too close to the boundary.

As these strategies for scoring will be used in future chapters with automated seg-

mentation approaches, they had to also be resistant to noise. Calculating di using the

raw distance from the boundary would have given heavy weighting to pixels large

distances from the decision boundary, making it sensitive to noisy annotations where

there could be clusters of posterior class pixels on the anterior side and vice versa. In

an attempt to alleviate this problem, the hinge loss was modified to use the hyperbolic

tangent, tanh, of the distance. As the decision boundary was not being used to classify

future observations, like with an SVM, there was no need for a margin maximising the

distance between the classes, θ could be set to 0. Additionally, to fit a vertical line the

distance for any point could be simplified as the x-coordinate of the point minus that

of the vertical line. This yielded the following loss function for all points and a given

vertical line:

L(m) =
in

∑
i=1

max(ci tanh(xi−m),0) (4.3)

Where xi is the x-coordinate of annotated pixel i. m is the x-coordinate of a pro-

posed midline. ci remains the class for pixel i, 1 for anterior and -1 for posterior (with

background pixels having an effective class of 0). Figure 4.8 demonstrates the shapes

of the hinge losses as a function of the distance between a single pixel with class 1

and the decision boundary. This shows the decreased impact of misclassified pixels

at large distances, and that the new hinge loss remains monotonic. The monotonic-

ity, along with the simplified calculation of distance allowed this loss function to be

evaluated efficiently without the need for an SVM.

For each label mask, the positive pixels of each class were summed across columns,

creating a histogram with 64 bins. With a candidate midline, the overall loss was

quickly calculated by weighting the loss function at each x-coordinate by the number
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Figure 4.8: Shape of the hinge losses for a single annotated pixel and candidate mid-
line. A pixel contributes 0 to the loss if it is correctly classified, and an increasing
amount if it is misclassified, based on its distance. The blue line indicates the standard
hinge loss, with the red line the modified tanh hinge loss.

of pixels of that class in that bin. The loss was minimised by proposing candidate

midlines at m = 31 and m = 32, then iterating in the positive or negative x direction to

find the minimum, as shown in Algorithm 1.

Once a midline had been found for an image, the AAC-24 score could be calculated

in the same manner, using Equation 4.1. The only modification is that during this

calculation any anterior class pixels on the posterior side can be ignored, and vice

versa.

Algorithm 1 Algorithm for selecting the midline separating anterior and posterior class
pixels for an annotated label mask.

Evaluate the loss function L with m = 31 and m = 32
if L(32)< L(31) then

x = 32, n = 64, min = L(32)
else

x = 31, n = 0, min = L(31)
for i := x to n do

if L(i)≤ min then
min = L(i)

else
Minimum found. return i and end
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4.3 Results and Discussion

Two main challenges were approached in this chapter. The first was selecting a region

of interest containing the abdominal aorta from DXA VFA images. The second was

automating the process of analysing label masks to produce AAC-24 scores. Both of

these approaches are used in future chapters, to select ROIs to input into segmentation

algorithms and to score the output segmentation maps. In this section the results of

these approaches are presented, and the impact this will have on the work that follows

is discussed.

4.3.1 ROI Prediction

100 CT sagittal projection images were used to build a point distribution model to

predict the location of the aorta. The data was split into 20 folds, with 95 images used

to train a model to test on the remaining 5. The absolute distance between each model

predicted point and the labelled point was used as the metric of error.

The mean error was calculated across all points in all images for each number of

modes of shape variation. The total number of modes required to explain 95% of the

shape variation was 15. Reducing the dimensionality of the 30 2D point model to

15 modes of shape variation shows that the positions of points within the shape are

informative. Table 4.1 shows the mean error on the predicted points for the number

of modes used in the model. The error is standardised as a proportion of a reference

distance, in this case the width of L5, to allow comparison to any sized image.

Using only the first 4 modes yielded the lowest error on the aortic points, 0.1111,

the equivalent of 3.58mm on the mean image. The modes are in order of the propor-

tion of shape variation they encoded, and so the error rate dropped quickly with the

addition of the first 3 modes. The fourth mode had little impact and then the error

increased gradually with each additional mode, indicating that the remaining modes
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Mode 1

Mode 2

Mode 3

Figure 4.9: Examples of the main modes of the shape model built using CT annota-
tions. The centre image of each row is the mean shape, with the left and right images
showing the addition and subtraction of 3 standard deviations along that principal com-
ponent respectively.
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Table 4.1: Mean absolute distance from annotated aortic points to PDM predicted
points using different numbers of modes of shape variation. The error is given as a
proportion of the width of the L5 vertebrae. The L5 distance in the training dataset had
a mean of 35.4mm, an estimate of the mm equivalent of the error on a mean vertebrae
is also shown.

No. of
Modes

Mean
Error

Mean
mm

No. of
Modes

Mean
Error

Mean
mm

1 0.150 5.32 9 0.133 4.72

2 0.120 4.23 10 0.131 4.65

3 0.112 3.97 11 0.133 4.70

4 0.111 3.93 12 0.138 4.90

5 0.119 4.21 13 0.142 5.01

6 0.126 4.45 14 0.144 5.10

7 0.127 4.49 15 0.143 5.04

8 0.129 4.57

described variation within the vertebrae that did not affect the aorta or were too spe-

cific to examples in the training set. Figure 4.9 demonstrates these first three modes

of shape variation from the mean shape. The quick drop-off in error with these modes

demonstrated that the vast proportion of the shape information shared between aorta

and vertebrae was in the larger more obvious movements. The first mode appears to

account for the majority of the concavity and convexity in the spine and aorta. The

second and third encompass the width of the two structures and the relative lengths of

the vertebrae respectively.

To calculate the region of interest, a measure of the mean and variance of the pre-

diction error was calculated. During the cross validation, the vector describing the

translation between each model predicted point and the corresponding annotation was

recorded for each number of modes. With 100 of these samples per point across the
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Table 4.2: The mean and standard deviation of distance from predictions to the ground
truth across all CT projection images using predicted points from a 4-mode PDM,
presented as a percentage of the L5 vertebral width.

Mean Error (Standard Deviation)

Section Posterior Anterior

T12/L1 0.00051% (10.3%) −0.0048% (14.3%)

L1/2 0.0047% (9.26%) −0.0097% (13.04%)

L2/3 −0.017% (9.33%) 0.0017% (14.75%)

L3/4 0.020 (10.42%) 0.0063% (16.47%)

L4/5 0.013% (15.64%) 0.045% (25.74%)

data set, the mean and standard deviation were calculated for 4 modes. The results for

all 10 points are shown in Table 4.2.

The mean distances on all points was close to 0, with the highest still under 0.5%

of the L5 vertebral width, less than a pixel in all images. The standard deviation could

therefor give a good idea of the error on these predictions. It is clear that the anterior

points, those furthest from the spine, had higher errors than their posterior equivalents.

Higher errors in these points indicates a limitation in how much the position of the

spine informed the diameter of the aorta. The posterior wall of the aorta is limited

by the posterior wall of the abdomen, but the width of the aorta can be affected by

pathology, such as calcification, and age-related changes. The nature of the image

projections also meant that any image information outside of the slice thickness was

not included, so tortuosity in the aorta that caused deviation in the z-axis will have

appeared to change the thickness of the aorta.

The error values also show a higher error for the lowest points on the aorta, at L4-

5. During annotation of the training data it became apparent that these were the most

variable points. In many of the images it was clear that the aortic bifurcation occurred
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Figure 4.10: A normality plot of distance from predicted aortic points to the annotated
aortic points for the L5 anterior point. The red line indicates the expected value for a
Normal distribution with mean 0 and the same standard deviation.

above the L4-5 intervertebral space. The level of the bifurcation varies within the

population and is a normal anatomical variant. Annotations were made on the most

anterior and most posterior wall that was visible, but the appearance of the bifurcation

varied between images. In some images both femoral arteries were visible, creating the

appearance of a wide aorta, in others however the aorta thinned quickly as the femoral

arteries exited the plane. This effect and the varied tortuosity affecting the anterior

points were both the result of the limited slice thickness in the projection. In future

work it may be worth investigating if these limitations are overcome with an increase

in slice thickness. Provided soft tissue does not disguise the appearance of the aorta

more accurate annotations for PDM training should be possible with a greater slice

thickness by reducing the impact of z-axis movement.

Figure 4.10 visualises the distribution of predicted points around the L5 anterior an-

notated point. This was the most poorly predicted point but similar distributions were
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seen at each other point. The error is the magnitude of the vector from predicted points

to the annotated point along the intervertebral line, with negative values for predictions

anterior to the true value. The normality plot compares the ordered errors against the

expected error for a normal distribution with the same standard deviation and a mean

of 0. The more closely the two lines match, the more normal the distribution of the

data. It appears that the distribution of predicted points around the annotated point was

approximately normal, with some more extreme outliers. This is reassuring evidence

that the major informative modes of variation were included, there were no obvious

and consistent misalignments that needed to be included in the model.

Though the normality of the data was not perfect, the standard deviation should

include roughly the same proportion of samples, meaning it should be rare for the ROI

not to include all the aortic points. Reassuringly all 100 training images had their aortic

annotations within the predicted ROI during their test fold. After achieving sensible

results with the projection images, the point by point errors were used to translate

predicted points on DXA VFA images. All 100 training images were used to build

the final PDM and tested on vertebral annotation points on the DXA VFA images, to

predict aortic points.

The standard deviations of the errors from the cross-validation were then used as

translations for the points of each image. All anterior points were extended by 3 stan-

dard deviations away from the spine along the intervertebral line, and all posterior

points toward the spine. This produced a region of interest with a very low probability

of excluding any of the aorta between L1 and L4.

In the majority of images the ROI was applied without issue, but 34 of the 350 im-

ages had the ROI extend beyond the image edge. This most commonly occurred with

the lower anterior points, which was to be expected as they have the greatest variance.

The impact of this problem on the performance of segmentation approaches will have

to be assessed in the coming chapters. Overall, the results of the ROI prediction were
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encouraging. The aim to select an area of the image containing the abdominal aorta

has been achieved.

4.3.2 AAC-24 Scoring

Having produced an ROI prediction for each VFA image, the next stage was to auto-

matically calculate an AAC-24 score for each image, using the label mask annotations.

A thin plate spline was calculated to transform each ROI into a common 256x64 pixel

image format. This new image eliminated differences in heights of wall sections and

allowed easier calculation of AAC-24 scores. This section contains the results of the

approaches to this scoring, and discusses how they compare to inter-rater and intra-

rater reliability for AAC-24 scoring.

Manual Scoring

In order to contextualise the performance of any machine learning approach to AAC

scoring and segmentation, a measure of human performance is required. The DXA

VFA datasets contain expert annotated AAC-24 scores for each image. Each of the

images in the data set were scored by the author to compare with expert annotations.

Image level scoring was performed twice, with a substantial delay between repeats, to

allow evaluation of the intra-rater reliability.

Figure 4.11 shows a plot of the repeat scoring by the author, to give a sense of the

intraclass correlation. An intraclass correlation coefficient (ICC) of 0.939 was calcu-

lated using a two-way mixed-effects absolute-agreement model between the two obser-

vations of the 977 images. The 95% confidence interval placed the true ICC between

0.926 and 0.951, inferring an excellent level of reliability. This is an encouraging de-

gree of consistency, matching scoring in the literature of 0.93 [48]. Without the context

of the agreement between these scores and the expert scoring however, these values are
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Figure 4.11: The distribution of AAC-24 scores between repeated annotations of the
same 350 images by the same reader.

meaningless. Even a stopped clock is right twice a day.

Figure 4.12 demonstrates the agreement between the expert annotation from the

data set, and the scoring in this work. An ICC of 0.920 (95%: 0.902 - 0.934), was cal-

culated using a two-way mixed-effects absolute agreement model between the author

and the expert annotation on the 977 images. This shows an excellent level of agree-

ment, inter-rater scores in the literature are as high as 0.89 between expert annotators

[31]. With 350 observations, this is a larger comparison than previous literature. As

ICC can be very sensitive to variability in the data set, the high agreement may be in

part due to decreased variance. In this case, a large amount of the disagreement came

from high scores, which may have a larger impact in smaller data sets. The ICC is still

reassuring and the correlation shown in Figure 4.12 indicates that annotations in this
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Figure 4.12: The distribution of AAC-24 scores between annotations of the same 350
images by a single reader compared to domain expert annotation.

work can be used as a suitable proxy for expert annotation to demonstrate the value of

an automated system.

These metrics for inter-rater and intra-rater reliability form the context for the ex-

pected performance for any machine learning approach to automating scoring using

this data set. The ICC of 0.939 for reliability between repeat scoring provides an

estimate of the maximum agreement that could be expected from an exceptionally per-

forming automated scoring method. As a measure of error on scoring AAC, this is the

metric to which the automated AAC-24 methods will be compared. The inter-rater re-

liability ICC of 0.920 conveys the potential for improvement in any automated method,

by using data annotated by domain experts, overcoming the most substantial limitation

of this work.
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Figure 4.13: Examples of TPS warped annotated masks for scoring along the shape
model midline prediction. The midline used for separating the anterior and posterior
calcifications is shown in green.

Label Mask Scoring

350 images received pixel annotation of areas containing AAC to assess two approaches

to automatic AAC-24 scoring. Figure 4.13 shows several examples of the transforma-

tion on label masks for scoring, using midline estimates from the aortic predictions.

The majority of curvature is removed from the aorta, though in some instances a con-

siderable amount is still present. These examples also highlight that this estimation of

the midline is susceptible to the variable position of the aorta within the ROI, causing

both walls of the aorta to fall on the same side of the midline.

The AAC-24 scores generated by the warped midline points were compared to

annotations from the author and expert readers. The ICC for the automated score com-

pared to the annotation of the author was 0.901 (95% CI: 0.872-0.922). This remains a
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Figure 4.14: Examples of TPS warped annotated masks for scoring along the tanh
midline prediction. The midline used for separating the anterior and posterior calcifi-
cations is shown in green, with posterior and anterior calcifications shown in red and
blue respectively.

good to excellent agreement, but falls short of the 0.939 that would indicate it was act-

ing as another observation by the author. Comparison between the expert annotation

and the midline gave an ICC of 0.893 (95% CI: 0.860-0.917). While the agreement

between these scores was high, there is room for improvement with the addition of

midline optimisation.

Figure 4.14 demonstrates the calculated aortic midlines, an improved fit on the

same masks as Figure 4.13. Additionally, an example of masks for which the fit is

still not ideal are included. Judging these qualitatively, there were relatively few im-

ages where this mismatch was extreme, but the majority occurred in images with high

scores. This likely indicates that the increased tortuosity of the aorta that accompa-

nies severe calcification was the main remaining source of curvature in the aorta. With
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these examples being few, the optimisation of the midline position, using a tanh loss,

improved the agreement between the automated scores and the human annotations.

The ICC calculated between author AAC-24 annotations and the automated scores

increased to 0.930 (95% CI: 0.914− 0.943) using the midline optimisation, an im-

provement on the fixed midline method. With a value very close to the 0.939 intra-

rater coefficient, this is promising evidence that the automated method is capturing the

scoring technique of the reader and accurately reproducing it. A comparison was also

made between the expert annotations and this automated method. Figure 4.15 shows

the distribution of the scores between the 350 images. This indicates a tendency for

the automated method to underestimate AAC-24 scores, with more extreme errors in

this direction and a reduction in outliers that overestimate AAC-24 scores. The cor-

relation for midline optimisation was also improved, achieving an ICC of 0.916 (95%

CI: 0.897− 0.932). This matched the performance seen for inter-rater performance,

0.920, and provides a benchmark for a fully automated system.

The use of the tanh function should also ensure that the scoring is more robust to

noisy annotation in the masks. This will be assessed in future chapters, where these

techniques will be used to automatically score masks produced by segmentation algo-

rithms.

4.4 Conclusions

This chapter has presented the methods and results for automatically selecting a re-

gion of interest containing the abdominal aorta in VFA images, and automated conver-

sion of manual label masks to clinical AAC-24 scores. These two strategies are used

throughout this work in order to produce training data for and assess the performance

of automated segmentation techniques.
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Figure 4.15: The AAC-24 scores produced by an automated mask scoring system with
midline estimation on manual pixel-annotation of AAC. Automated scoring of manual
annotations are compared to expert scoring of the same 350 images.
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Region selection has been very successful, producing ROIs that include all anno-

tated calcification across the 350 images that will be used in future chapters. Auto-

mated scoring showed impressive agreement with manual scoring and will be used in

future chapters to evaluate performance, where the strategies for automated scoring

will be assessed and compared further.
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Chapter 5

Random Forest Approach to

Segmentation of Calcification

With a predicted region of interest (ROI) containing the abdominal aorta, a segmen-

tation algorithm can be developed to identify abdominal aortic calcification (AAC)

within this region. This chapter explores the use of random decision forests on this

task. Additional detail on random forests can be found in Section 3.2 and will be refer-

enced throughout the chapter. The methodology to establish hyperparameter choices,

evaluate cross validation performance, and assess image segmentation accuracy of the

classifiers is presented. The results of these experiments are then discussed and com-

pared to the performance of previous attempts at AAC segmentation in the literature.

5.1 Data and Resources

The random forest was trained and tested using a dataset of 350 DXA VFA images, ac-

quired in single energy mode, along with corresponding annotated masks. Additional

details on this data can be found in Section 4.1. 230 images were used from the MRC
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NSHD dataset and 120 images from the CAIFOS dataset, along with their correspond-

ing pixel-wise mask annotations of anterior and posterior aortic wall calcifications. Of

these images, 297 contained AAC. 53 images without AAC were included to assess

performance with masks containing no positive examples. The coordinates of the 10

landmark region of interest were included for each image, defined by the point distri-

bution model in Chapter 4. Expert AAC-24 scores for the 350 images were also used

to compare the scores generated from the segmentation masks.

20% of images were held out as a test dataset. Initial experiments to optimise

the random forest and choice of image patches were performed on the remaining 280

images. This enabled experimentation with threshold choices and post-processing of

segmentation masks to improve segmentation accuracy, while being able to assess the

generalisability of these optimisations. Stratified sampling was used to create each

image set, taking a proportional number of images from each class of AAC severity:

none, AAC-24 score of 0; mild, AAC-24 score 1-2; moderate, AAC-24 score of 3-5;

and severe, AAC-24 score of 6-24. Though the absolute number of pixels annotated

as containing AAC will vary between images, depending on the relative size, num-

ber and position of the calcification. Stratification using these classes encourages a

proportional mix of AAC severity in all training and testing splits.

5.2 Methods

The methodology of this chapter focuses on a patch based approach to training a ran-

dom forest classifier to identify AAC. Random forest is an ensemble learning method,

averaging the outputs of multiple decision trees to improve prediction accuracy. This

method has been used successfully in a range of applications in medical imaging, from

segmentation of the spine or proximal femur in x-ray modalities [68, 70], to tumor

and stroke lesions in MRI images of the brain [90, 187]. The first task was to sample
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patches from VFA images, train a random forest classifier, and validate the accuracy of

classification. Image level predictions were then be made by testing patches sampled

from all pixels in an image, enabling automated scoring.

5.2.1 Random Forest Optimisation

The random forest was trained using patches sampled from the VFA images. A patch

based approach was selected as, without a consistent shape or location for individual

calcifications, borders could not be defined for landmark based approaches. Using

features extracted from image patches allowed analysis of local texture to differentiate

calcification from background. Pixel-wise mask annotations were used to define the

positive and negative classes. Both anterior and posterior calcifications were counted

in the positive class.

Each sample patch consisted of a 21x21 region surrounding the target pixel. 1000

positive pixels were targeted for sampling of these patches, with an equal number of

negative. Additionally, random image augmentation was applied to create multiple

patches per sampling point. A random scaling factor was selected between 0.5 and

2.0, and a random rotation between -0.5rads and 0.5rads. The patch was sampled from

the image without augmentation, and then 4 additional patches were sampled with

random augmentations, yielding 10,000 samples. Each patch was normalised to have

a mean intensity of 0 and standard deviation of 1 before feature extraction.

Patches were sampled around positive and negative target pixels within the ROI

without replacement, as demonstrated in Figure 5.1. This approach constrained neg-

ative samples to those which would be most informative, from the same region but

without the presence of calcification, encouraging feature selection specific to calcifi-

cation. Positive examples were sampled from each image in the dataset proportional

to the total number of positive pixels in each image. Negative examples were sampled
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Class: 1.0

Class: -1.0

Figure 5.1: An example of a positive and negative patch sampled from within the
region of interest. 21 by 21 pixel patches centered on positively and negatively labelled
pixels were sampled from the image without replacement. The left-most image is the
binary calcification mask overlaid on the VFA image. The patches on the right are
normalised and used to produce Haar-like features, which are fed to the random forest
with the associated label.

with an equal number of samples from each image, including those with no positive

examples. With 20% of images held out for testing, samples were taken across the

remaining 280 images.

These parameters governing the nature and number of patches were chosen to al-

low training and validation to take place in a reasonable time frame. These parameters

were later refined based on the performance of image level predictions of calcifica-

tion. The focus of early experimentation was to optimise the parameters of the random

forest itself, to improve classification accuracy. A 4-fold cross-validation experiment

was used on the set of image patches to evaluate the performance of a given set of
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parameters. 1500 of the image patches and their augmentations were used to train a

random forest in each of the 4 cross-validation experiments, predicting classes for the

remaining 500 patches. After each fold had been used for testing, the accuracy of clas-

sification across all patches was assessed. 4-fold cross-validation was then repeated 5

times, with random perturbations of the splitting of folds. This gave a classification

accuracy for each, with a measure of confidence.

Features and Parameters

Random decision forests were built and tested using 4-fold cross-validation. Each for-

est consisted of t regression trees. Regression trees were used alongside the patch la-

bels 1.0 (calcification) and -1.0 (background), to give a continuous probabilistic value

for the prediction, allowing the calculation of an optimal classification threshold. With

continuous predictions, receiver operating characteristic (ROC) curves can be calcu-

lated and model performance compared using the area under the curve (AUC).

Each tree was trained using Haar-like features (discussed in Section 3.2.2) calcu-

lated from the image patches. Each 21x21 patch was used to calculate Haar-like fea-

tures, with comparison of intensity across the patch at all positions and scales, a large

number of features. Decision trees were trained on a subset of these features until they

reached a maximum depth or a minimum leaf node size. The subset of features was

chosen by taking random steps through the vector of features with a predetermined

maximum step size. The number of trees, the maximum node depth for trees, and

the maximum size of random steps to select the feature subset were all experimental

parameters to maximise performance.

The cross-validation experiment allowed the comparison of the AUC metric be-

tween different parameter choices. All trees were built using a bootstrapped sample of

the 7500 training patches. Split nodes were created from a random subset of features,

using the feature which best splits the positive and negative samples, by minimising
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the Gini impurity. Before training a forest, the number of trees to train, the depth

of those trees and the proportion of features used in feature bagging were chosen.

Each of these parameters was adjusted independently to assess how each impacted

the cross-validation performance of the forest, and the training time, to find a suitable

combination. Table 5.1 contains the settings tested.

Table 5.1: The tuning parameters of the random forest classifier. The number of trees
and mean number of features were adjusted in factors of 2. Tree depth was increased
in steps of 5. Each of the parameters was evaluated while keeping the others constant.

Parameter Value Range

No. Trees 24 – 28

Max. Tree Depth 5 – 20

Mean No. Features 2−2√n – 22√n

The optimum number of trees used to build the forests was first established. In-

creasing the number of trees in a random forest will typically increase the performance.

This improvement is not proportional to the increase in trees and would become in-

creasingly expensive for decreasing improvements to performance [80]. As a result,

the number of trees was adjusted by factors of 2, from 16 to 256 to find a practical

compromise. For these experiments, the mean number of features was kept at
√

n,

where n is the total number of Haar-like features for a 21x21 patch, and maximum

split node depth was set at 10.

The impact of maximum node depth will have a less straightforward relationship

with performance. Limiting the maximum number of features that a tree can use to

inform its decision will reduce overfitting, as it reduces the number of minimally in-

formative features used which could be specific to examples from the training set.

However, a tree which is too shallow cannot make use of sufficient features to make an
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accurate prediction. Additionally, the lower the maximum depth the shorter the train-

ing time. To assess the suitability of this parameter, a range of values from 5-20 were

evaluated. The number of trees used was 16, with a mean feature size of 4
√

n.

The number of available features has a similar impact to tree depth. Fewer available

features reduces overfitting, as each tree would be less likely to share features in the

event that a small number of features account for a large proportion of variance. A

larger number of features will increase the chances that features of sufficient value

are found. To explore this relationship, a wide range of maxima for the random step

size were chosen, to give the mean number of features used at each split node. The

mean number of features was adjusted by factors of 2, from
√

n/4 to 4
√

n. Increasing

the number of features available to each split node also has a large impact on the

time it takes to train the random forest, as each split node must calculate the optimum

feature from a larger vector. To establish the performance of the number of features,

the number of trees was fixed at 16, and the maximum tree depth at 10.

Though this was not an exhaustive search of the parameter space, an estimate of

the optimum performance on individual patch classification could be established from

these experiments. The choice of how patches would be extracted from the training

data was then explored using predictions on whole images and comparison with ground

truth annotations.

5.2.2 Patch Sampling Optimisation

While the cross-validation experiment was used to determine how the random for-

est model performed on random subsets of pixels in the image, to evaluate how the

classifier would perform in the intended application, whole images were used for pre-

diction. With an optimised random forest established on individual patches in the

cross-validation, patches centred on every pixel across the whole image could be fed
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into the random forest to predict classes.

280 images were available for training and validating performance. A 4-fold cross-

validation experiment was used to determine the accuracy of predictions across the

whole image set. With each run, 210 image-mask pairs were used to sample train-

ing patches to train a random forest, with the remaining 70 images used to test. Each

random forest was built in the same manor as in Section 5.2.1, based on the optimal

performance achieved in a reasonable time frame by these experiments. Throughout

the cross-validation patch classification experiments, the same patch sampling method

was used to optimise the performance of the random forest. 1000 samples were ac-

quired around target pixels of each class, creating 21x21 pixel patches. In addition,

random image augmentation was applied, creating 4 additional patches around each

pixel.

Table 5.2: The number of Haar-like features that can be calculated for each patch size
used for image level prediction.

Patch Size Features

11x11 9036

21x21 119,460

31x31 564,640

41x41 1,722,546

Patch size was adjusted to assess its impact on image level prediction. Increasing

patch size allowed Haar-like features to be calculated across a larger area, giving an

increasing amount of context from the image around the target pixel. However, the

nature of Haar-like feature calculation causes a rapid increase in the number of features

as the patch size increases. Table 5.2 lists the 4 patch sizes that were tested, ranging

from 11 to 41 in each axis, along with the number of Haar-like features which can
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be calculated. The number of patches sampled remained at 1000 of each class, with

4 additional augmentations during these experiments. A scaling factor was randomly

selected between 0.5 and 2.0, and a random rotation between -0.5rads and 0.5rads for

each augmentation.

The performance of each patch size was assessed using 4-fold cross-validation.

With a prediction generated for each of the 280 images, the optimum patch size can

be identified with comparison to the ground truth annotation masks. ROC curves were

calculated for classification at different thresholds to allow comparison of the trade

off between sensitivity and specificity. Additionally, the Dice-Sørensen coefficient

(DSC) was calculated to evaluate segmentation performance. These metrics were all

calculated comparing only pixels within the ROI.

As well as the size of patches which are sampled, the number of training examples

and augmentation of images would also impact the classification performance. These

two factors are linked, as the total number of patches used for training is a product of

both. Generally, an increasing number of training examples will improve classification

performance, so fair comparison required changing the number of augmented images

while keeping the total fixed. The nature of Haar-like features makes them more sen-

sitive to features which are horizontal, vertical or diagonal. As a result, small amounts

of rotation should improve generalisability, though this effect could be dominated by

additional information contributed by additional training samples. Table 5.3 lists the

patch sampling strategies which were tested, to assess the most appropriate to improve

segmentation.

Augmentation consisted of applying random scaling and rotation to the original

images before sampling patches. A maximum scaling factor was chosen s, with scaling

randomly chosen for each patch between 1/s and s. A maximum rotation r was also

chosen for each experiment, randomly sampling from −r to r. To assess the impact of

image augmentation on classifier performance, the magnitude of r and s were adjusted.
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Table 5.3: The patch sampling strategies which were tested for random forest classi-
fication. The total number of patches is the product of the number of augmentations
(Augs.) and the number of unique sampling points.

Total Patches (Augs.) Aug. Magnitude

10,000 (1) None

10,000 (5) Low

10,000 (5) High

10,000 (10) Low

10,000 (10) High

20,000 (1) None

20,000 (5) Low

20,000 (5) High

20,000 (10) Low

20,000 (10) High

40,000 (5) Low

40,000 (5) High

40,000 (10) Low

40,000 (10) High

For experiments with low augmentation r was set to 0.5rads and s to 1.5. For high

augmentation, an r of 1.0 and s of 2.5 were used.

With optimised patch sampling methods and random forest parameters, the cross-

validation experiments predicted segmentation maps for each image in the training set.

The prediction masks consisted of the mean confidence of the decision trees classifi-

cation of each pixel. Before predictions on the test set, the training set was used to

determine the optimum parameters for post-processing and choice of threshold which

maximised the prediction accuracy.
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Morphology and Thresholding

Morphology techniques can be used to improve segmentation performance. They fun-

damentally consist of erosion and dilation operations, shrinking or growing the areas

in the positive class. A kernel is passed over an image, setting the value of each pixel

in the new image equal to the lowest (erosion) or highest (dilation) value within the

kernel. Dilation is typically used to combine broken up regions of a segmented object.

Erosion is used to remove diffuse noise, any small areas are removed while larger areas

remain. These operations can also be combined, such as the use of an erosion opera-

tion and then dilation, termed opening, which can be used to eliminate noise with less

impact on the larger areas.

With the noise present in DXA images and the nature of using local patch con-

text for prediction, it was assumed that there would be small areas of high response

throughout the predicted masks, and areas of low response within calcifications. Ex-

periments were run to find a combination of morphological operations to minimise

these effects and improve segmentation accuracy. This was assessed on the 280 pre-

dicted masks from the training set, produced by the 4-fold cross-validation.

The kernel used was a square with height and width x. A combination of different

erosion and dilation kernel sizes, xe and xd were used, with the segmentation accuracy

assessed with each. The kernel size and the order of these operations was chosen based

on the features of the produced masks, with values for x of 7, 5, 3 or 1 (no change).

The performance of these erosion-dilation pairs were compared using the AUC and

DSC of the resulting masks. The classification threshold which gave the highest DSC

metric in the training set was also identified to inform segmentation of the test set.
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Hyperparameter Tuning

Test Data Performance

Overfitting Evaluation

Training Data Test Data

Validation Data Unused Data

Figure 5.2: 5-fold cross-validation used to assess overfitting of the random forest. Each
horizontal bar represents the full 350 image dataset, in the same class stratified order.
Comparison of the held-out test data performance compared to other folds gives insight
into the degree of overfitting produced by model selection.

5.2.3 Test Segmentation and Scoring

Having determined optimal parameters for random forest classifiers, training patch

sampling methods, morphological operations and thresholding on the training data set,

the true performance of the random forest approach to AAC segmentation could be as-

sessed on the test set. The 280 image training/validation set was used to train a random

forest according to the best performing method established in previous experiments.

The random regression forest was trained on these patches and used to predict on all

pixels from the 70 test images. Ground truth annotations for the test set were used

to assess classification performance with DSC overlap metric to compare to previous

work.

The performance of the classifier on the test set was used to assess the degree

of generalisability of the approach. To assess the generalisation error of the model

selection, additional experiments were used to assess the model performance on the
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training/validation set. With a testing/training split of 20%/80% an additional 5-fold

cross-validation could be used to build identical random forests and test on folds of

the original training/validation split, as demonstrated in Figure 5.2. The extent of any

overfitting on the original training set during the parameter optimisation was assessed

by comparing the overlap metrics of the held-out test set against those of the training

folds.

The predicted segmentation masks were then used to generate AAC-24 scores.

These scores were produced with the estimated midline of the aorta from the point

distribution model used to predict the ROI. The proportion of positive pixels within the

ROI, on either side of the midline and adjacent to each lumbar vertebrae were used to

calculate scores. The detailed methods for producing these AAC-24 scores is described

in Section 4.2.2. With a score generated for each of the images, the correlation between

these automated scores and expert scoring can be evaluated, providing the efficacy of

the random forest segmentation approach.

5.3 Results and Discussion

This chapter addresses the training and testing of a random regression forest approach

to image segmentation. 350 DXA VFA images were used to train and test the segmen-

tation of AAC using a patch based approach. Cross-validation was used to optimise

the random forest parameters. Overlap scores on image level predictions were then

used to optimise patch selection, and final performance of the model was then assessed

with automated scoring. In this section the results of this model are presented, and

compared to previous work in this area.
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5.3.1 Random Forest Optimisation

A 4-fold cross-validation experiment was undertaken to tune the parameters of the

random regression forest used to classify patches sampled from the DXA VFA images.

2000 patches were sampled across the 280 images used for training, with 1000 of each

class: background and calcification. These sampled patches were transformed with

random augmentations to generate a total of 10,000 patches. Haar-like features were

calculated for each patch of 21 by 21 pixels, generating 119,460 features per patch.

Each fold consisted of 7500 examples used for training and 2500 for testing, with 5

random perturbations of these splits to produce a mean performance.

The first parameter of the random forest that was optimised was the number of

decision trees to average across in the forest. The performance of these parameters

was compared using the area under the ROC curve. Figure 5.3 shows the ROC curves

for the repeat experiments with 16 decision trees. These ROC curves were averaged to

produce a mean ROC curve, with the AUC used to compare the performance between

forests. The consistency of the AUC and ROC curves indicates that the impact of

training and testing splits is minimal, that there is sufficient training data to assess

parameter choices.

The mean ROC curves of the cross-validation for each choice of forest size are

shown in Figure 5.4, with Table 5.4 quantifying the differences in performance. The

maximum depth of each tree was limited to 10 nodes for these experiments and fea-

ture bagging was implemented by taking random steps through the features with a

maximum step size of 690 at each node. This gives a mean sample size equal to the

square root of the number of features available. The best AUC performance achieved

was 0.880, by both 128 and 256-tree forests. The relatively high AUC across these

experiments is a good indication that the random forest is able to identify meaning-

ful Haar-like features from the image patches to allow classification. The smooth and
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Figure 5.3: The ROC curves for the random forest built with 16 trees. Each repeat of
the cross-validation experiment is shown, along with the average curve. These ROC
curves demonstrate the TPR and FPR of the cross-validation classification of patches
with varying thresholds from -1 to 1 for assigning the positive class.

symmetrical ROC curves do not indicate a clear optimal trade-off between sensitiv-

ity and specificity, a classification threshold would have to be determined from image

level prediction experiments.

Based on the AUC of each configuration it was clear that increases in performance

from larger forests rapidly shrink. The time to train a forest was approximately linear

with the number of trees. With random forests achieving a statistically similar AUC

score with both 128 and 256 decision trees, while doubling the training time. Indeed,

the probability that the 64-tree and 128-tree forests would give these results if there

were no difference in their performance is in excess of 20% on a two-sample t-test. A

64-tree forest gave a significant (p-value = 0.01) improvement over 32-tree and seemed

a reasonable compromise of training time and performance.
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16 Trees (AUC =  0.866)
32 Trees (AUC =  0.874)
64 Trees (AUC =  0.878)

128 Trees (AUC =  0.880)
256 Trees (AUC =  0.880)

Figure 5.4: Mean ROC curves for random forest classification with different forest
sizes.

Table 5.4: The performance of the cross-validation experiments for random forests of
different sizes. The mean AUC, across repeat resampling of training and testing splits,
is shown as a percentage along with the standard deviation. TPR and FPR percentages
are also shown for a classification threshold halfway between classes. The training
time is shown for 4 folds and 5 repeats.

No. Trees AUC (σ) TPR (σ) FPR (σ) Time (min.)

16 0.866 (0.1) 75.9 (0.4) 19.3 (0.4) 133

32 0.874 (0.2) 76.5 (0.3) 18.6 (0.3) 245

64 0.878 (0.2) 76.9 (0.3) 18.5 (0.3) 451

128 0.880 (0.2) 77.0 (0.1) 18.2 (0.5) 949

256 0.880 (0.2) 77.0 (0.3) 18.2 (0.2) 2033
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Table 5.5: Performance of random forests with varying decision tree depths.

Tree Depth AUC (σ) TPR (σ) FPR (σ) Time (min.)

5 0.845 (0.1) 72.0 (0.5) 20.0 (0.4) 266

10 0.868 (0.1) 77.0 (0.2) 19.6 (0.5) 549

15 0.872 (0.3) 77.7 (0.4) 20.0 (0.7) 821

20 0.874 (0.2) 78.4 (0.3) 20.1 (0.3) 1146

The next optimisation was for the maximum depth of the decision trees in the for-

est. Table 5.5 contains the mean AUC for the 4-fold cross-validation experiments with

each maximum tree depth, and the time taken to train them. These experiments were

trained with 16 trees in each forest and a maximum random step size of 172 through

the features, giving a mean subset of features at each split node of 1382.5 (4
√

n). The

maximum performance achieved was an AUC of 0.874. The gains to performance

quickly slowed as the tree depth increased, which is expected as the early split nodes

use the features which account for the largest proportion of the variance. Doubling

the tree depth to 20 allowed this 16-tree forest to achieve comparable performance to

the previous 32-tree forest. However, this forest had 4 times as many features to use,

and took a considerable amount more time to train. To truly assess the efficacy of

increasing tree depth, the impact of feature sample size was examined.

The number of features subsampled at each split node was adjusted to assess its

impact on classifier performance. Table 5.6 shows the AUC for each parameter set-

ting, with a maximum performance of 0.869. There was very little change in perfor-

mance within this range of features, with significant gains in training speed for smaller

subsets. The 2
√

n and 4
√

n experiments had almost indistinguishable results. These

experiments had a consistent forest size of 16 and maximum depth of 10.

Across these optimisation experiments, the biggest impact in performance was the
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Table 5.6: Performance of random forests with split nodes trained on different sizes
subsets of Haar-like features. Features were selected by taking a random walk through
the feature vector with a maximum step size equal to twice the desired mean features.

Mean
Features

AUC (σ) TPR (σ) FPR (σ) Time (min.)

86.5 (
√

n/4) 0.862 (0.1) 75.1 (0.5) 19.3 (0.3) 53

173 (
√

n/2) 0.864 (0.1) 75.5 (0.4) 19.3 (0.4) 79

345.5 (
√

n) 0.866 (0.1) 75.9 (0.4) 19.3 (0.4) 133

691 (2
√

n) 0.869 (0.1) 76.6 (0.3) 19.7 (0.4) 265

1382.5 (4
√

n) 0.868 (0.1) 77.0 (0.2) 19.6 (0.5) 549

number of trees. Provided there was sufficient depth to each, it appeared that lowering

the number of features available to each split node had minimal impact on accuracy

while reducing training time substantially. While every combination of these param-

eters was not searched exhaustively, the patterns established in each parameter indi-

vidually had reasonable consistency. This allowed the selection of parameters for the

forest without concern that there were significant improvements possible in reasonable

time scales. All subsequent experiments were performed using a forest size of 64, a

tree depth of 10, and a mean feature subset of
√

n/2.

While relatively high TPR was achieved with low FPR, the extreme imbalance in

classes in a full image meant that there would be a substantial number of false positives

across the image. The sampling of the patches at random from the ROI meant that neg-

ative examples were unlikely to be proximate to the positive examples. The negative

pixels closest to areas of calcification would be the most uncertain. Given that these

were unlikely to be tested, the performance of the classifier would be overestimated in

this cross-validation. To assess the performance of the chosen random forest configu-

ration without these biases and to optimise patch selection, image level prediction was
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investigated.

5.3.2 Patch Sampling Optimisation

With optimised random forest parameters, this configuration was used for image level

prediction to further assess classification accuracy and to assess the method for patch

sampling. 4-fold cross-validation was used to train the random forest on random

patches from the training folds and predicting on whole images in the test fold. The

strategy for patch sampling was adjusted with each cross-validation experiment to

compare performance, starting with patch size.

Figure 5.5 shows the segmentation masks produced by the random forest for each

patch size. While every pixel in the VFA image is classified in these masks for illus-

tration, only the pixels within the ROI are used to quantify performance. The value

of each pixel relates to the probability that it belongs to the calcification class, as esti-

mated by the random forest. For most of these images, the response in areas contain-

ing calcification was high, which reassured that the patch based approach has captured

sufficient context to classify. However, there is a high response for many pixels in the

same area. While noisy responses could be filtered out, the masks contained many

clusters of high response pixels that take on the appearance of calcification.

These pseudo-calcifications appeared to be less numerous with increasing patch

size, indicating that the widened view provided context important for eliminating pat-

terns in soft tissue which had similar texture to calcification. A side-effect of the widen-

ing patch size, was the introduction of a border of uncertainty at the image edge. This

region has a response of 0, halfway between classes, where the Haar-like features are

so different from the training data that they could not be classified. The width of this

region was equal to half of the patch size, where the patch extends beyond the image.

As DXA VFA images are taken primarily to investigate the vertebrae, it is common
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Figure 5.5: Segmentation masks for patch based random forest classification, varying
patch sizes. The intensity of each pixel is proportional to the probability from the
classifier that it belongs to the calcification class.
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Figure 5.6: Comparison of ROC curves for random forest classifiers trained on increas-
ing patch sizes

for many images to exclude some of the aorta, or for it to be on the very edge of the

image. This growing border caused calcifications in some images to be missed.

By adjusting the threshold for classification between calcification and background

classes and comparing to the ground truth annotations, an ROC curve could be pro-

duced for all pixels across the image set. Figure 5.6 shows the ROC curve for each

patch size, along with the AUC. The ROC curves showed improved performance for

increasing patch size. Of particular note was the increasing steepness of the slope for

small FPR values. This corroborated the qualitative results of the segmentation masks,

fewer false positives with widening patch size. The high number of the background

class means that accuracy can give a poor representation of classification performance,

as giving all pixels a class of -1 would still have given a deceptively high accuracy. A

DSC was calculated, which ignores the true negative examples, across the pixels in all

images, making it a better metric for comparison of classification.
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Table 5.7: Segmentation metrics for random forests trained with increasing sample
patch size. Area under the ROC curve and Dice-Sørensen Coefficient are calculated
across all pixels in the image set. Training time is for all 4 folds in minutes.

Patch Size AUC DSC Time (min.)

11 x 11 0.847 0.139 29

21 x 21 0.920 0.256 122

31 x 31 0.940 0.306 297

41 x 41 0.944 0.329 701

Table 5.7 demonstrates the performance gains of increasing patch size in terms of

AUC and DSC. The best performance was achieved by the 41x41 patch, with an AUC

of 0.944 and DSC of 0.329. This DSC is the best value achievable while adjusting

the classification threshold. The small 11x11 patches, while rapid to calculate, had

unacceptably poor performance compared to larger patches. As the AUC and DSC

metrics were calculated across all images in the data set, only one estimate of each

was sampled. This excluded true statistical comparison, though the relatively large

improvements to DSC with increasing patch size were encouraging. Combined with

the improved appearance of the segmentation masks, seen in Figure 5.5, the improving

metrics for overlap seemed a worthwhile benefit for the cost of training time. Addi-

tionally, in potential clinical application, the training time for these models is likely

not to heavily hinder usability, and a much greater value is placed on accuracy.

The number of patches sampled and the degree of image augmentation were also

adjusted to optimise performance. Table 5.8 shows the variations of these parameters

which were tested, and the AUC and DSC metrics. The highest DSC achieved was

0.342, with 8,000 patches sampled with 5 augmentations each. The results of these

experiments indicated that the most impactful parameter on performance is the num-

ber of patches, with increased sampling improving performance more than increased

141



Table 5.8: The performance of the patch sampling strategies tested for random forest
classification. The total number of patches is the product of the number of augmen-
tations (Augs.) and the number of unique sampling points. The DSC is the highest
achievable when adjusting the classification threshold. The time taken to train the 4
random forests is shown in minutes.

Total
Patches
(Augs.)

Aug.
Magnitude

AUC DSC Time (min.)

10,000 (1) None 0.941 0.327 346

10,000 (5) Low 0.935 0.313 352

10,000 (5) High 0.916 0.233 350

10,000 (10) Low 0.927 0.280 354

10,000 (10) High 0.914 0.233 352

20,000 (1) None 0.950 0.340 686

20,000 (5) Low 0.948 0.337 696

20,000 (5) High 0.923 0.263 693

20,000 (10) Low 0.938 0.321 692

20,000 (10) High 0.921 0.266 692

40,000 (5) Low 0.951 0.342 1411

40,000 (5) High 0.928 0.284 1405

40,000 (10) Low 0.940 0.327 1414

40,000 (10) High 0.923 0.269 1417
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augmentation to generate more patches. The degree of augmentation was varied during

these experiments, with low augmentation outperforming high.

Morphology and Thresholding

With an optimised policy for patch selection and random forest training, post-processing

parameters were established to improve predictions. The most impactful shortcoming

of the methods to this point was the high number of false positive responses in the

segmentation masks. This high rate of false positives agrees with similar findings on

radiographs by Petersen et al. [178]. Morphology and thresholding methods were im-

plemented to minimise the impact of these false positives. Given the large areas of high

confidence around true calcifications in the ground truth annotations, the main aim of

morphological operations was to erode smaller areas of high response and dilate to

restore true calcifications. This method of erosion and subsequent dilation is termed

closing.

Table 5.9 shows the segmentation performance for predicted segmentation masks

after the application of closing operations with varying kernel sizes. The 4-fold cross-

validation random forests were trained using 20,000 41x41 patches without augmenta-

tion. Comparing the performance metrics before and after morphology, small kernels

appeared to improve overlap measures. Both 3x3 and 5x5 kernels achieved an AUC of

0.956, with 5x5 achieving the best DSC measure with 0.367. Further increase to the

kernel size resulted in a considerable drop in performance. While these differences are

fairly minor, these methods were implemented with negligible compute time, making

them worthwhile.

DSC metrics for the morphology performance were calculated at each threshold

value, with the highest score presented in Table 5.9. This threshold was 0.725 for the

5x5 kernel size. This is a high threshold, only classifying pixels with high confidence

in the positive class. Figure 5.7 shows the same example segmentation mask after
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Figure 5.7: A comparison of the same segmentation mask with increasing classification
thresholds, overlaid on the VFA image. The ground truth annotation is included for
comparison.
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Table 5.9: Segmentation performance of predicted masks after application of a mor-
phological closing operation with varying kernel size.

Kernel Size AUC DSC

None 0.954 0.344

3x3 0.956 0.349

5x5 0.956 0.367

7x7 0.945 0.333

differing classification thresholds. This demonstrates the need for a high threshold to

eliminate areas of false positive pixels. However, this was achieved with the cost of

removing areas of true positives. This highlights the importance of the DSC metric,

which is sensitive to changes in true positives.

These segmentations also highlight a source of pseudo-calcifications, the vertebral

border. Due to the landmark definition of the ROI, some areas of the vertebral body

were included in images. This was especially pronounced in images which included

spinal pathology such as osteophytes. While thresholding can be used to minimise their

impact, the inclusion of the vertebrae in some images is always likely when expanding

the predicted ROI to ensure inclusion of the aorta.

With the optimal parameters of the random forest, patch selection and post-processing

determined experimentally, the final experiment was to predict on the test split of the

data set and calculate AAC-24 scores. The chosen post-processing steps were; closing

with a kernel size of 5x5 pixels, and classification thresholding at 0.725.

5.3.3 Test Segmentation and Scoring

All 280 images used for training and validation of model parameters were available

to train the random regression forest for segmentation, with 70 images held out for
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testing. Using the established random forest parameters, patch sampling methods and

post-processing steps, a segmentation mask was produced for each of the 70 images.

These segmentations were compared to the ground truth annotations of the data for

qualitative and quantitative evaluation. Figure 5.8 demonstrates a number of exam-

ple images from the test set. Each image is overlaid with both the ground truth and

automated segmentations for comparison of areas of AAC.

These examples were chosen to demonstrate some of the shortcomings of the sys-

tem. There are still a number of images containing false positive areas along the ver-

tebral borders. These are the result of slight misalignment of the vertebral landmark

points defining the ROI, which caused aortic points extending to the vertebrae to in-

clude a small amount of the vertebral body. Due to the random sampling of patches,

it is unlikely that many of these vertebral pixels were sampled, prohibiting the random

forest from learning features to discount these pixels. Increasing the complexity of the

vertebral shape model, to include annotations along the borders of the vertebral body

may be able to minimise this problem. This would be at the risk of excluding some

calcifications very close to the vertebrae, as in patients with severe spinal pathology

such as scoliosis, the abdominal aorta may be partially obscured by vertebral bodies.

With comparison to the ground truth annotations, the performance of the random

forest segmentation was quantified. Table 5.10 shows the segmentation metrics calcu-

lated for all images in the 70 image test set, achieving a DSC score of 0.365. With a

measure of the model performance on novel test images, additional experiments were

performed to assess the generalisation error produced from the model and hyperpa-

rameter selection methods. 4 additional folds of the training/test split were evaluated

to give this insight. A 5-fold cross-validation was also performed, with the original

test set used as the test set for fold 1. This enabled prediction of segmentation masks

for each of the 350 images in the dataset. There is some variation in the AUC and

DSC metrics between folds, likely a result of the variation in the numbers of positive
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Figure 5.8: Example images from the test set with ground truth and random forest
generated masks overlaid. Areas in blue represent false negatives, where the random
forest has failed to identify calcification, and red areas indicating false positives, where
the random forest has misidentified background as calcification. Magenta indicates
true positive pixels, where there is agreement.
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pixels in the ground truth annotations for each split. It does not seem that the perfor-

mance of fold 1 is substantially affected by the optimisation process. As this was the

only fold for which none of the test data had been previously used for training, a lower

performance could indicate overfitting to the training data. This is reassuring that the

morphology and threshold choices were not specific to the training set.

Table 5.10: Overlap metrics comparing the random forest segmentation to ground truth
annotations. DSC, IoU and accuracy are all included for comparison to previous work.
Fold 1 represents the truest evaluation of performance, as the test data was not part of
the training data during experimental optimisation.

Test Data AUC DSC IoU Acc.

Held-Out
Test Set

0.952 0.365 0.223 0.991

Training
Fold 1

0.944 0.340 0.204 0.992

Training
Fold 2

0.968 0.369 0.226 0.991

Training
Fold 3

0.963 0.397 0.248 0.992

Training
Fold 4

0.958 0.367 0.225 0.992

All
Training

0.958 0.368 0.226 0.992

All Images 0.957 0.367 0.225 0.991

The aim is to produce a classifier that can be used to match human identification of

AAC. A measure of the performance of human annotation was needed in order to com-

pare how the random forest segmentation performs. As described in Chapter 4, repeat

annotations of all images was performed, with significant time between and blind to

the first annotations or scores. By comparing the first and second annotations a metric
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for intra-rater reliability could be calculated. The DSC achieved in this comparison

was 0.784, giving an impression of the maximum performance that could be achiev-

able by a perfect automated system trained on these annotations. The segmentations

produced by the random forest approach were considerably less accurate than repeat

annotations by the same annotator, indicating poor performance. Petersen et al. [178]

found that the IoU between trained radiologists annotating the same images was 0.51,

the equivalent of a 0.675 DSC. While this inter-rater reliability measure appears more

favourable, it is still much more reliable than the 0.367 achieved by the random forest.

The IoU was included to compare to previous work, with this approach falling short

of the 0.28 achieved by Petersen et al. in their automated approach. Their work simi-

larly involved the use of statistical shape models to guide random forest segmentation.

A Bayesian framework was used to incorporate spatial and location prior information

along with texture analysis to estimate the location of the aorta and segment calcifi-

cation within. Additionally, an IoU of 0.42 was achieved by Lauze and de Bruijne

[176]. An active shape modelling approach was used to estimate the position of the

aorta, with an in-painting segmentation technique. Both of these approaches were as-

sessed on radiograph images, which typically have a better resolution and less noise,

so achieving the same performance would be more difficult. However, with an IoU of

0.225, there was a substantial gap in efficacy.

The impact of small shifts in the alignment of similar sized segmentations, like

those seen in Figure 5.8, have a large impact on overlap measures such as DSC. It is

important that segmentation accuracy is high, to allow confidence in interpretability

of AAC-24 scores generated from the data. However, these differences in overlapping

areas may be the result of ambiguous pixels that would have no effect on the overall

severity measure of the calcification. To assess the impact these segmentation inaccu-

racies have on the measures of AAC severity, the automatically segmented masks were

scored. An AAC-24 score was generated for each of the 350 segmentation masks,
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Figure 5.9: Intraclass correlation between AAC-24 scores generated from manual an-
notations and segmentation masks produced by the random forest.

using the estimated aortic midline methods described in Chapter 4. This was also per-

formed on the ground truth annotations, and an intraclass correlation coefficient (ICC)

was calculated between the two methods. The results of this comparison are presented

in Figure 5.9.

The overall ICC between AAC-24 scores generated using ground truth annota-

tions and random forest segmentations was 0.466. This was calculated as a two-way

mixed-effects absolute-agreement model. This was a low value, indicating unreliable

agreement between the two scores. This confirmed that the low overlap metrics do in-

deed indicated a fundamental failure of the random forest to capture the features in the

data which indicate the presence of calcification. The comparison of AAC-24 scores
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Figure 5.10: Intraclass correlation between expert AAC-24 scoring and those gener-
ated by the random forest.

indicated that the majority of errors in the random forest were in underestimating larger

scores, and overestimating images containing no calcification. This was likely the re-

sult of pseudo-calcifications. To maximise the DSC a high threshold was set, this cre-

ated a compromise which heavily reduced the true responses in high scoring images,

but still left areas of calcification in images which should have been eliminated.

There was also the compounding factor of the inaccuracy of the midline estimates

in the shape model. For a true impression of the random forest segmentation scoring

performance, the AAC-24 scores were compared to expert annotation of the images.

The intraclass correlation of these scores is shown in Figure 5.10. An ICC of 0.554 was

achieved between the two sets of scores. This value indicates some weak correlation,
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though with a lower bound on the 95% confidence interval of 0.477, this is not strong

evidence of correlation. The increase in correlation compared to the scores generated

using the same method on manual pixel annotations may indicate that performance is

affected by the shortcomings of the scoring method. However, this impact would not be

sufficient to explain the low correlation if the random forest is identifying calcification

reliably. This is further evidence that improvements to the segmentation approach are

required to allow reliable automated scoring of these images.

5.4 Conclusions

This chapter has presented the methods and results for automatically segmenting ab-

dominal aortic calcification in vertebral fracture assessment images using a random

regression forest. Achieving a DSC overlap metric of 0.367, the overall agreement of

automated segmentation with manual annotation is relatively low, below performance

achieved in previous literature in radiograph images. Automated scoring of the images

achieved an ICC of 0.554 with expert annotation, leaving a substantial shortcoming

in the utility of this approach for replacing manual scoring. The two largest obstacles

to this scoring were relying on the aortic midline predictions of the shape model and

the considerable number of false positive clusters. Redesigning the random forest to

perform multiclass classification, where anterior and posterior calcifications were clas-

sified separately, would allow the more accurate weighted midline approach to scoring

(discussed in Section 4.2.2) to be used. This would give more accurate scoring from

the segmentation, provided a similar degree of accuracy could be achieved. Pseudo-

calcifications, clusters of false positive pixels, would still have a heavy impact.

It appears that there is room for improvement in the random forest classification

performance. Changes to the structure and training of the random forest are likely to

give only small improvements in accuracy. In particular these experiments indicated
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that substantial decreases in false positive rate are not easily achievable with optimisa-

tion of this methodology. Though more elaborate patch sampling methods are the most

promising area for the furthering of this approach. A strategy to improve the selection

of negative patch samples could yield improvement. By pairing negative patches from

those in the vicinity, choosing a random distance weighted to encourage proximity, the

negative samples would enable better distinction of features which represent calcifica-

tion and not location.

Similarly, there may be benefit in weighting the selection of negative samples to

favour regions in the ROI which share similar intensities to positive samples. This

might alleviate some of the pseudo-calcifications generated along the included verte-

bral edges and soft tissue noise such as bowel gas borders, encouraging selection of

features which distinguish these from calcifications. Additionally, it may be valuable

include spatial features for selection by the random forest. The absolute x and y co-

ordinates of the input patches are unlikely to be informative, as the position of the

lumbar vertebrae in the image is variable. However, the distance of the target pixel

from each of the landmark points which constitute the ROI could be valuable. These

features would help distinguish vertebral signal from calcification and would be very

informative in a multiclass approach.

Some limitations could be addressed with modifications to the ROI prediction

model. Larger patches and sample sizes had the largest impacts on performance. The

downside of larger patch sizes was exclusion of a border of pixels around the image,

which is problematic for calcifications near the extremes of the imaging window. The

ROI prediction in Chapter 4 would often predict a ROI that extended beyond the image,

indicating a risk for part of the aorta to be excluded. A partial solution for this prob-

lem could be quantification of this risk, contributing a measure of uncertainty around

an automated score, where imaging data is not available. This could be extended to

also quantify the likelihood that the random forest exclusionary zone has influenced
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the score.

While there are a number of avenues for improvement of this approach, exploration

of new approaches was favoured over further optimisation of the random forest. Many

of the best performing segmentation techniques have concentrated on deep learning, in

particular convolutional neural networks. These techniques, applied to the segmenta-

tion of abdominal aortic calcification, are the focus of Chapter 6.
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Chapter 6

U-Net Approach to Segmentation of

Calcification

This chapter presents a U-Net based deep learning approach to segmentation of ab-

dominal aortic calcification (AAC) in dual-energy x-ray absorptiometry vertebral frac-

ture assessment (VFA) images. The U-Net, developed by Ronneberger et al. [112],

has become a popular deep learning network for segmentation in biomedical images

[144, 142, 149, 148, 141] and beyond [135, 136, 137, 138, 139].

This chapter is intended to briefly introduce and then demonstrate the performance

of the U-Net and its variations, without demanding familiarity with the literature. Ad-

ditional detail and justification for experimental design can be found in Section 3.4 and

will be referenced throughout the chapter. Performance of the original architecture is

first established, architectural variations are then explored to optimise for application

to this particular problem. The results are then discussed and compared to the perfor-

mance of random forest segmentation and previous attempts at AAC segmentation in

the literature.
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6.1 Data and Resources

The U-Net model was trained and tested using the same dataset of 350 DXA VFA

images used in experiments in Chapter 5, and described in Section 4.1. A two class

mask of AAC annotation, anterior and posterior calcifications, for each image is used

to train and test the segmentation. Expert AAC-24 scores were included for each image

for comparison of automated scores. Landmark points predicted using the same shape

model discussed in Chapter 4, were used to define the region of interest, including both

vertebral and aortic landmarks.

While the original U-Net paper used tiles selected from large images, the area

of the VFA images that was of relevance to AAC-24 scoring was well defined and

relatively small [112]. As the images in this application were small enough to easily fit

in memory, the use of whole images over tiles avoided the redundancy intrinsic to a tile

sampling strategy. The region of interest (ROI) defined by vertebral annotations and the

point distribution model in Chapter 4 was used to create the training data. Thin plate

spline (TPS) warping was used in the same way to transform the ROI of the ground

truth mask annotations into a consistent size using nearest neighbour interpolation. The

corresponding images from the dataset were warped using the same TPS, except with

bilinear interpolation. The lumbar vertebrae were included in the region of interest

as this allowed the network to disregard high attenuation areas of the spine that could

have been included in the region of interest and caused false positives. This problem

was demonstrated by the random forest approach in Chapter 5.

Figure 6.1 demonstrates the resulting processed data that was used for training and

evaluation of the U-Net model. Images and masks were a consistent size of 256x128

pixels. The nature of the ROI prediction and warping caused some processed images

to include areas outside the original image, these areas were given a value of 0.

A hallmark of the success of the U-Net is the use of significant data augmentation
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Figure 6.1: Example of thin plate spline warping to produce pairs of training images
and masks.

in the input images. This allows multiple training examples to be produced from each

mask annotated image in the dataset. The original paper used elastic deformations and

linear transformations, including vertical and horizontal flipping to produce augmen-

tations. The consistent window and patient position used when acquiring these images

and the AAC scoring technique mean that horizontal and vertical flipping of the images

do not create sensible training examples. However, small affine transformations can

be used to augment training data, producing further training examples from a single

image and reducing overfitting.

Additional augmentation of the image data was produced using TPS. The addition

of small amounts of noise to the vertebral point annotations before shape model pre-

diction of the aortic points was used to create non-rigid transformations in the image

data. Figure 6.2 shows an example of this process on the original ROI and the resulting

transformation with an increasing magnitude of random noise on vertebral annotations.

These newly defined points were then used as the source points for a TPS, with
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None Low High

Figure 6.2: Examples of noisy vertebral annotations to generate non-rigid augmenta-
tions. The left image has no noise added, the centre has low noise, and the right high
noise.

target points at the extremes of the uniform 256x128 pixel image. TPS warps defined

by these noisy predictions could also undergo affine transformations, to add additional

augmentations. Small amounts of translation, scaling and rotation were added as an

online process to the target points, sampling the magnitude of these transformations

from a Gaussian distribution.

With a total of 350 images, these were separated into training, validation and test

sets. 20% were kept as a test set (70 images), this allowed a true representation of the

performance of the final tuned model. The remaining 280 images were then subdivided

into training and validation sets using a 4-fold cross-validation, allowing 4 observations

of validation performance on 1/4 of the images, training on the remaining images.

Stratified sampling was used to create each image set, taking a proportional number

of images from each class of AAC severity: none, AAC-24 score of 0; mild, AAC-24

score 1-2; moderate, AAC-24 score of 3-5; and severe, AAC-24 score of 6-24. This

cross validation did not provide independent observations of the model performance,
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as there is significant overlap in the training data, but it did give an indication of the

variance involved in predictions. Additionally, this ensured that all images were used

for validation, reducing the impact of coincidental large values specific to only one

fold.

Each image in the dataset also had an expert annotation of AAC-24 score. This

allowed comparison of scores produced from automatically generated segmentation

masks with those of experts. An additional 628 images from the CAIFOS dataset were

also available with expert scores. Though these images did not receive pixel level

annotation, they were included to allow scoring.

Implementation

All models were built in python using Tensorflow [188]. Training and testing of models

was performed on the University of Manchester’s Computational Shared Facility, using

their high performance computing nodes with an Nvidia V100 16GB GPU.

6.2 Methods

Since its inception by Ronneburger et al. [112], the U-Net model has been used in a

myriad of segmentation tasks. Through skip connections and feature rich upsampling

between symmetrical encoder and decoder pathways, the U-Net architecture incorpo-

rates spatial information from a range of scales. The intention was that this could over-

come difficulties the random forest approach had with eliminating candidate patches

based on high level context. The main advantage of a random forest over neural net-

work approach is a much lesser demand for examples to successfully train. Through

use of data augmentation, the U-Net attempts to compensate for this shortcoming.

The overall methodology of this chapter was to train the U-Net to recognise and
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segment abdominal aortic calcification in the dataset and assess its performance on val-

idation data. Once the performance of the base U-Net had been established, variations

of the network from the literature were tested to evaluate their segmentation accuracy

in this application. With the best performing network established, a quantitative as-

sessment of segmentation and AAC-24 scoring could be undertaken and compared to

human performance on test data. This section explores the details of the methodology

and how this comparison was made.

6.2.1 Hyperparameter Optimisation

The first task was to assess the efficacy of the original U-Net architecture on the AAC

segmentation problem. Ronneburger et al. developed the U-Net and trained it using

stochastic gradient descent with momentum and a batch size of 1, and an original

cross-entropy loss function which included weighting for the borders between cells.

As this application did not require the same strict borders between segmented objects,

the standard cross-entropy loss was used for optimisation. Due to the large mismatch

between positive and negative examples, weighting was applied in the calculation of

the cross-entropy. This weighting was equal to the ratio between negative and positive

pixels in the training data, around 60.

For this application the U-Net was trained on whole images, rather than image

patches, as the global image context contains valuable information and the relatively

low resolution of the images allowed them to fit within memory. Additionally, during

convolution operations, zero padding was applied for any convolution operations that

extend outside of the feature matrix, avoiding constantly shrinking feature matrices.

Outside of these modifications, the training process remained unchanged, the network

architecture is shown in Figure 6.3.

To establish a baseline performance of the U-Net model, a search was performed
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Figure 6.3: The architecture of the original U-Net. Each blue box represents a multi-
channel feature matrix, with the feature depth below the box. Each box has the x and
y dimensions of the feature matrix, zero padding is used to avoid loss of image size.
Adapted from Ronneberger et al. [112].

to find the optimum hyperparameters. The stochastic gradient descent (SGD) with

momentum required learning rate, η, and momentum decay constant, α, hyperparam-

eters. Additionally, dropout connections were used in the network, which require a

probability hyperparameter unspecified in the paper. Table 6.1 summarises the range

of possible values for each hyperparameter. η is the most impactful hyperparameter

and is very changeable between applications and models, so a wide range of values

was chosen on a logarithmic scale. An α value must be between 0 and 1, but a high

value, such as 0.9 is typical for use in deep learning. The range was therefore re-

stricted between 0.5 and 0.999 to allow some exploration while keeping values high.

Dropout rate is a probability, with typical values in the literature being 0.2 and 0.5 on
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the high end. As dropout was primarily used as a regularisation strategy, the relation-

ship between the loss on training and validation data gave an indication of whether

more regularisation was required. Dropout was therefore included in hyperparameter

optimisation with a wide range of 0.0 to 0.5, with the possibility for manual adjustment

in later experiments.

Table 6.1: Range of possible values for hyperparameter optimisation of the U-Net
model

Hyperparameter Value Range

Learning Rate 10−6-10−1

Momentum 0.5-0.999

Dropout Rate 0.0-0.5

The hyperparameter search was performed using Bayesian optimisation to explore

the parameter space and identify an optimum configuration. Hyperparameter search

strategies, including Bayesian optimisation, are further discussed in Section 3.3.4.

Bayesian optimisation was chosen due to limited computational resources. Genetic

algorithms have demonstrated superior results for hyperparameter optimisation, with a

substantial increase in the number of networks that need to be trained. As they are far

more parallelisable than Bayesian optimisation, they can give these results in a prac-

tical time-frame with sufficient resources. With the capacity for only a very limited

number of simultaneous training networks, Bayesian optimisation was chosen for time

efficiency.

Bayesian optimisation was implemented using Gaussian processes with a radial

basis function kernel as the probabilistic model. The first three sampling points in

the hyperparameter space were chosen at random to establish a starting point for sam-

pling, this allowed some parallelisation as these samples do not depend on the others.
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After this initial random sampling, further candidate sampling points were identified

by an expected improvement acquisition function, with a total of 20 samples overall.

The performance of each hyperparameter combination is compared using the Dice-

Sørensen coefficient (DSC) between the validation data and ground truth annotations,

which the Bayesian optimisation worked to maximise.

Each sample of the hyperparameter space was evaluated using k-folds cross-validation.

With 20% of data held out as test data, the choice of 20% validation data can provide

4 folds for cross-validation. The maximum DSC achieved during training is subject

to some noise, especially in the case of a high learning rate, the performance on one

epoch could coincidentally overfit to the validation data and give a high metric that is

unrepresentative of general performance. By taking the mean DSC across the 4 folds,

the impact of this noise was reduced. Each fold was trained on 3 folds and validated

on the remaining 1, rotating for 4 runs at each point in the hyperparameter space.

Training was performed with a mini-batch size of 1, updating the network weights

after each forward pass, matching the original application. The order of training images

and paired ground truth annotated masks was randomised before each epoch, and each

pair was subject to random augmentation when sampled. While later experiments were

used to calibrate the optimum magnitude of this data augmentation, a base performance

of the U-Net was established using a small amount of augmentation. Random affine

transformations were applied to images, consisting of a rotation by factor r in radians,

a scaling by factor 1+ s, and translation with factors v ∗ tx and v ∗ ty, where v is the

width of the L5 vertebrae. r, s, tx and ty are all randomly sampled from a Gaussian

distribution with a mean of 0 and a standard deviation of 0.1. Using the L5 width

reduces the impact of variations in subject size and image resolution. No shearing or

reflection was applied.

Non-rigid augmentation was achieved by applying small perturbations to the ver-

tebral point annotations used to predict the aortic region of interest. Random x and
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y translations were sampled and applied to each of the 20 vertebral points, from a

Gaussian distribution with µ = 0 and a σ of 0.02v of the L5 vertebral width.

At the end of each epoch, the loss function and performance metric were calculated

for the validation data. The DSC was calculated over the entire validation set with

a threshold of 0.5 indicating a positive prediction for a given pixel. The DSC was

calculated with all pixel predictions across all validation images. This gives a measure

of performance which avoids the ill-defined case of images with no true positive pixels.

Accuracy and IoU metrics were also calculated in a similar manner, to compare with

previous work.

The relative trend of how training and validation loss change over time gives valu-

able insight into how successful the training process has been. When training loss

continues to decrease, while validation loss plateaus or decreases, the model is overfit-

ting to the training data. In order to reduce this overfitting, and to reduce the training

time, early stopping was used. As there were a large number of experiments to run,

with cross-validation, over a wide range of hyperparameters, it was important to save

time by abandoning models which failed to converge or which diverged. The valida-

tion loss was monitored to keep a record of the best performing epoch. Training was

halted on a model once 10 epochs had passed with worse performance than the current

best epoch.

To prevent overfitting of the model to the training data, U-Net makes use of data

augmentation and dropout layers. These methods of regularisation, in particular data

augmentation, allow the U-Net to perform well on unseen data with relatively few

training examples. In initial experiments a small amount of data augmentation was

used, with affine transformations and non-rigid transformations using TPS warping.

Once a baseline performance of the U-Net was established the optimum degree of data

augmentation was assessed, to improve prediction performance.
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A grid search was performed to test the degree of affine and non-rigid transforma-

tions. Each transformation type was divided into three levels: none, low, moderate and

high. Factors r, s, tx and ty were again randomly sampled from a Gaussian distribution

with a mean of 0 and a standard deviation of 0.1 for low, 0.25 for moderate and 0.5 for

high. Random translations were also sampled for vertebral annotations, to add non-

rigid warping of the images. These translations were sampled for each point from a

Gaussian distribution with mean 0 and σ 0.02v, 0.05v, and 0.10v, for low, moderate and

high respectively. Performance of the U-Net was tested with combinations of all four

levels of each augmentation to ascertain the impact it had on validation segmentation.

6.2.2 Optimisation Algorithms

With performance of the U-Net established, modifications to the training scheme were

evaluated. A range of optimisation algorithms have been developed to improve the

convergence of deep neural networks, this is further explored in Section 3.3.3. With

the original paper making use of SGD with momentum, three additional optimisation

algorithms were implemented to train the network: SGD with Nesterov momentum,

Adadelta, and adaptive moment optimisation (Adam). These algorithms have all been

shown to improve the reliability and rate of convergence, and can be implemented

without modification to the network.

Hyperparameter optimisation with Bayesian optimisation was undertaken to train

and validate a U-Net model with each optimisation algorithm. The U-Net architecture

remained identical to the initial hyperparameter optimisation for each. Each optimisa-

tion algorithm had its own hyperparameters requiring adjustment. SGD with Nesterov

momentum required no additional parameters, using the same learning rate and mo-

mentum ranges. Adadelta required learning rate and a moving average decay factor,
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which was optimised within 0.8 and 0.999. The Adam optimiser, in addition to learn-

ing rate, required decay factors for both the first and second moment estimates, which

were both chosen from a range between 0.8 and 0.999. These ranges were used as

hyperparameters to optimise during training. DSC and time to train were used to find

a best performing optimisation algorithm, which was then used in subsequent experi-

ments.

6.2.3 Architectural Variations

With an optimised learning strategy, and a validation segmentation performance for

the original U-Net architecture, a baseline had been set against which newer U-Net

variants could be tested. There have been a number of structural changes made to the

U-Net since its inception, with Section 3.4.1 covering the literature on architectural

variations of U-Net in more detail.

The advantages of the U-Net architecture lie in its ability to acquire features at var-

ious scales, gaining spatial context and using these features to upscale to segmentation

predictions. Figure 6.4 lays out a generalised form of the original U-Net depicted in

Figure 6.3. Each component of the architecture has seen variation in the literature, a se-

lection of these methods were built and trained to compare performance to the original

U-Net.

A fundamental parameter of the U-Net architecture is the number of levels in the

encoder and decoder, this heavily influences the spatial features available for training.

In addition, the number of filters used at each convolution layer will heavily impact

both the size of the model and the performance. A range of values for these parameters

were tested in order to assess the effect on performance.

U-Net models were built and trained using a grid search over a range of values for

number of levels, n, and initial filter depth f . The convolutional blocks of the first level
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Figure 6.4: The generalised structure of the U-Net architecture. The number of levels
and filters can be varied, along with the operations involved in convolution and skip
connection operations.

learned a number of filters equal to the initial filter depth, the number of filters in each

convolutional block then doubling at each level of the U-Net. All combinations of f

and n were tested, with tested values for the two parameters chosen from: n = 4, 5, 6

and f = 25, 26, 27.

Once well performing values had been established for level and filter depth, addi-

tional modifications concentrated on the convolution blocks. Batch normalisation is a

technique used in many modern deep learning models to improve training by scaling

inputs to layers to have a mean of 0 and a standard deviation of 1. While contributing a

small regularisation effect, often eliminating the need for dropout, batch normalisation

is more commonly used for its benefits to training speed. This strategy was originally
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designed to counter the training challenge of internal covariate shift [189]. It now ap-

pears that this is a small part of the reason for the benefits to training, dwarfed by its

ability to smooth the optimisation space [190]. Batch normalisation layers were added

after each activation function, replacing the use of bias terms in the network, as scaling

replaces any constant added to all inputs. Dropout connections were also, dropped. A

batch size of 16 was used for these experiments.

The addition of residual connections within the convolution blocks was also tested.

Discussed in Section 3.4.1 and illustrated in Figure 6.5, residual blocks allow less im-

peded propagation of information between layers within the network. Pre-activated

residual blocks were implemented, rearranging the order of operations to have the ac-

tivation function before convolution. A skip connection was added between the result

of the convolutions and the input layer, involving a 1x1 convolution to map between

the different filter depths and an addition of features to create the output of the block.

The residual block has the advantage of adding little to the size of the model while

enabling faster learning in deep networks.

Additional connections between feature maps in the convolution block can pro-

duce densely connected blocks. This modification, shown in Figure 6.5 was also tested

alongside residual blocks. Dense connections also require the use of additional batch

normalisation and 1x1 convolution operations before pooling and upsampling opera-

tions, in order to manage the large concatenated feature maps between levels. The

advantages of dense and residual blocks are in there ability to better propagate infor-

mation between layers in deep networks. This enables the training of deeper networks,

faster. Additional convolution operations were added to each convolution block, to

test if more densely connected architectures would have an advantage in these deeper

networks. The Residual U-Net and Dense U-Net were tested and compared to previ-

ous validation performance, with both 2 and 3 convolution repetitions in each of the

convolution blocks. The best performing model, in terms of DSC metric, was selected
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connections and dense connections. The dense block is shown with three repeated
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for evaluation on the test dataset and to produce AAC-24 scores.

6.2.4 U-Net Test Performance

Having optimised the U-Net architecture and training strategy on the validation data,

to find the best performing model, the next step was to assess the performance of this

model on the held-out test data set. This gave a measure of how much the model

optimisation process had overfit it to the validation data, and a true representation of

how accurately the network can segment new images.

The model with the best performing 4-fold cross validation on the validation exam-

ples was selected from previous experiments. This model was built and trained once
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again with randomly sampled training (80%) and validation (20%) datasets from the

280 images in the training-validation dataset. Training was performed using the best

performing optimisation algorithm and batch size found in prior experiments. Early

stopping was used, ending training if validation loss stopped decreasing for more than

10 consecutive epochs, to avoid overfitting. The weights were then loaded for the

epoch with the highest DSC on the validation data, and prediction was performed on

the test dataset.

Ground truth manual annotations of the test dataset were used to compare segmen-

tation performance. The metrics produced by this comparison gave the truest impres-

sion of the generalisability of the U-Net approach. To assess the generalisation error

of the model selection, a nested cross-validation approach was used, demonstrated in

Figure 6.6. Experiments up to this point had used a 4-fold cross-validation to establish

best performing hyperparameters on the validation set. These results form one fold of

the outer loop, with a complete inner loop of the nested cross-validation. With a test-

ing/validation/training split of 20%/20%/60%, an outer 5-fold cross-validation can be

used to evaluate predictions across the whole dataset. For each of the 5 70 image test

sets, an additional inner cross-validation is performed to evaluate the best performing

hyperparameters, while maintaining the same architecture and optimisation algorithm.

The extent of any overfitting on the original training set during the parameter optimi-

sation was assessed by comparing the overlap metrics of the held-out test set against

those of the other outer folds, with an increase in performance indicating that the choice

of architecture is biased to favour the examples in the original training-validation split

of the data.

The predicted segmentation masks were then used to generate AAC-24 scores. This

was achieved using the multiclass tanh midline estimator described in Section 4.2.2.

A midline was estimated using a tanh weighting function to best split the anterior and

posterior classes. The relative lengths of each vertebral section of each wall were then
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Figure 6.6: 5-fold cross-validation used to assess overfitting of the U-Net architecture.
Each horizontal bar represents the full 350 image dataset, in the same class stratified
order. The degree of overfitting from model selection can be assessed by comparing
the performance of the model on the test set and folds of the training/validation data.

measured and used to automatically calculate AAC-24 scores. With a score generated

for each of the 70 images, the correlation between these automated scores and expert

scoring was evaluated. Expert level annotations were also available for an additional

627 VFA images which did not have pixel level annotations. These images were used

to further evaluate the AAC-24 score prediction for novel images, comparing the gen-

erated AAC-24 scores to expert annotation.

6.3 Results and Discussion

The primary aim of the work in this chapter was to establish the performance of the

U-Net, a fully convolutional deep neural network designed for semantic segmentation,

on the task of segmenting abdominal aortic calcification in DXA VFA images. using

regions of interest and data augmentation provided by the methods in Chapter 4, the

U-Net was trained and evaluated using validation data. Variations in architecture and
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training algorithms were then tested to establish the most promising methodology on

the validation data. The best performing technique was then chosen to assess perfor-

mance on the whole dataset, gaining an understanding of the generalised performance

for segmentation and semi-quantitative scoring. In this section the results of these

approaches are presented, and a comparison to previous work and the random forest

approach from Chapter 5 are discussed.

6.3.1 Hyperparameter Optimisation

350 DXA VFA images, and corresponding annotated masks, were used to train, vali-

date and test U-Net based neural networks. With a 60/20/20 split of data, 280 examples

were split into a 4-fold cross-validation for training and validation. The first task was

to train and validate the U-Net model in its original form. A hyperparameter tuning

process was undertaken using Bayesian optimisation. The first three hyperparameter

combinations were chosen at random from the preselected parameter bounds, with the

mean Dice-Sørensen coefficient (DSC) over the 4 folds used as the performance met-

ric. Additional sample points were then selected by the Gaussian process probabilistic

model and expected improvement acquisition function.

Table 6.2 shows the progression of the hyperparameter tuning process. It is diffi-

cult to know how smooth the underlying objective function is, as it is possible that any

small perturbation in a hyperparameter could have a large effect. There does appear

to be good coverage of the hyperparameter space however, with reasonable consis-

tency between points close to each other. An absence of excessive disagreement for

samples close together and the best performing hyperparameters indicates a reasonable

smoothness to the function.

The final configuration yielded the highest mean DSC, with 0.510. This is equiva-

lent to a mean IoU score of 0.342, and the calculated accuracy was 0.9962. This was
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Table 6.2: Results of the tuning process while training the U-Net network, with the hy-
perparameters of each tested configuration. The mean Dice-Sørensen coefficient over
4-fold cross-validation is used to compare configurations, with the standard deviation
also shown. The number of epochs taken to achieve the maximum DSC was recorded
for each fold, the range of these values is shown for each configuration.

Config. lr (10−x) Momentum Dropout Mean DSC (±σ) Epochs

1 1.47 0.932 0.488 0.000 (±0.0000) 1

2 1.25 0.606 0.334 0.466 (±0.0288) 32-36

3 2.68 0.980 0.347 0.477 (±0.0242) 66-75

4 4.23 0.500 0.000 0.006 (±0.0023) 2-14

5 1.00 0.500 0.000 0.402 (±0.0684) 28-33

6 6.00 0.999 0.500 0.009 (±0.0020) 3-9

7 2.48 0.500 0.000 0.388 (±0.1807) 41-49

8 3.01 0.500 0.500 0.057 (±0.0234) 2-28

9 2.89 0.999 0.000 0.505 (±0.0266) 53-67

10 1.00 0.500 0.500 0.408 (±0.0404) 25-33

11 1.62 0.500 0.000 0.501 (±0.0261) 26-37

12 2.46 0.969 0.009 0.498 (±0.0143) 43-46

13 1.33 0.500 0.235 0.498 (±0.0344) 17-27

14 2.66 0.993 0.102 0.505 (±0.0221) 44-59

15 3.51 0.999 0.000 0.507 (±0.0174) 64-82

16 3.87 0.999 0.500 0.492 (±0.0131) 58-77

17 3.42 0.999 0.386 0.504 (±0.0129) 61-76

18 4.61 0.999 0.500 0.008 (±0.0017) 1-9

19 3.68 0.999 0.284 0.486 (±0.0396) 42-68

20 3.24 0.999 0.000 0.510 (±0.0154) 65-78
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Figure 6.7: Graphs of the loss and performance metrics over training epochs for hy-
perparameter configurations 11 and 20. Pixel-wise cross-entropy was used to calculate
training loss (blue) and validation loss (red), alongside the DSC performance metric
(green) calculated across all validation examples at the end of each epoch.

an encouragingly high DSC compared to the 0.383 achieved by the random forest ap-

proach in Chapter 5. The actual performance on the test dataset was likely to be lower

than the performance here, as the hyperparameter optimisation was liable to overfit to

the validation data. The extent of this effect was explored once the most promising

architecture and training methods had been identified.

The loss and DSC at each epoch for the first fold of configuration 20 are shown

in Figure 6.7. Only the first fold is shown for clarity, but this is representative of the

shape of the other folds. There is a notable delay before any change is seen in the DSC,

with the loss having to decrease to a certain level before DSC increases. The best

performance being achieved by the final hyperparameter configuration indicates that

additional performance gains are likely with further optimisation. The overall trends

of the hyperparameter tuning gave valuable information for further experimentation.

Given the variance and proximity of scores, it is likely that the actual performance

of the best scoring hyperparameter configurations is likely to be very similar. From
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Table 6.2 it appears many of the best performing hyperparameters involved moderate

learning rates with very high momentum. This can be seen in configurations 9, 14,

15, 17 and 20; with poor performance from configurations which strayed into lower

learning rates, regardless of momentum. This is apparent in configurations 4, 6 and 18,

though is far from having completely explored this area of the hyperspace.

The other group of hyperparameters that appear to perform well are those with

very high learning rates and low momentum, such as 2, 11 and 13. These configu-

rations achieved comparable DSC scores, and did so in fewer epochs. The length of

each epoch was very consistent across all configurations, between 340-374 seconds

with a mean of 353. The difference in the number of epochs lead to training times

in the region of 2.5 hours per fold compared to 6 hours for the lower learning rate

configurations. The increased variance exhibited by these configurations indicates that

the high learning rate leads to instability in the convergence. The high learning rate is

likely to result in oscillations around minima in the loss function, which could allow

noisy sampling of the DSC function, leading to the high but inconsistent scores. Figure

6.7 explores the loss and metric curves for the training process for configuration 11,

indicating that this was indeed the case.

Based on the performance of the configurations in Table 6.2 it appeared that the

influence of the dropout probability on network performance was minimal. Extremes

of this parameter were used extensively during tuning, with some exploration of mod-

erate values. While it was possible that there were regions of the hyperparameter space

where dropout had a large impact, there appears to be little correlation with the other

hyperparameters; with paired examples such as configurations 5 and 10. As a regular-

isation technique, it is possible that dropout is not necessary to improve performance,

or may be dominated by the regularising effect of early stopping.

Figure 6.8 shows examples of how the segmentation predictions on validation data
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Figure 6.8: Examples of two validation predictions at different stages of the training
process for configuration 20.
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change over the training process. It appears from these predictions that the cross-

entropy loss function encourages low response over the entire image until the optimi-

sation finds informative features for the calcification, at which point the DSC sharply

increases. Qualitatively, these images demonstrated that sensible segmentations were

being generated, and the network was able to identify informative features. Given the

slightly increased performance of configuration 20, and the more stable DSC curve,

this was chosen as the hyperparameter configuration for subsequent experiments. A

DSC metric of 0.510 was established as the baseline performance of the unmodified

U-Net.

For these experiments, image-mask pairs were sampled with small non-rigid and

affine transformations randomly applied. The next experiments concentrated on opti-

mising the amount of data augmentation that would best allow the U-Net to learn from

the limited training data while generalising sufficiently to the validation data. A grid

search was performed with combinations of none, low, moderate and high amounts

of augmentation, training the U-Net with the optimisation parameters defined in the

hyperparameter search.

Table 6.3: Segmentation performance for U-Net with varying intensity of image aug-
mentation. The mean DSC is given across the 4-fold cross-validation, with the standard
deviation in brackets.

Non-rigid Warping

None Low Mod. High

None 0.367 (0.0466) 0.507 (0.0192) 0.510 (0.0166) 0.491 (0.0111)

Low 0.373 (0.0529) 0.510 (0.0154) 0.513 (0.0203) 0.488 (0.0254)

Mod. 0.333 (0.0368) 0.503 (0.0256) 0.505 (0.0253) 0.310 (0.0389)A
ffi

ne

High 0.226 (0.0454) 0.240 (0.0422) 0.217 (0.0533) 0.188 (0.0829)
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Table 6.3 demonstrates the mean DSC achieved across 4-fold cross-validation with

each combination of data augmentation. Due to the noisy nature of the observations,

it was hard to ascertain any strong evidence of an optimum degree of augmentation.

It appeared that the extent of affine transformations had only a small impact on per-

formance outside of the high setting. Moderate non-rigid image warping did seem

to perform slightly ahead of low, but this effect is minor and is likely due to noisy

observations of the performance. These results did however, demonstrate a clear im-

provement to segmentation accuracy with the use of noisy landmark generated TPS

warps for image augmentation. With no augmentation, the training loss decreased far

quicker than validation loss, indicating overfitting.

The use of noisy annotations of bony landmarks in order to generate non-rigid

transformations of the images is a novel aspect of this work, and appears to provide

improvements to segmentation. Generated images are convincing in appearance, and

provided the extent of these adjustments is not excessive, can be used in a similar man-

ner to the original U-Net application [112] to predict segmentations with a relatively

small dataset. With little justification for increasing the magnitude of data augmenta-

tion, and avoiding excessive movement of the region of interest which could exclude

areas of calcification, further experiments were performed with low affine and non-

rigid warping.

6.3.2 Optimisation Algorithms

With a successfully trained U-Net model, the same architecture was used to establish

the performance of alternative optimisation algorithms. Hyperparameter optimisation

was performed using Bayesian optimisation with three optimisation algorithms: SGD

with Nesterov momentum, Adadelta and Adam. Table 6.4 shows the best perform-

ing hyperparameter combination for each optimisation algorithm, with the previous
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experimental performance included for comparison.

Table 6.4: Segmentation performance of U-Net hyperparameter tuning using different
optimisation algorithms. The mean of a 4-fold cross-validation is used for maximum
DSC and number of epochs to reach the maximum.

Optimisation Parameters Mean DSC (±σ) Mean Epochs

SGD + Momentum
(lr = 10−3.24,

momentum = 0.999)

0.510 (0.0154) 71.5

SGD + Nesterov
(lr = 10−3.63,

momentum = 0.999)

0.508 (0.0171) 74.25

Adadelta (lr = 10−2.31,
decay = 0.8)

0.477 (0.0281) 92.5

Adam (lr = 10−3.65,
β1 = 0.856, β2 = 0.999)

0.516 (0.0192) 64.5

The best DSC performance achieved on the validation set was 0.516 using the

Adam optimiser. This was achieved using a learning rate of 0.00022, and first and sec-

ond moment decay constants of 0.856 and 0.999. Changing to Nesterov momentum

appeared to have little impact on the performance of the optimiser, as the achieved

segmentation performance and time taken to train were very similar. The Adadelta

algorithm segmentation performance was consistently below that of the other algo-

rithms. The choice of learning rate and decay parameters did not have a large impact,

with many acceptable configurations achieving a similar DSC. The total epochs to

reach maximum performance, and the number of epochs before DSC started to in-

crease were both much higher than previous experiments, this may indicate that early

update gradients were large and the decaying gradient sum kept the learning rates too

low to converge to a competitive segmentation.
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The U-Net trained using the Adam optimisation algorithm appeared to have outper-

formed the original SGD with momentum. Similar to Adadelta, Adam demonstrated

increased flexibility to choice of hyperparameters, with many choices for learning rate

and β which yielded DSC results in the region of 0.51. It seemed likely that additional

hyperparameter tuning with SGD + Momentum could have also achieved this level of

performance, as the final hyperparameter configuration was the most successful. With

the increased stability of Adam to the choice of initial hyperparameters, it was likely

that the improved performance was due to the optimisation spending fewer samplings

testing poor performing configurations. Adam had a strong effect on the time taken

to train the network, reducing the mean number of epochs to reach maximum per-

formance by 7, saving an average of 24 minutes per fold. For these reasons Adam

optimisation with these parameters was implemented for the experiments on U-Net

architectural variations.

6.3.3 Architecture Variations

To evaluate the feature depth of the U-Net architecture and its ability to capture the

complexity of the training data, experiments with various U-Net models were run.

The number of levels and the filter depth of the convolution operations were varied

and tested using the DSC performance metric, to establish performance. Table 6.5

demonstrates the results of these variations.
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Table 6.5: Segmentation performance for U-Net models with varied level and feature
depths. The mean DSC and standard deviation are shown for a 4-fold cross validation.

Initial Feature Depth

32 64 128

4 0.477 (0.0128) 0.513 (0.0211) 0.511 (0.0305)

5 0.494 (0.0133) 0.516 (0.0192) 0.518 (0.0206)

N
o.

L
ev

el
s

6 0.493 (0.0151) 0.512 (0.0213) 0.509 (0.0251)

The best performance was achieved by a 5-level network with an initial feature

depth of 128, at a DSC of 0.518. However, it should be noted that the performance of

many of the models was very similar provided the initial feature depth was at least 64.

Deeper networks can achieve better theoretical performance, but may train slowly or

fail to converge due to the vanishing gradient problem. With a relatively small number

of convolutional operations, it is unlikely that additional levels were failing to improve

performance due to vanishing gradients. It is likely that the 4-level network was suffi-

ciently complex to encode the features of the training data, and that any differences in

DSC were due to noisy observations of the same performance.

Importantly, the mean time to train the 4-level 64-depth network was 244 minutes,

compared to the 374 minutes of the 6-level 64-depth network. With very little evidence

of a benefit to segmentation performance, it appears that a shallower network is a

suitable trade-off for training time. Subsequent experiments were performed using a

4-level U-Net architecture with an initial feature depth of 64. The smaller memory

footprint of the model is also an advantage, allowing more flexibility on the hardware

required to test the model on new images, an important advantage for any strategy to

implement the model clinically. Smaller models also allow the use of larger batch sizes

during training while still fitting in GPU memory.
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U-Net configurations involving changes to the convolution blocks were also tested.

The addition of batch normalisation, as well as additional skip connections within the

U-Net architecture were compared for segmentation performance and training time,

this is shown in Table 6.6. All of these variations of the convolution block were im-

plemented within a 4-level U-Net with the Adam optimiser and a mini-batch size of

16.

Table 6.6: Segmentation performance of U-Net with variations on the convolutional
block. Batch normalisation is added, with both 2 and 3 convolutions in each block,
as well as residually and densely connected variations. The mean of a 4-fold cross-
validation is used for maximum DSC and number of epochs to reach the maximum.

Block Type No. Conv. Mean DSC (±σ) Mean Epochs

Batch
Normalisation

2 0.512 (0.0161) 68.0

Batch
Normalisation

3 0.508 (0.0219) 75.5

Residual 2 0.527 (0.0163) 66.25

Residual 3 0.530 (0.0194) 71.5

Dense 2 0.538 (0.0221) 69.0

Dense 3 0.542 (0.0217) 74.25

The best performing convolutional block was a densely connected concatenated

block with 3 convolutional operations to each. With a mean DSC of 0.542 on the

validation dataset, this is a significant jump in performance over models trained without

residual connections. This increase in performance was seen in all residual and dense

connected networks, with the differences between each of these models being much

smaller. Evidence of an advantage to adding an extra convolutional layer in each block

is weak, but it is clear that additional connections within the convolutional block allow

the U-Net to better identify and optimise features which improve prediction.
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The addition of batch normalisation appeared to reduce training time, reducing the

number of epochs to reach the best performing. The use of mini-batches reduced the

training time of each epoch to a mean of 167 seconds, so overall training time for the

best performing model was 3.5 hours compared to the 6 hours required to train the

best performing unmodified U-Net.

Having evaluated a range of model variations and tuned the parameters of the U-

Net, the final architecture of the U-Net was decided for assessing the model on the test

dataset. With encouraging evidence that densely connected networks improved model

performance, and that the substitution of dropout for batch normalisation improved the

rate of convergence while still providing sufficient regularisation, these modifications

were made to the final U-Net model. Based on the performance of the residual and

dense U-Nets, it appeared that there was not strong evidence for the addition of a

third convolutional layer to the convolutional blocks, alongside the cost of additional

training time and memory demands, it was decided to keep the number of convolutions

at 2. The same Adam optimisation algorithm and data augmentation strategies were

implemented, with a mini-batch size of 16. This final network configuration was tested

on the holdout set.

6.3.4 U-Net Test Performance

The experimentally validated U-Net model was trained on a stratified randomly se-

lected 75% of the training data, and validated on the remaining 25%. This U-Net had

4 levels, an initial feature depth of 64, 2 convolutional operations in each block, and

dense connections concatenating feature maps between convolution operations. Train-

ing was performed using the Adam optimiser with a learning rate of 0.00022, and β1

and β2 constants of 0.856 and 0.999 respectively. The highest DSC achieved on the

validation data was 0.546. The weights of the epoch which achieved this score were
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loaded, and testing was performed on the 70 image held-out test set.

Figure 6.9 shows example segmentation masks from the U-Net model. These ex-

amples show a well performing segmentation along with two predictions containing

errors. Some of the predictions still identified borders around bowel gas as areas of

calcification, an example of this is given in the middle row. This was the main source

of false positive responses, and contributed to overestimation of scores. The bottom

row demonstrates an example of a segmentation which identified the correct calcifica-

tion, but misidentified the wall to which it belongs.

The segmentation performance of these predictions was assessed quantitatively us-

ing overlap measures, by comparing the segmentation masks to those of ground truth

annotations. A DSC calculated across the pixels of all predictions gave a score of

0.532. This is equivalent to an IoU score of 0.362, and an accuracy of 0.997. Com-

pared to many segmentation challenges, this was not a particularly high level of agree-

ment between prediction and manual annotation. However, for a task subject to a great

degree of noise, image variation and rater subjectivity, this represents definite progress

and improvement. Overall, the U-Net segmentation underestimated areas of calcifica-

tion, leading to false negative pixels on the borders of areas of high response, though

the impact of this on AAC scoring would be later examined. This effect, alongside the

misidentification of bowel gas and image noise as calcification, lead to the relatively

low DSC scores.

Petersen et al. [178] performed automated segmentation of AAC in lateral radio-

graph images of the spine, where they achieved an IoU of 0.28. In terms of overlap of

segmentations, the U-Net outperformed this random forest and shape prior approach,

which was especially notable in an image format which is lower resolution and subject

to increased noise. Additionally, the predictions in this work included images with no

calcification, which could substantially decrease overlap metrics with additional false

positive predictions. This score also represented a significant improvement over the
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Ground Truth Segmentation Prediction Midline Prediction

Figure 6.9: Examples of the final U-Net test performance. The ground truth anno-
tations and predicted segmentations are shown overlaid on the warped images. The
predicted midline for scoring is also shown.
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random forest approach in Chapter 5. With far fewer false positive regions, the U-Net

achieved a result that improved on both qualitative and quantitative grounds. Petersen

et al. also measured the inter-rater performance for pixel-wise annotation, achieving

an IoU of 0.51 (DSC 0.68) [178]. Repeat annotation of the data set in this work gave

an intra-rater reliability with a DSC of 0.784. The segmentation performance of the

U-Net still falls short of these measures, indicating that there is still information in the

images that can be used by human interpreters but is not captured by the model.

Comparing the DSC of 0.546 achieved during validation and the 0.532 during test-

ing, it appears that the process of hyperparameter optimisation and model selection has

caused overfitting in the non-test data. With so many samples of the validation perfor-

mance taken during hyperparameter optimisation, it was inevitable that there would

be some selection of models and hyperparameters that caused improvement specific

to the training and validation set. To truly assess this discrepancy, the holdout test set

results were compared to predictions on cross-validated experiments on the training

and validation data. U-Net models with the same configuration were trained and tested

on different folds of the data. The results for this comparison are shown in Table 6.7.

Table 6.7: Overlap metrics comparing the U-Net segmentation to ground truth annota-
tions. DSC and IoU are presented for the test data, which gives the true performance
of the segmentation. The performance of using the training and validation data for
predictions is also presented to examine overfitting.

Prediction Data DSC IoU

Test Set 0.532 0.362

Train/Val. Set 0.545 0.375

All Images 0.542 0.371

The results of these experiments made it clear that there was a substantial amount
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of overfitting produced by the model selection process. Using the segmentations pro-

duced on the training-validation data to perform scoring of AAC would not give a

realistic impression of the performance of the U-Net to predict AAC-24 scores. Tanh

midline prediction, developed in Chapter 4 was used on the test set predictions to score

calcification using the AAC-24 score. This prevents direct comparison of the relation-

ship between random forest and U-Net approaches to scoring on the same images, but

their overall correlation to expert annotation can be used to compare these methods.

The DSC is heavily influenced by small differences in segmentation. Examples

such as the bottom row of Figure 6.9, in which calcifications were identified as the

wrong class, have large impacts on DSC, scoring 0 for this image. This impact does

not affect the score generated however, as it still successfully identifies the image as

having an AAC-24 score of 1, with the estimated midline simply on the other side

of the calcification. To assess the correlation between expert predictions and scores

generated automatically from images, the intra-class correlation coefficient (ICC) was

calculated. Figure 6.10 visualises this correlation for the test set.

An ICC of 0.869 was achieved, with a lower bound of 0.798, indicating good cor-

relation with expert annotations. This is a relatively small sample, 70 images, but the

correlation is encouraging. Most of the images in this sample, and indeed the whole

dataset, have only mild AAC, which the model appears to classify well. From the few

high scoring images, it seems that there is a tendency to underestimate the scores, in

some cases quite substantially. Additionally, the number of expert annotations con-

taining no calcification, which was correctly identified as such was very low. This is

problematic, as this represents an informative difference in cardiovascular risk. The

number of these examples is low however, the sampling of the test set could have a

large impact on this comparison. To further evaluate the correlation, 627 additional

images which did not have pixel annotation were used for scoring, and compared to

expert scores. The results of this comparison are shown in Figure 6.11.

187



ICC:  0.869

95% CI: 0.798-0.917
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Figure 6.10: Intraclass correlation between U-Net derived AAC-24 scores and those
from expert annotation for 70 images held out for testing the final U-Net configuration.
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ICC:  0.844

95% CI: 0.770-0.889
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Figure 6.11: Intraclass correlation between U-Net derived AAC-24 scores and those
from expert annotation for 697 images which were not included in the training and
validation sets.
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This comparison gave a much better impression of how well the U-Net predictions

correlated with expert scoring. With a much larger sample size, the ICC fell slightly to

0.844, with a lower bound of 0.770. This still indicates good correlation, but indicates

that the 70 image sample was favourably biased. This chart indicates that there isn’t

a heavy bias toward under or overestimation of scores, though there are still a number

of large outliers for high scoring images, even some severe images misclassified as

having no calcification. With a larger dataset it is clear that there are a substantial

number of images with no calcification, and a more encouraging proportion which

have been identified correctly. Though given the importance of this distinction it is

still a troubling error rate.

This correlation still has a large discrepancy with the excellent correlation seen

between scores generated by repeat manual annotation of calcification by the author,

which achieved ICC 0.939, and those manual annotations against expert scoring, which

achieved ICC 0.920. This is further evidence that the majority of the error in scoring is

due to the segmentation performance of the U-Net, and that there is further improve-

ment possible with a better segmentation approach. Though there is indication that

reliably scoring severe images may require an improvement in midline prediction, as

the increased tortuosity may require the use of fitting a curved line to the segmentation

mask to better score these images.

Work by Elmasri et al. is the main work that has been done in this problem to

date, classifying AAC severity in VFA images [179]. Their approach is detailed in

Section 3.5, but uses active appearance models to classify images as mild, moderate

and severe. Though it is not directly comparable, as in this work AAC-24 scores were

calculated from segmentation masks, the calculated AAC-24 scores were then used to

classify images into severity classes using the same criteria as their work: mild (0-4),

moderate (5-12), severe (13-24). The results of this classification were class accuracies

of 91.2%, 83.9% and 81.8% for mild, moderate and severe respectively. Compared to
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the performance of 93.1%, 90.4% and 95.2% in the work of Elmasri et al., these results

are lacking [179]. However, this comparison is between a classifier optimised for this

exact purpose which did not use images without calcification. Combined with the ICC

for AAC-24 scores, there was still substantial evidence of good correlation for the first

attempt at direct AAC-24 scoring in VFA images.

Overall the scoring capabilities of the U-Net are impressive, with an improvement

over random forest segmentations on this and other datasets.

6.4 Conclusions

This chapter has presented the methods and results for automatically segmenting ab-

dominal aortic calcification in vertebral fracture assessment images using a U-Net

based deep learning model. Achieving a DSC overlap metric of 0.532, the overall

agreement of automated segmentation with manual annotation is moderate, exceeding

performance achieved in previous literature in radiograph images. Automated scoring

of the images achieved an ICC of 0.844 with expert annotation, showing good correla-

tion, but with a sizeable gap in performance compared to manual scoring.

The multiclass predictions allowed the use of more flexible tanh predicted mid-

lines, to improve scoring based compared to random forest. There were still a large

number of false positives in the images, leading to low DSC scores. Similarly to the

random forest segmentations, many of these were from areas of high intensity due

to bowel gas. These borders between gas and soft tissue create convincing pseudo-

calcifications which are sometimes difficult for readers to distinguish. The dataset

appears to not have enough examples of these for the U-Net to learn, or the model is

not appropriately complex to capture these features. It may be possible to improve this

performance issue by changing the data annotation methods. By annotating sources of

pseudo-calcification, such as bowel gas or skeletal regions, as separate classes it may
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be possible to overtly indicate areas which are not AAC, and improve performance.

Unlike the random forest, the inclusion of the vertebrae in the training images effec-

tively eliminated false responses on the vertebral bodies.

Changes to the data made available to the model, and the amount of data are likely

to be the largest sources of improvement. Even with substantial effort to optimise

the model, the increases to DSC were modest. Hyperparameter optimisation with

Bayesian optimisation appeared to yield sensible training parameters and allow the

model to learn. In future work it may be sensible to use the variance of the k-fold

performance in addition to the mean, in order to better predict hyperparameters. Con-

tinued work to optimise the model will likely only yield small increases. A potential

source of future model improvement is in the more efficient acquisition of more data.

Pre-trained models have been used to form the encoding path of U-Net models previ-

ously, such as the VGG-11 model [191]. Using models pre-trained on large datasets

of general images, or medical images, would allow the U-Net fine-tuning to discover

combinations of already identified features which are valuable in the problem. In a

similar manner, the acquisition of informative features from the more easily available

image level annotations could be incorporated into the segmentation algorithm, allow-

ing collaborative learning of classification and segmentation to provide some semi-

supervised rewards to the U-Net [192].

With the segmentation performance and automated scoring of the U-Net based

model established, and shown to compare favourably to the literature, the final chapter

of this work briefly summarises the main conclusions. Additionally, some avenues for

future work in this area are presented.
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Chapter 7

Conclusions and Future Work

The main contribution of this thesis work is the development of a system for automated

AAC-24 scoring of abdominal aortic calcification in dual-energy x-ray absorptiometry

vertebral fracture assessment images. Previous work in measuring AAC has concen-

trated on radiograph images. The opportunity to gain this valuable clinical informa-

tion from bone density scans is an important problem, which could yield significant

improvements for the diagnosis and management of cardiovascular disease. This work

has presented the first automated scoring of AAC in DXA images, using the semi-

quantitative AAC-24 clinical score.

A random forest regression algorithm was trained on patches sampled from the ab-

dominal aortic region, to predict probabilities that the patch was centred on AAC. This

approach did manage some level of discrimination between background and calcified

pixels, with a DSC of 0.367, but did not manage to achieve the segmentation perfor-

mance of previous approaches in radiograph images. Automated scoring of images

with this method also showed poor correlation with expert annotation, achieving an

ICC of 0.554.

A U-Net based deep learning segmentation algorithm was trained on annotations of

AAC within pre-defined ROIs. This is the first attempt at a deep learning approach to
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AAC segmentation in the literature, including radiograph images. Additionally, a novel

noisy point annotation of bony landmarks was used to generate non-rigid image aug-

mentation using a point distribution model and thin-plate spline warping. Performance

exceeded the overlap metrics of previous attempts at this segmentation, achieving a

DSC of 0.532 and highlighting another problem for which deep learning can yield

improvements. With early work on random forest and U-Net segmentation presented

to the medical image community [193], a full exploration of the automated AAC-24

scoring on clinical predictive models will follow.

AAC-24 scores produced by the predicted segmentations had good correlation with

expert scores, achieving an ICC of 0.844, indicating the potential for automating this

process clinically. Though the correlation was still not as high as manual annotation

of calcification, or the inter-rater correlation for experts, the speed at which these pre-

dictions can be made, and the additional information that segmentation masks provide,

could outweigh these shortcomings.

To calculate the AAC-24 scores, a simple weighted function to fit midline estimates

of the aorta was combined with a statistical shape model which predicted the location

of the abdominal aorta. The scores generated with this function showed excellent cor-

relation with expert scores, and combined with an automated segmentation algorithm,

have produced the first fully automated AAC-24 scores in DXA VFA images. The

demonstrated robustness of the scoring system allows for flexibility in the segmenta-

tion algorithm of choice, so that future work to improve segmentation methods can be

incorporated without adjusting the scoring system. Future improvement to this scor-

ing algorithm appears possible, with the use of a similar loss function to optimise the

position of a curve between classes, penalising extreme curvatures.

This work has concentrated on the reproduction of human performance in seg-

mentation and scoring of AAC. However, the information which these methods could
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provide is not subject to some of the same limitations. The semi-quantitative AAC-

24 score was designed to enable simpler and faster assessment of AAC. Without any

modification, the system developed in this work can output a continuous measure of

calcification. A score generated which gave the total percentage of the aortic wall

identified as AAC could allow future work to assess the exact risk associated with in-

creasing calcification. Additionally, with a continuous measure, the changes in AAC

over time are more easily inferred, allowing better assessment of the impact of treat-

ment. Additionally, already validated scores of AAC such as the MACD index [50]

could be built into this system, allowing them to be calculated without clinician input.

There is still substantial room for improvement of the segmentation algorithm. The

main challenge to the generalisability of this work lies in relying on pixel-wise annota-

tion from the author, instead of a domain expert. This relates to the overall problem of

the high cost of acquiring expert training data in this and similar problems. This could

be partially mitigated in future work with the use of approximate or ’messy’ annota-

tions. Work has been done to incorporate annotations in the form of bounding boxes

and circling of areas of interest. As these can be acquired with far less work from a

clinician, these features can be incorporated into a prediction system to improve per-

formance. Another problem is that scoring of AAC-24 is still subject to a high degree

of subjectivity on the part of human annotators. Datasets containing both abdominal

CT and VFA images could allow direct annotation and comparison of AAC identified

on VFA and the gold standard, CT.

With a sufficiently large dataset of images and patient CVD risk factors, it would

also be possible to directly predict patient risk and validate it with patient outcomes in

order to get a predictive clinical model based on the true ground truth for the problem.

Dynamic models could be used to identify those individuals for which screening might

be the most informative. Additionally, increasing AAC-24 score is associated with

risk in other diseases. The automated analysis of AAC can inform treatment decisions
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for osteoporosis and in chronic kidney disease. It is also notable that AAC is a risk

factor for the rupture of abdominal aortic aneurysm [194]. There is substantial work

in identifying these aneurysms automatically in images [195]. In the future, it may be

beneficial to automate the detection of both aneurysms and calcification to better catch

and stratify risk in these diseases.

The methods to automatically analyse abdominal aortic calcification in vertebral

fracture assessment have yielded interesting results, and helped to identify several av-

enues for future research to use this work to improve clinical outcomes.
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