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ABSTRACT

Pleural plaques (PPs) and diffuse pleural thickening (DPT) are very common
asbestos related pleural diseases (ARPD). They are currently identified non-invasively
using medical imaging techniques. A fully automatic algorithm for 3D detection of
calcified pleura in the diaphragmatic area and thickened pleura on the costal surfaces
from multi detector computed tomography (MDCT) images has been developed and
tested. The algorithm for detecting diaphragmatic pleura includes estimation of
the diaphragm top surface in 3D and identifying those voxels at a certain vertical
distance from the estimated diaphragm, and with intensities close to that of bone, as
calcified pleura. The algorithm for detecting thickened pleura on the costal surfaces
includes: estimation of the pleural costal surface in 3D, estimation of the centrelines
of ribs and costal cartilages and the surfaces that they lie on, calculating the mean
distance between the two surfaces, and identifying any space between the two surfaces
whose distance exceeds the mean distance as thickened pleura. The accuracy and
performance of the proposed algorithm was tested on 20 MDCT datasets from
patients diagnosed with existing PPs and/or DPT and the results were compared
against the ground truth provided by an experienced radiologist. Several metrics
were employed and evaluations indicate high performance of both calcified pleura
detection in the diaphragmatic area and thickened pleura on the costal surfaces. This
work has made significant contributions to both medical image analysis and medicine.
For the first time in medical image analysis, the approach uses other stable organs
such as the ribs and costal cartilage, besides the lungs themselves, for referencing and
landmarking in 3D. It also estimates fat thickness between the rib surface and pleura
(which is usually very thin) and excludes it from the detected areas, when identifying
the thickened pleura. It also distinguishes the calcified pleura attached to the rib(s),
separates them in 3D and detects calcified pleura on the lung diaphragmatic surfaces.
The key contribution to medicine is effective detection of pleural thickening of any
size and recognition of any changes, however small. This could have a significant

impact on managing patient risks.
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Chapter 1

Introduction

Asbestos is a silicate mineral that naturally exists on earth. The usefulness and
desirable physical properties of asbestos made it a popular material for use in
buildings and industries, leading to large scale mining in the past [58]. However, in
the late 19th century, the link between prolonged exposure to asbestos and serious
and fatal illnesses was confirmed, and since the mid 20th century its usage has been

banned in most countries [3].

Prolonged exposure to asbestos can cause serious lung and pleural disorders.
Two most common asbestos related pleural diseases (ARPDs) are pleural plaques
(PPs) and diffuse pleural thickening (DPT) [13, 54, 112]. PP is defined as localised
pleural thickening, induced by asbestos, and DPT refers to more generalised pleural
thickening [60, 85]. PPs and DPT occur on the pleura and may eventually become
calcified. The diaphragm is another potential organ for PP involvement [22, 85, 95].

Usually DPT shows no symptoms, however it may manifest as breathlessness
and chest pain. On the other hand, PPs cannot be detected clinically, and can only
be identified non-invasively using medical imaging techniques. Therefore medical
imaging is necessary for diagnosis of both DPT and PPs. Computed tomography
(CT) is the preferred imaging modality, as it can detect small calcified plaques, as
well as non-calcified plaques/regions of mild DPT that are difficult to appreciate on
chest X-ray (CXR). Multi-detector CT (MDCT) imaging, a new technology that

acquires multiple high resolution CT images by a rotating x-ray tube, is currently



used in modern radiology centres for the purpose of chest imaging.

Detecting PPs of all sizes is important, because a tiny plaque signifies the same risk
for developing more complicated lung disorders as extensive plaques [136]. Besides,
PPs may involve diaphragmatic pleura and can range in size and number. Although
extensive PPs and DPT are recognised easily on CT, the diagnosis of small or
non-calcified plaques can easily be missed. A robust and accurate automated method
for detecting PPs and DPT is a valuable goal that could have significant impact on
managing and assessing patient risks. Also, automated and accurate measurement
of the degree and area of pleural thickening would allow detection of any changes

over time.

Despite the importance of accurate and automated methods for detecting PPs
and DPT, not many works and techniques have been reported to date. As far as
is known, detection of thickened pleura in the diaphragmatic area has not been

reported.

Few techniques have been reported for detection of PPs and DPT on the pleural
costal surfaces. The first technique reported [117] extrapolates and labels pixels
beyond the pleura and lying on lung centroid radial lines, as rib, spine, fat or
thickened pleura, based on the pixel intensity. Although the work is based on
anatomy pre-knowledge, the approach for identifying PPs attached to the ribs is
not clarified. In addition, as the fat layer may or may not be visible in CT images,

differentiating between fat layer and thickened pleura is not highly reliable.

The other approach to detect PPs and DPT relies on the difference between the
existing lung contour and its relaxed boundary to simulate the healthy pleura. The
patient’s normal pleural contour is estimated by convex hull algorithm [32], spline-
based interpolation [34] and Gibbs-Markov random field (GMRF) relaxation [30].
The false positive error rate may be high in these approaches as human ribs naturally
put pressure on the lungs and cause indentation on the lung surfaces. Furthermore,
the formation of pleural thickening sometimes does not make a depression/dent on a
section of the lung border and therefore, portions of existing PPs and/or DPT may

be missed when subtracting the real lung contour from its estimated normal shape.
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1.1 Thesis Goal

There is a need for accurate methods to detect PPs and DPT on the pleural costal
surface and diaphragmatic area. The focus of this thesis is on automatic 3D extraction

and accurate quantification of PPs and DPT from lung MDCT images.

1.2 Thesis Scope

The methodology used to develop the automatic algorithms is based on image
processing and computer vision techniques. The study is limited to lung MDCT
datasets, acquired from Medical Imaging Department, Prince of Wales Hospital,
Sydney, NSW, Australia. An expert radiologist from the department marked the
groundtruth and verified the results of the algorithms. Accuracy and performance of
the algorithms were measured by appropriate metrics commonly used for evaluating
similar techniques. The algorithm for detecting ARPD were tested on 20 datasets of
patients diagnosed with PPs and/or DPT. Other proposed algorithms, employed as
preliminary stages of ARPD detection, were tested on up to 50 MDCT datasets that

were acquired for different medical reasons.

1.3 Thesis Overview

In order to detect PPs and DPT in 3D from a patient’s MDCT dataset, two different
lung areas are analysed with different approaches: diaphragmatic area and pleural

costal surfaces.

For detecting calcified pleura in the diaphragmatic area, the diaphragm top
surface is modelled in 3D. Next, areas within a certain vertical distance of the

estimated surface are investigated for existing calcified pleura.

A high-level description for automatic PP and DPT detection on the pleural
costal surfaces is shown in Figure 1.1. The basic idea is to measure D, the mean

distance between pleural costal surfaces and rib centre-lines (see Figure 1.1b for
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illustration of D), and identify the locations in 3D where the distance D is relatively
larger than D. Comparisons are in cylindrical coordinate system (as shown in Figure

1.1c) between two layers:

(i) an outer layer as the stable comparison reference, which is a surface fitted to

the centrelines of the ribs and costal cartilages (QuterLayer hereafter)

(ii) an inner layer as the compared component, which is the pleural costal surface

in 3D (InnerLayer hereafter).

As mentioned earlier, any algorithm based on analysing the pleural surface to
detect the pleural thickening may miss portions of thickened pleura. Moreover, since
a rib puts pressure on the pleural surface and usually makes it indented, analysing
the pleural surface to detect pleural thickening may dramatically increase the false
positive error rate. Using the ribs as a stable reference for analysing pleural costal
surfaces improves accuracy. Due to changes in size and shape of the rib cross-section
along its length [96], instead of the rib surface, its centre-line is chosen as the stable

and reliable reference.

When analysing a patient dataset that includes calcified pleura, there is a subtlety
which may be overlooked and has not been considered in the literature. Usually
calcified pleura are attached to a rib or series of ribs and it is a challenging task to
automatically distinguish them during chest bone segmentation. Such a situation
causes two problems: (i) error in rib centre-line estimation and (ii) calcified pleura

identified as part of the rib (see Figure 1.2 for 2D and 3D examples).

Separation of the calcified PP from the rib(s) in 3D is achieved in three steps:

(i) cut the cross-section of the rib, where it is attached to the calcified plaque (see

Figure 1.1e)
(ii) reconstruct the rib based on patient’s anatomy (see Figure 1.1f)

(iii) subtract the reconstructed rib from primary segmented bone (see Figure 1.1g).

To accomplish the above, segmentation of the lung, ribs, sternum and reconstruc-

tion of the ribs and costal cartilage based on patient’s anatomy as well as modelling
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Figure 1.1: High-level description for detecting thickened pleura on the pleural costal
surfaces: (a) anatomical notation for a lung cross-section at axial direction, (b) D
is defined as the distance between a rib’s centre-line and pleural costal surface, (c)
illustration of cylindrical coordinate system, used in proposed algorithm, (d) calcified
pleura attached to the rib and cut points, (e) removed calcified pleura from the rib
structure, (f) patient-customised reconstructed rib and (g) segmented calcified pleura
and detected thickened pleura.



1.4. Thesis Contributions 6

Figure 1.2: Calcified pleura attached to ribs: (a) slide number 197 of a test dataset,
calcified pleura attached at two points, pointed to by white arrows, (b) and (c)
results of bone segmentation in 2D and 3D (half-front coronal view) which show how
calcified pleura at two locations are mis-segmented as parts of rib structure.

of the diaphragm are necessary. All these steps are performed in 3D and their

performance evaluated separately by testing on a large number of MDCT datasets.

1.4 Thesis Contributions

The presented method for detecting the thickened pleura from MDCT images con-
tributes to medical image analysis by identifying the attached calcified pleura to a
rib or series of ribs and separating it in 3D, detecting the calcified pleura at lung
diaphragmatic surfaces for the first time and also using stable organs i.e. ribs and
costal cartilage, besides a patient’s lung features, for the purpose of landmarking in

3D.

The main contributions of the presented technique to medicine includes accurate
measurement of the degree and area of pleural thickening to detect any changes
over time and detecting PPs of all sizes, that play an important role in patient risk

management

1.5 Thesis Organisation

Asbestos and respiratory issues due to long term exposure to asbestos are reviewed in

Chapter 2. The basics of X-ray CT imaging and MDCT, anatomical terms, asbestos
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related pleural disease (ARPD), PPs and DPT pathological features and also current
approaches in medical science for their diagnosis are included in the chapter. Current
knowledge, methodological contributions as well as the gaps in the literature for
segmenting and modelling different organs, necessary for detecting thickened pleura
in CT images, are discussed and the chapter ends with key elements of performance

evaluation.

Algorithms for 3D segmentation of the lungs, ribs, vertebral column and sternum
as well as costal notches localization in 3D are presented in Chapter 3. All presented
techniques are necessary steps for detecting PPs and DPT in MDCT datasets.
Experiments to evaluate the algorithms performance are explained at the end of the

chapter, followed by discussion of the achieved results.

Frameworks and techniques for ribs and costal cartilage reconstruction and
diaphragm modelling in 3D are provided in Chapter 4. The algorithms provide
important information for automatic detection of thickened pleura. The performance
of the algorithms was evaluated, using several criteria. Outcomes of experiments are

presented and discussed at the end of the chapter.

In Chapter 5, comprehensive details of the technique to detect calcified pleura
in the diaphragmatic area and thickened pleura on the costal surfaces from a lung
MDCT dataset are provided. The chapter includes a detailed flowchart with an
example for each step. Several experiments performed to measure the accuracy and
performance of the detection algorithm are provided and discussed at the end of the

chapter.

In Chapter 6, a summary of contributions made to medical image analysis and
medicine is provided. Future work and limitations to be investigated are discussed

as well and the chapter ends with concluding remarks.



Chapter 2

Asbestos Related Pleural Disease

and Its Detection

Two of the commonest disorders of asbestos related pleural disease (ARPD) are
pleural plaque (PPs) and diffuse pleural thickening (DPT) [13, 54, 112], both of
which affect the lung pleura, the membrane around the lungs. These two disorders
are categorised as non-malignant and currently are identified non-invasively, using
medical imaging techniques. This thesis develops automatic detection techniques
for PPs and DPT in 3D from lung multi detector computed tomography (MDCT)
images. Relevant background knowledge, terms and concepts that are necessary to
understand the methods are presented in this chapter. In addition, related works in
PPs and DPT detection are discussed and the challenges and gaps in literature are

analyzed.

In section 2.1, anatomical terms are defined and human organs involved in the
algorithms for PPs and DPT detection are briefly discussed. Asbestos, lung disorders
and issues related to long term exposure to asbestos are described in section 2.2. The
section also describes pathological features of PPs and DPT and current approaches
in medical science for their diagnosis. The basics of X-ray CT imaging and MDCT,

the new technology for CT scanning, are described in section 2.3.

As clarified in Chapter 1, several steps are necessary to detect PPs and DPT in

a lung MDCT dataset. These include segmentation of the lungs, sternum, ribs and
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vertebral column, reconstruction of the ribs and costal cartilages and modelling of
the diaphragm. Current knowledge, methodological contributions and the gaps in
the literature are reviewed in section 2.4. The section also presents used methods
and techniques for detecting thickened pleura in the pleural diaphragmatic area and

pleural costal surface.

The final section of the chapter includes description of techniques. The theory
behind the main algorithms in use, namely graph cut, region growing, active contours
and smoothing splines, are explained in sub-section 2.5.1. Key elements of perfor-
mance evaluation including the test dataset and evaluation metrics are discussed
thereafter in sub-section 2.5.2. The chapter concludes with brief remarks in section

2.6.

2.1 Anatomy of the Human Upper Trunk

The trunk is the anatomical term employed for the central part of the human body
and includes the thorax (chest) and the abdomen. The chest contains the most
critical organs such as the heart and lungs. The abdomen contains the major organs
responsible for digestion, including the liver and kidneys. In the following sections,

the organs involved in PPs and DPT detection are briefly described.

2.1.1 Respiratory System

Ventilation or the air-breathing process in animals, including humans, occurs in
two steps: inhalation and exhalation. The anatomical organs associated with
breathing include the trachea, bronchi, bronchioles, lungs (covered by pleura) and

the diaphragm.

2.1.1.1 Trachea, Bronchi and Bronchioles

The trachea is a moveable cartilaginous and membranous tube, which begins from

the sixth cervical vertebra (see Figure 2.1a), and ends at the upper border of the
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Figure 2.1: (a) Cervical vertebrae are immediately below the skull [11] and (b)
thoracic vertebrae are blow the lowest cervical vertebra [12].
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Figure 2.2: (a) Dstribution of respiratory tree [50] and (b) alveolus diagram [40].

fifth thoracic vertebra (see Figure 2.1b) by dividing itself into the main left and right
bronchi, one for each lung (see Figure 2.2a) [128]. In air breathing process, air follows
from the larynx, the organ protecting the trachea against food aspiration, into the
main (primary) bronchi. Next, air goes into the lobar (secondary) and segmental
(tertiary) bronchi which then branch into smaller bronchi and bronchioles (see Figure
2.2a) [87]. Each terminal bronchiole divides into two or three respiratory bronchioles,
which then divide into two or three alveolar ducts as well [55]. In the respiratory part
of the lung, the blood flows in capillaries, which are the smallest of blood vessels,
and in alveoli wall (see Figure 2.2b) [122]. Alveoli, with polyhedral structure, are
groups of small pouches which are placed around alveolar sacs, alveolar ducts and

respiratory bronchioles [122].

2.1.1.2 Pleura

Each lung is covered by the pleura, a serous membrane in the form of a flattened sac
[87]. The outer and the inner layers of this sac are called parietal pleura and visceral

pleura respectively (see Figure 2.3a) [87]. The space between the parietal pleura and
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Figure 2.3: Anatomy and terminology of the lung [7, 86].

visceral pleura, called the pleural cavity, is filled with a thin layer of pleural fluid and
is maintained at negative pressure [50]. This negative pressure helps the lungs to
stay attached to the thoracic wall tightly, and as the capacity of the thoracic cavity

increases and decreases during breathing, air gets in and gets out the lung [87].

2.1.1.3 Lungs

The lungs are the vital parts of respiration [50]. As shown in Figure 2.3b, each lung
with the shape of a half cone has an apex, base, two surfaces (costal and mediastinal)
and three borders (inferior, posterior and anterior) [50]. They are positioned on each
side of the mediastinum, surrounded by the ribs and surrounding the heart and great
blood vessels [128]. The right and left lung are divided into three and two lobes
respectively by the fissures (see Figure 2.3c) [97] and except for their roots to the

mediastinum, are suspended freely in the pleural cavity [50].

2.1.2 Diaphragm

The thoracic diaphragm is a double dome- or parachute- shaped sheet of muscle
and is located under the lungs and surrounded by the ribs and costal cartilages,
and partially the spinal column at the back (see Figure 2.4) [50]. The diaphragm
separates the thoracic and abdominal cavities and serves as the main muscle in
respiration. It also plays an important role in localizing and separating other organs

in the thorax and the abdominal cavity.

In X-ray CT images, there is low contrast between the diaphragm and adjacent

organs. In Figures 2.5a to 2.5¢, low contrast boundary between the diaphragm and
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Figure 2.4: Human diaphragm is located under the lungs and surrounded by the ribs
and costal cartilages, and partially the spinal column at the back [70].

Figure 2.5: (a) to (c) location of the diaphragm in axial, coronal and sagittal
directions are shown with arrows (images are chosen from test datasets).

surrounding organs is indicated with arrows.

2.1.3 Upper Trunk Skeleton

The trunk, also called the torso, is an anatomical term that refers to the central part
of the human body and is divided into the thorax and abdomen. The upper trunk
includes critical organs such as the heart and the lungs, which are protected by the
rib cage. The upper trunk skeleton includes the ribs, vertebral column, clavicles,

scapulas, humerus and the sternum (see Figure 2.6).

2.1.3.1 Ribs

The ribs are 12 pairs of long curved bones that form a cage to support the internal
organs in the upper trunk. A rib articulates with a vertebra at the tubercle, a

junction between the neck and head of the rib (see Figure 2.7). In human anatomy,
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Figure 2.6: Upper trunk skeleton [141].

Figure 2.7: Ilustration of a human rib [50].

the first seven ribs are known as ”true ribs” and the others are "false ribs”. True
ribs and the first three false ribs are connected to the sternum through direct costal
cartilage attachment or by sharing a cartilaginous connection respectively. Ribs
number eleven and twelve are called floating ribs as their heads are connected to the

vertebrae only and the other ends are not attached to the sternum [101].

The first rib has rather different geometry than the other ribs as it is broad,
horizontally flat and has the highest curvature. Ribs three through nine share the
most features. In general, human ribs increase in length from ribs one through seven
and decrease in length again through to rib twelve. Ribs vary in direction. The upper
ribs are less oblique than the lower ones and the obliquity reaches its maximum at

the ninth rib and then decreases to the last rib [50].
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Figure 2.8: Illustration of anterior projection and lateral projection of human sternum
[50].

2.1.3.2 Sternum

The sternum is a thin, flat, elongated bone. It is located anteriorly in the centre
of the chest and helps to protect the inner vital organs from physical trauma. The
upper end of the sternum supports the clavicles. The sternum has seven costal
notches, called sternocostal joints (SCJs), on each side for articulation with the
costal cartilages of ribs 1-7 (see Figures 2.6 and 2.8). Its average length in the adult
is about 17 cm [50].

The sternum consists of three bony parts, connected by two joints (see Figure
2.8). From top to bottom, the three parts are called the manubrium, body and
xiphoid process. The first two parts have a bony structure while the last one is

cartilaginous in structure in youth and becomes calcified with age [99].

2.1.4 Costal Cartilage

The costal cartilages are bars of cartilage that prolong the ribs forward in a way that
facilitates the chest wall elasticity [99]. As shown in Figure 2.6, the first seven costal
cartilages are directly connected to the sternum, while the following three are joined
to the lower border of the preceding cartilage via interchondral joints (ICJs). The
last two costal cartilages end in the wall of the abdomen [50]. The joints between

the ribs and costal cartilages are called costo-chondral joints (CCJs).

Like those of ribs, the lengths, directions and curvatures of the costal cartilages
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vary. From the first costal cartilage to the seventh, the lengths increase and then
gradually decrease to the twelfth. The first and third costal cartilages slightly descend

and ascend respectively, while the second one is horizontal and the rest angular [99)].

2.2 Asbestos Related Pleural Disease

Asbestos is a silicate mineral that has been used worldwide in more than 3000
applications. Its desirable physical properties such as heat, fire and electricity
insulation, flexibility, low price and tensile strength made it one of the popular
materials used in buildings and industries in the past [58]. However, in early 1900 a
large scale death and lung problems were noticed in a asbestos-mining towns [93]
and in the late-19th century, the link between prolonged exposure to asbestos and
death or serious disease was confirmed. Until the mid 20th century, public awareness
of the dangers of asbestos kept increasing, and since then its usage has been banned
in most countries. Australia was one of the highest users of asbestos in the world

until it was banned in the mid 1980s [3].

2.2.1 Epidemiology

According to the world health organisation (WHO), more than 107,000 deaths
each year can be attributed to occupational exposure to asbestos and despite the
widespread ban of asbestos, approximately 125,000,000 persons are currently exposed
to asbestos at the workplace [2]. It is expected that the rate of mortality and

morbidity attributable to asbestos exposure will rise in future [112].

It is now known that prolonged exposure to asbestos can cause serious lung disor-
ders including lung cancer, asbestosis, malignant mesothelioma, rounded atelectasis,
benign asbestos pleural effusion, PPs and DPT [112]. The most common ARPDs,
are PPs (up to 58% and 8% of the disorders from exposure at the workplace and
general environment respectively) and DPT (22% of the disorders) [13, 54, 112].
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Figure 2.9: Examples of PPs and DPT in real patient studies: (a) PPs, multiple
calcified and partially calcified PPs involving the costovertebral pleura bilaterally (b)
DPT, regions of diffuse thickening of the costovertebral pleura (c) diaphragmatic PPs,
calcified PPs involving the diaphragmatic pleura bilaterally and (d) PPs (coronal
direction view), multiple calcified PPs involving the costovertebral pleura bilaterally
and the right diaphragmatic pleura (images are chosen from test datasets).

2.2.2 PPs and DPT Pathological Features

PPs are defined as localised pleural thickening, induced by asbestos; it is called DPT
if the thickening is more generalised [60, 85]. Both PPs and DPT are prominent in
the lower half of the thorax [48] and may eventually become calcified. PP follows
the course of the ribs at the posterior and lateral walls of the thoracic cage [22],
over the fifth to the ninth rib, and rarely extends superior to the third rib [85]. The
diaphragm is another potential organ for PPs involvement [22, 85, 95]. DPT occurs
on the lower parts of the pleura and, in contrast to PPs, almost always involves
the costophrenic angles (the angle at which the diaphragm and the chest meet, see
Figure 2.4) [85]. Examples of PPs and DPT from real studies are shown in Figure
2.9.

2.2.3 Medical Approaches to PPs and DPT Diagnosis

PPs cannot be detected clinically, and can only be identified non-invasively using
medical imaging techniques. DPT is usually asymptomatic, but uncommonly results
in clinical manifestations such as breathlessness and chest pain [95]. Although large
PPs and extensive DPT can be diagnosed with a chest x-ray (CXR), computed
tomography (CT) is the preferred imaging modality because it can detect small
calcified plaques, and also non-calcified plaques/regions of mild DPT that are difficult
to appreciate on CXR. CT has an accuracy greater than 95% in detecting PPs and
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DPT [119]. CT is also more accurate in detecting changes in PPs and DPT, and
assessing for the development of other complications of asbestos exposure including

mesothelioma and lung cancer.

It is well demonstrated in the literature that the presence of PPs relates to
asbestos exposure, which in turn relates to the risk of developing more sinister
asbestos related diseases such as asbestosis, mesothelioma an lung cancer. Somewhat
paradoxically, however, the surface volume of plaques has been found not related to
cumulative asbestos exposure [136]. Therefore the presence of a tiny plaque signifies
the same risk for these sinister complications as that of extensive plaques. It is
therefore important to detect plaques of all sizes. In addition, patients with calcified
PPs who also have other risks of lung cancer should be screened. Some risk factors
for increased risk of lung cancer include cumulative exposure to tobacco, age, and

exposure to other lung carcinogens such as silica and radon.

PPs involve principally the costovertebral and diaphragmatic pleura and can
range in size and number. Extensive disease is easy to recognise on CT, but where
there is only small or non-calcified plaques, the diagnosis can easily be missed,
particularly in chest CTs performed for other reasons. Having a robust accurate
automated method for detecting PPs and DPT is important in identifying patients at
risk of the more sinister complications of asbestos exposure. As many patients have
chest CT scans for other reasons, the ability to screen these studies automatically,

and detect PPs and DPT could have a significant impact on managing patient risk.

In addition, mesothelioma, which is a dreaded complication of asbestos exposure,
usually appears as an area of pleural thickening in the early stages. Automated
and accurate measurement of the degree and area of pleural thickening would allow
detection of any changes over time. These changes can then be screened by a
radiologist to assess the risk of newer regions resulting from mesothelioma. This
would be of great benefit to the patient because as with any cancer, the earlier the

detection and treatment, the better the prognosis.
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Figure 2.10: Anatomical planes, referring to two-dimensional sections of the body:
axial, coronal and sagittal [79].

2.3 Computed Tomography Imaging

X-ray computed tomography (CT) is generated by an X-ray source that rotates
around the object, acquires X-ray images from different angles and uses computer
processing to create cross-sectional slides. The slides produced are called tomographic

images (virtual slices) and they provide more detailed information than plain X-rays

do [132].

High resolution computed tomography (HRCT) is CT at very high resolution.
Although HRCT is performed using a conventional CT scanner, the imaging param-
eters are chosen to maximize spatial resolution. To perform a chest scan with a
conventional CT scanner and ensure contiguous chest coverage in a reasonable time
period, HRCT is performed at widely spaced sections (e.g. 10mm thick). On the
other hand, scan parameters for conventional and HRCT examinations are different
and if both images are required for a patient, the scanning has to be performed
sequentially. To address these issues, modern multi-detector computed tomography
(MDCT) scanners are able to solve the interdependency, and also perform a fast full

resolution imaging.
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Figure 2.11: Toshiba Aquilion PRIME MDCT scanner [1].

2.3.1 MDCT Technology

In MDCT technology, the number of detectors is increased and the scan acquisition
time is reduced. MDCT images are reconstructed afterwards from the volumetric raw
data and sections are selected with 1 mm thickness. As CT scanners acquire data as
isotropic voxels, images can be viewed in all imaging planes i.e. axial, coronal and
sagittal (see Figure 2.10 for plane directions) [4]. Images in the different directions
have similar spatial resolution, which facilitates the employment of 3D visualization

tools e.g. OsiriX [5].

MDCT scanning is performed in hospitals or special outpatient clinics. To perform
the scan, the patient is asked to lie down on a table connected to the MDCT scanner
and the table slowly moves inside the machine. During imaging, the scanner arches
around the patient’s body but does not touch it. The exam is painless. In Figure

2.11 the Toshiba Aquilion PRIME MDCT scanner is illustrated.

2.3.2 MDCT Dataset

Acquired data from MDCT scanners can be saved as an object in the digital imaging
and communications in medicine (DICOM) format. DICOM is a standard format
for handling, storing, printing and transmitting information in medical imaging.
Besides to pixel data, a DICOM image includes additional patient information in

a loader. To save a DICOM image, 16 bits are used. The image can be converted
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Figure 2.12: An example of normal lung MDCT image, chosen from a test dataset.
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to a conventional grayscale image e.g. portable network graphics (PNG), and pixel
values from 0 (air) to 255 (bone structure). An example of a normal lung MDCT

image is shown in Figure 2.12.

A typical chest DICOM image is 512x512 pixels and for a patient of normal
height, approximately 400 slices are required to cover the complete chest. In other

words, the size of a typical chest MDCT dataset is 512x512x400 pixels.

2.4 ARPD Detection Methods, Challenges and

Gaps

To detect the PPs and DPT in a patient lung dataset, different organs need to be
either segmented or modelled in 3D. The steps required to deliver the final results
include reconstruction and modelling of the ribs, costal cartilage and diaphragm and

also segmentation of the lungs, sternum, ribs and vertebral column in 3D.

Current approaches to 3D detection of PPs and DPT in a lung dataset, the
challenges and gaps are reviewed in section 2.4.1. State of the art algorithms
for segmenting and modelling the organs are described in sections 2.4.2 and 2.4.3

respectively.
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2.4.1 PPs and DPT Detection in 3D

As far as can be ascertained, not many works and techniques have been reported
to date for automatic detection of PPs and DPT from medical images. Current
methods for detecting PPs and DPT in the diaphragmatic area and pleural costal

surfaces are discussed in sections 2.4.1.1 and 2.4.1.2 respectively.

2.4.1.1 Detection in the Pleural Diaphragmatic Area

Due to the nature of the diaphragm i.e. its low thickness, irregular shape and low
contrast between the diaphragm and surrounding organs, not only has modelling
of the diaphragm remained a challenging task [109], but also detection of thickened

pleura in the diaphragmatic area has not been reported in the literature to date.

2.4.1.2 Detection on the Pleural Costal Surfaces

A technique for detection of PPs and DPT has been reported [117]. In the first step,
the algorithm identifies different organs including ribs, spine, lungs and mediastinum
area and then the boundary of each lung is determined. In the next step, lung
centroid radial lines are extrapolated beyond the pleura and pixels lying on the
dilated line are labelled as rib, spine, fat or thickened pleura based on the pixel
intensity. Although the proposed algorithm [117] uses anatomy pre-knowledge of
different organs and their landmarks on CT images, the approach to identify the
calcified PPs attached to the ribs, is not clarified. Also differentiating between the
fat layer and thickened pleura is not highly reliable due to the fact that the fat layer

may or may not be visible in CT images.

In other proposed techniques, pleural thickening is detected by differentiating
between the existing lung contour and modelled healthy pleura, estimated by the
convex hull algorithm [32], spline-based interpolation [34] and Gibbs-Markov random
field (GMRF) relaxation [30]. Detected pleural thickening based on these has been
used [31, 33, 44, 45, 46] for follow-up assessment of the disorder. Later, the extracted

pleural thickening is modelled [35] by 3D thin plate spline interpolation for illustration
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Figure 2.13: Examples of how ribs naturally cause indention on the lungs’ surface.
Pressure of the ribs on lungs on both 2D and 3D images are marked by white arrows
(images are chosen from test datasets).

and for calculating the volume. The proposed methods [30, 34, 32] and other works
rely on the difference between the existing lung contour and its relaxed boundary.

The drawbacks of this approaches are:

(i) the rate of false positive error may be high as human ribs naturally put pressure
on the lungs and cause indention on the lung surfaces (see Figure 2.13 for

examples in 2D and 3D)

(ii) occasionally the formation of pleural thickening does not make a depression/dent
on a section of the lung border. For instance, as shown in Figure 2.14, the
existing left lung contour (Figure 2.14c) and its convex hull (Figure 2.14d) are
almost similar, and a big portion of the PP is missed when subtracting the real
lung contour from its convex hull (Figure 2.14e). In Figure 2.14f, manually

marked PPs by an experienced radiologist are shown.

2.4.2 Automatic Segmentation and Extraction in 3D

Segmenting lungs, ribs, vertebral column and sternum in 3D are necessary steps
for detecting PPs and DPT. Current methods for extracting mentioned organs are

discussed in sections 2.4.2.1 to 2.4.2.3.

2.4.2.1 Ribs and Vertebral Column Segmentation in 3D

Precise segmentation of the vertebral column and ribs from CT images is a clinically

valuable goal. As stable structures, ribs can be used to localize other organs such as
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Figure 2.14: (a) Slide number 175 of patient number 5 MDCT dataset (chosen
from a test dataset) (b) segmented lungs (c) lungs contours (d) convex hull of the
lungs contours (e) result of subtracting lungs contours from their convex hull and (f)
manually marked PPs by radiologist.

the lungs. 3D segmentation and reconstruction of a patient’s vertebral column and
ribs can be used in implant applications and are also beneficial for clinicians who

deal with patients’ chest bone abnormalities.

In most works, segmentation of the chest bony structure occurs in the initial stages
and the result is mainly used as landmarks to localize other organs [64, 83]. These
works generally use threshold-based methods followed by morphological operations

to segment the vertebral column and/or ribs.

Recently, some methods have been proposed for extracting rib centrelines. A
method based on the Random Walker algorithm and Kalman filter [113] and another
using a learning based deformable template matching technique to extract rib centre-
lines [146] have been presented. A shape-based method for rib centreline detection
to define the outline of lungs with cancer [134] and another using lung contours
to determine candidate ribs derived from thresholding [148] have been proposed.
A number of segmentation/reconstruction methods have also been proposed for

biplanar [43] or scintigraphy [144] images.

In addition, some work that specifically focuses on vertebral column and ribs
volume segmentation has been presented. A general framework including 1D ridge

detection followed by construction, classification and grouping has been used for rib
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segmentation [131]. Model-based methods are another approach for rib cage [73] and

vertebra [74] segmentation.

2.4.2.2 Sternum Segmentation in 3D

The precisely segmented sternum is a stable reference for registration of chest images,
analysis of human anatomy and localization of the costal notches (sternocostal
joints) in 3D. In addition, it contributes to sternum implant surgery and pre- and
post-surgical analysis related to sternum deformity correction surgery. Positioning
of the costal notches positioning helps to estimate the costal cartilage centre points

from CCJ to the sternum more accurately.

The aesthetic outcome of surgery to correct for Pectus excavatum (PE), the most
common deformity of the chest wall, is very important in medicine. Recently, some
methods have been proposed to predict the surgery outcome before the operation
[116]. A model of the sternum has been presented [133] based on geometry and
was used to fabricate an implant. The algorithm uses healthy sternum samples to
generate clouds of points and a polygonal model. The technique to extract the
sternum samples includes thresholding, region growing and editing. However, the
details and accuracy of the sternum segmentation have not been provided. To extract
pleural effusion in CT images, the sternum has been used for registration [71]. 3D
sternum was obtained by setting a regular triangle ROI at the anterior region and
extending it to volume of interest (VOI) in the z direction, yet the performance of
the sternum segmentation method has not been discussed. Another method [98] uses
the sternum and 3D position of costal notches to approximate the costal cartilage
both before and after sternum displacement, without details of the segmentation

technique and accuracy evaluation.

To sum up, limited attempts have been made on sternum segmentation to date.
In related publications, sternum segmentation is a part of other segmentations and

purposes.
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2.4.2.3 Lung Segmentation in 3D

Accurate segmentation of the lungs in CT images has been of great interest to both
clinicians and engineers. Extraction of the lungs in 2D or 3D is useful in computer
aided detection (CADe) and diagnosis (CADx) and analysis of a patient’s CT and
anatomy. The first attempts to extract lungs from CT images started many years
ago and new work continues to be done to improve both segmentation performance

and speed.

According to a survey [126], most of the techniques for lung segmentation are
based on specified rules. For instance, the methods proposed [27, 63, 14, 80, 84, 123,
125, 143, 149] are based on gray-level thresholding, followed by algorithms such as
morphological operations, region growing, size and location restriction and component
analysis. Other work [76] uses wavelet feature or is based on fuzzy connectedness

segmentation [67].

In addition, other features and algorithms have been used to improve the segmen-
tation robustness in pathological cases. Active shape model combined with snakes
[82] is a statical approach. Registration with a pre-segmented reference scan [127]

increases the robustness in datasets with high density pathologies.

A widely employed algorithm for lung segmentation is graph cut, which provides
a high performance solution. Graph cut algorithm is described later in section
2.5.1.1. According to the graph cut theory and in order to segment an image with
the graph cut algorithm, different neighbourhood sizes may be chosen to build the
graph. For instance, the algorithm proposed [100] employs multi-shape graph cut
with neighbour prior constraints to extract the lungs and 8 and 26 neighbours were
considered for obtaining synthetic images and segmentation respectively. Graph
cut algorithm combined with a statistical atlas-based shape estimation is another
technique proposed [124] for lung segmentation and 6 neighbours were considered
to built the graph. Graph cut with Gibbs-Markov random field (GMRF) is used
[10, 9, 47] to model the spatial interaction for lung segmentation and different
neighbourhood and graph sizes including 4 and 6 neighbours were considered to test

and deliver the result.
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2.4.3 Automatic Reconstruction and Modelling in 3D

Results of rib and costal cartilage reconstruction and diaphragm modelling in 3D
contribute important information for detecting PPs and DPT and current approaches

to deliver the result are discussed in sections 2.4.3.1 to 2.4.3.3

2.4.3.1 Ribs Reconstruction in 3D

Attempts at computational reconstruction of the ribs from radiology images have
been mainly on biplanar images [53, 75]. Ribs are generally assumed to have a simple
geometrical structure for purposes of tracing, segmenting, centre-line extraction and
labelling. For example ribs are assumed to have a hollow cylindrical [81] or hollow

tube [120] structure and also elliptical [73, 137] or circular [49] cross-sectional shape.

2.4.3.2 Costal Cartilage Reconstruction in 3D

Costal cartilage segmentation, reconstruction and modelling have been used frequently
in analysis of chest wall deformities such as pectus excavatum [21, 145], and to predict
post-surgical cosmetic appearance [98]. It has also been used [36] in quantitative
evaluation of cartilage changes after Ravitch thoracoplasty to correct the deformity

of pectus excavatum.

3D modelling of costal cartilages has been performed [137] to study the effects of
age-related thoracic cage calcification on the respiratory system. Finite element (FE)
modelling of the fourth costal cartilage was developed from CT scans of cadavers [6]
and used to predict automobile collision injuries and overall structural behaviour. In
addition, benefits of preoperative costal cartilage imaging over physical examination
and chest radiograph have been found [72] for auricular reconstruction for microtia, a
congenital deformity where the external ear is underdeveloped. Furthermore, costal
cartilage extensions to the sternum were modelled in 3D via reverse modelling [133],
before fabrication for sternum implant surgery when the sternum is affected by

cancer.

In reconstruction techniques, the intensity feature has been used [21, 145] for
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segmentation of costal cartilages. Manual costal cartilage segmentation was performed
as part of recent quantitative geometric analysis of rib, costal cartilages and sternum
[118] and for generating a FE model of the human thorax [121]. Considering that the
liver and cartilage share an overlapping range of CT values, marker-based watershed
segmentation has been proposed [61] for segmenting the costal cartilages in CT

dataset.

2.4.3.3 Full Diaphragm Modelling in 3D

3D modelling of the diaphragm has been used in different ways including;:

(i) simulating diaphragm deformation during free breathing [140]

(i) as a reference for dividing the abdominal cavity and for localizing some internal
parts when there is uncertainty due to low contrast between adjacent organs

such as heart and liver [115]

(iii) as an effective landmark to localize lung tumours [78] and abdominal tumours

(for example tumours caused by Neuroblastoma [114])

(iv) as a principal organ for modelling respiratory motion [89, 90, 91, 138].

Despite the value of full diaphragm modelling, diaphragm segmentation has only
been performed manually [17, 103] which is a time consuming task, taking about 3
hours per dataset [139], and may be inaccurate due to human error. To date, some
attempts have been made on semiautomatic [88] and automatic [18, 19, 20, 68, 147,
150] segmentation of the diaphragm dome and top surface and a few articles represent
the full diaphragm in 3D. Available methods [114, 115] use the lower surfaces of
the lungs to model the diaphragm as two unified quadratic surfaces and refine the
result using a deformable contour model. However, modelling of the diaphragm relies
only on the lower surfaces of the lungs and does not use other stable references and
organs (such as the ribs). Furthermore, the refinement step for improving the result

is performed on axial slices and does not use any inter-slice information [147].
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2.5 Related Algorithms and Performance Evalua-

tion

This section describes the basic algorithms, employed in segmentation and modelling.
In addition, the concept of the test dataset and performance evaluation metrics are

described thereafter.

2.5.1 Segmentation and Modelling Methods

Different segmentation techniques employed in this thesis are described including
graph cut algorithm, region growing and active contours. In addition, smoothing
spline is described, which may be used for rib and costal cartilage centre-lines

interpolation.

2.5.1.1 Graph Cut Algorithm

The theory of graph cut was proposed in computer vision as early as 1989 [52].
Later, the efficiency and applicability of Markov random fields and graph cut in a
wide range of computer vision problems have been shown [24, 25, 26]. Graph cut
segmentation became popular in the medical imaging domain and has been used
to extract different parts of the human body in various medical images including
magnetic resonance imaging (MRI), HRCT, MDCT etc. Recent attempts have been
made to extract kidneys [77], liver [38], lungs [100, 106], sternum [104], ribs and

vertebral column [105] from medical image datasets using graph cut.

Graph cut is a min-cut/max-flow algorithm that minimizes a certain graph
energy. Boykov and Kolmogorov provide several experimental comparisons [24]
to prove the power of the graph cut algorithm for low-level vision problems and
object segmentation. Later graph cut was developed for object extraction in higher

dimensional images [23].

In graph cut algorithm, image pixels/voxels are modelled as vertices connected by

weighted edges, with each vertex also connected by weighted edges to two terminals,
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source source

Figure 2.15: (a) Example of a directed graph G and (b) a "cut” divides nodes of G
into two parts such that each terminal is in one part [24].

Figure 2.16: Different neighbourhood sizes. From left to right: hatched pixels are 4
(2D), 8 (2D), 6 (3D) and 26 (3D) neighbours around the black pixel.

namely source and sink. As shown in Figure 2.15a, vertices, terminals and edges
make up a directed weighted graph G = (V, E'). After building the graph, a subset
of edges called an s — ¢ cut can be employed to separate the source from sink (see
Figure 2.15b). As shown in Figure 2.16, a graph may be built in 2D and 3D with

different neighbourhood sizes.

In mathematical terms, let P denote a set of pixels/voxels, N a set of all
neighbouring pairs {p, ¢} in P, and components of the vector A = (Ay, ..., Ay, ..., Ap|)
refer to object/background labelling of pixels p in P. Optimal image segmentation
is achieved by optimal pixels/voxels labelling via minimizing the following energy

function [23]:

E(A)=X\) Ry(A)+ > Byg-ba,za, (2.1)

peP {p,a}EN

The first and second part of this energy function may be interpreted as a re-
gional and boundary term respectively. The regional term penalizes mislabeling of

each pixel/voxel based on its dissimilarity with terminals, and B, , penalizes the
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discontinuity between p and ¢. If I, represents the pixel intensity p, the two terms

of Equation (2.1) may be defined as [23]:

Rp(Ay) = —InPr(I, | 4,) (2.2)
and
_ i (Ip - [q)2 1
B, = exp( 572 ) Tt 0.0 (2.3)

If A, # Ay, then the coefficient 04,4, is equal to 1, otherwise to 0, and A reflects
the relative emphasis on regional versus boundary terms. More details of the energy

function and graph cut algorithm may be found [24].

2.5.1.2 Region Growing

In image processing, a region is described as points with at least one common
property. Region growing is a simple region-based image segmentation method that
starts from a seed point(s) and determines whether the neighbouring pixels belong
to the region. If I denotes an image and P is a logical predictor, then region growing

is defined as follows [152]:

Un=r1 (2.4)

L, i=1,2,.., N (2.5)
P(I;) =TRUFE (2.6)

fori=1,2,.., N
P(1; Ul;) = FALSE (2.7)

for i # 7, where I; and I; are adjacent.

There are three approaches for region growing [152] including regional neighbour
search, multi-regional heuristics and functional approximation and merging. More

details may be found [57, 92, 152].
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2.5.1.3 Active Contours Model

Originally called snakes [69], active contours is an energy-minimising spline that
delineates objects in a given image [I,. Starting from a predefined contour, the spline
curve is guided towards image features such as edges. In the classical active contours
model, an edge-detector stops the evolving curve based on the gradient of Iy. If
V(s) = (X(s),Y(s)) represents the position of a snake, then the energy function
may be defined as [69]:

B = /0 (Wit Bint(V(5)) + Wiy Eimg (V/(5)) + WeonFoon(V(s)))ds  (2.8)

where each energy component is controlled by the corresponding weighting factor w.
E;,.; represents the snake internal energy and controls the smoothness of the spline
[69]. The other two energies are related to the external energy i.e. E;,, is the image
force which pushes the spline to the image salient features and E.,, represents the

external forces determined by the user interface.

The internal energy is defined as a combination of a first and second order spline,
forcing the active contour to act like a membrane and spline respectively and their

effect is controlled by weights «(s) and 3(s) as follows:
Eine = (a(s) [Va(s)|” + B(s) [Vas () ) /2 (2.9)

Features of the image, including lines and edges, affect the snake behaviour via Ej,,,

and in mathematical terms is defined as:
Eimg = wlineEline + wedgeEedge (210)

Ejine is simply defined so that it is attracted to the lines based on their intensity
i.e. Ejne = I(x,y). By defining Eqpe = — |VI(, y)|2, the snake is attracted to large
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gradients in the image. A termination function term may be added to Ej,,, as:
Eierm = ae/anj_ = (320/02HL)/((9C/87L) (211)

= (CyyC? = 20,4, C,Cy + CpyC2) /(C2 + C2)32

where C(z,y) = G, (x,y) * I(x,y) is a smoothed version of the image with gra-
dient angle § = tan™*(C,/C,) and n = (cosf, sinf) and n; = (—sinb, cosh), the unit
vectors. Fiem, controls Ej,, by the weighting factor wye,,. More details about the

classic active contours may be found [28, 29, 69].

2.5.1.4 Smoothing Spline

If a sequence of observations (z;,Y;); 1 < 9 < -+ < z,, is modeled by the relation

Y; = u(x;), the smoothing spline /i is an estimation of function p that minimizes:

S+ [ @i (212)

i=1 z1

where the smoothness is controlled by A [59].

2.5.2 Performance Evaluation

The protocol for performance evaluation employed in this thesis includes the following

steps:

(i) run each proposed algorithm on a test dataset

(ii) compare the results against the corresponding ground truth to evaluate the

performance, using different criteria.

The gold standard for comparing the result was marked and confirmed by an

experienced radiologist. All processing and evaluations were performed on a standard

computer with 2.53 GHz CPU speed and 4 GB RAM. The following subsections
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Table 2.1: Technical data of MDCT studies, used for testing and evaluating proposed
algorithms.

Image

Slice thickness 1 mm

Slice increment 1lmm

In plane resolution 0.625 mm x 0.625 mm
Protocol name Chest non-contrast
Image size 512 x 512

Image Type Original /Primary/Axial
Scanner

Manufacture Toshiba

Model Name Aquilion PRIME

provide technical description of the datasets employed and the metrics, used for

performance evaluation.

2.5.2.1 Test Datasets

All algorithms were tested on complete lung MDCT datasets. After ethics approval
and over a five year period, anonymized MDCT images were provided by the Radiology
Department of Prince of Wales Hospital, Sydney, Australia. Since the datasets were
anonymized and the radiologist did not provide information on whether the datasets
belong to the same patient/study, the datasets could not be tracked back. Technical
data about the MDCT studies is summarized in Table 2.1.

2.5.2.2 Performance Evaluation Metrics

All evaluation metrics were chosen carefully based on state-of-the-art metrics of
similar algorithms in the literature. More specifically, a superset of chosen criteria
was used to test the proposed techniques. Variance was not chosen as an appropriate
metric because (i) it has not been used to evaluate similar algorithms in published
articles and (ii) evaluations were performed on a limited number of datasets, wherein

the full range of variations may not have been covered.

Different criteria, used to measure the accuracy of the proposed algorithms,
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include: Dice Similarity Coefficient (DSC'), Sensitivity, Specificity, False Negative
Ratio (FNR), False Positive Ratio (FPR), Accuracy, Precision, mean distance
(dmean), Toot mean square distance (d,.,s), Euclidean distance, Hausdorff distance
and Mean Distance to the Closest Point (M DCP). All metrics are divided into

three groups: similarity, classification and distance metrics.

2.5.2.2.1 Similarity Metrics

One common metric for comparing the similarity of two samples is DSC' [41, 130].
This metric is a simple and useful statistical validation metric and has been used
frequently in detection problems in medical image processing [8, 15, 16, 94, 151].
DSC between the result of an automatic algorithm (A) and the corresponding ground

truth (G) ranges between 0 to 1 and is calculated as follows:

DSC = (2% |GNA|)/ (G| +|A]) (2.13)

2.5.2.2.2 Classification Metrics

Appropriate error metrics for detecting problems are Sensitivity and Specificity
[129] and they are known in statistics as classification functions. Sensitivity measures
how frequently the metric reports that an abnormality exists where it actually exists.
In detection problems in image processing, Sensitivity is about a pixel and whether it
is a member of ground truth or not. Specificity refers to how frequently the method
correctly reports normal when no abnormality exists. Sensitivity and Specificity are

computed as follows:

Sensitivity = TP/(TP + FN) x 100 (2.14)

Specificity = TN/(TN + FP) x 100 (2.15)

where based on the algorithm decision, TP (true positive) means it is correctly

decided that an abnormality exists, FP (false positive) means it is wrongly decided
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that an abnormality exists, TN (true negative) means it is correctly decided that an
abnormality does not exist and FN (false negative) means it is wrongly decided that
an abnormality does not exist. Two other metrics i.e. FNR and FPR are calculated
as follows:

FNR =1 — Sensitivity (2.16)

FPR =1 — Specificity (2.17)

Accuracy and Precision are defined in terms of systematic and random errors.
Accuracy is used as a statistical measure of how well a binary segmentation correctly
detects or excludes pixels of an image. Precision or positive predictive value is
defined as the proportion of the true positives against all the positive results (both

true positives and false positives). Accuracy and Precision are computed as follows:
Accuracy = (TP+TN)/(TP+ FP+ FN +TN) x 100 (2.18)

Precision =TP/(TP + FP) x 100 (2.19)
2.5.2.2.3 Distance Metrics

To compute the distance between A and G, if pG and pA are the number of pixels

defining the G contour and A contour respectively, then:

pA
imean = Zd ¢,G)+ Y _d(g, A)/(pG + pA) (2.20)

doms = | O d(a, G)? + ) d(q, A)?)/(pG + pA) (2:21)
where:

dlg, G) = min,{y/(wf = 2€)? + (y — )2} (2.22)

dlq, A) = min{\/ (x4 — 2G)2 + (v — y5)?} (2.23)

Apmean and d,,,,s measure the mean and average squared distance between A and
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G respectively.

Another popular metric for comparing segmentation results with the ground
truth is the Hausdorff distance. This metric measures the maximum distance of a set
to the nearest point in the other set [65, 66] i.e. how far two subsets of a metric space
are from each other. In mathematical terms, if p = p1, po, ..., par and ¢ = 1, ¢, ..., qn
are points in sets P and () respectively, directed Hausdorff distance from P to @ is

a max-min function defined as:

h(P, Q) = max[min(dist(p,q))], p€ P, g€ Q (2.24)

and a more general definition for Hausdorff distance is:

H(P,Q) =max{h(P,Q),h(Q,P)} (2.25)

which measures dissimilarity and mismatch between two sets.

As a more general measure of distance compared to the Hausdorff distance,
MDCP measures the closeness of two sets. Using the above notation, MDCP is

determined as:

M
MDCP(P,Q) = (1/M) x > DCP(p;, Q) (2.26)
i=1
where
DCP(p;, Q) =min|p; —q;ll, 7=1,2,.... N (2.27)
and ||.|| represents distance norm.

2.6 Summary

Two commonest types of ARPD i.e. PPs and DPT, their epidemiology, pathological
features, imaging techniques and current approaches in medical science for their
diagnosis were discussed in this chapter. Anatomical terms and background knowledge
were defined. State of the art techniques, that are required for automatic PPs

and DPT detection in MDCT datasets have been reviewed as well as gaps in the



2.6. Summary 37

literature and the challenges involved. In addition, key evaluation criteria and
technical descriptions of the basic algorithms used for PPs and DPT detection have

been covered in this chapter.

The next chapter provides details of proposed segmentation techniques to extract
the lungs, ribs, vertebral column and sternum from MDCT datasets. Also the
experiments to evaluate the performance and accuracy of the techniques are presented

and their results are discussed.



Chapter 3

Automatic Segmentation and

Extraction in 3D!

Image segmentation refers to the partitioning of a digital image into sets of pixels
by assigning the same label to pixels that share certain characteristics. In other
words, a segmented image consists of labeled pixels (super-pixels) that are useful
for further analysis and have more meaningful representation. The main goal of
image segmentation is to identify objects or other relevant information in digital
images. Image segmentation has various applications in medical image analysis
including diagnosis of diseases, tumours and other pathologies localization and study

of anatomical structure [111].

Segmentation of some organs including the lungs, ribs, vertebral column and
sternum are necessary steps for PPs and DPT extraction in 3D. The result of the
organs segmentation contributes important information to subsequent steps, including
ribs and costal cartilage reconstruction, diaphragm modelling and pleural costal
surface estimation in 3D. This chapter presents novel methods for 3D segmentation
of the lungs, ribs, vertebral column and sternum as well as costal notches localization

in 3D.

The motivation and goals to be achieved are explained in section 3.1. Frameworks

of the proposed algorithms and technical details of the steps are provided in section

'Portions of the work have been published [104, 105, 106]

38
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3.2. All techniques are tested and evaluated by several experiments and the details
are presented in section 3.3. The results of evaluations are discussed therafter in

section 3.4.

3.1 Motivation and Goals

The efficiency of graph cut algorithm in image segmentation has been established
[26, 23], specially in the medicall imaging domain [24]. However, as far as is known,
it has not been used for segmenting the human vertebral column and ribs in CT
images. A novel graph cut based algorithm is proposed for extracting the ribs and
vertebral column in lung MDCT images. The fully automatic approach starts with an
initialization step, and is followed by an isolation technique to refine the segmentation
results as well as remove mis-segmented bones. The proposed technique was tested

to evaluate the performance and accuracy.

A fully automatic algorithm for 3D lung extraction from lung MDCT datasets
is presented. According to the graph cut theory (see section 2.5.1.1), different
neighbourhood sizes may be chosen to build the graph. Increasing graph size increases
the segmentation time dramatically, while not necessarily improving the segmentation
performance. Considering the fact that beside accuracy, fast segmentation is always
desired, lung segmentation with different graph sizes was tested on a large dataset
(50 complete MDCT datasets). The algorithm was employed to investigate the effect

of change in neighbourhood size on the performance and speed.

A fully automatic algorithm that specifically focuses on sternum segmentation is
presented. The proposed algorithm accurately isolates the human sternum in MDCT
dataset and localizes the costal notches in 3D. More precisely, the main contributions

of the algorithm are:

(i) the perimeter of the sternum front-view, as illustrated in Gray’s anatomy [51]
(see Figure 3.1), is used to refine the sternum segmentation result by removing

the attached calcified costal cartilages

(i) all costal notches are localized in 3D in Cartesian coordinate system by using
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Figure 3.1: Sternum mask is assumed as perimeter of the the sternum front-view,
illustrated in Gray’s anatomy [51].

pre-knowledge of costal notch locations on the 2D sternum mask.

3.2 Segmentation Framework

To perform segmentation and extract organs from an MDCT image, several steps
should be taken. An initialisation step provides an intensity image with no extraneous
pixels around the patient’s body. The next step provides preliminary results including
chest hard structure (bone) and soft tissue (respiratory organs) in 3D. Lungs, ribs,
vertebral column and sternum are segmented and isolated from preliminary results
by fully automatic algorithms. Also, all costal notches are localized in 3D from the
segmented sternum. Details of the different steps are explained in sections 3.2.1 to

3.2.3.

3.2.1 Initialisation

In each dataset, after converting MDCT slides to conventional intensity images,
extraneous pixels around the patient’s body are removed as they do not carry useful
data for lungs and bone segmentation. These include air, patient’s clothes and
other artefacts, which are removed from each slice using thresholding, followed by
morphological operations. Pseudo code for removing artefacts from the original
dataset is provided in Appendix A. An example of a patient’s original and trimmed

slices are presented in Figure 3.2.
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Figure 3.2: (a) Patient number 8, slide number 122 and (b) patient’s body without
extraneous pixels.

3.2.2 Preliminary Segmentation in 3D

The main algorithm for 3D extraction of the chest soft tissue and hard structure is the
graph cut algorithm, explained earlier in section 2.5.1.1. Segmenting of respiratory
organs and chest bone from the original datasets are considered as preliminary results

and are explained in sections 3.2.2.1 and 3.2.2.2.

3.2.2.1 Respiratory Organ Segmentation

To segment the respiratory organ i.e. the darkest pixels in a patient’s body dataset,
the graph cut algorithm is used. The Gaussian function is chosen as the regional term
of the graph cut energy function (Equation (2.1)) for both object and background,
and the expectation maximization (EM) algorithm is employed to estimate their
parameter values. From each dataset, three consecutive slices in the middle of the
dataset are selected and for each slice, the EM algorithm is used to estimate its pixel

grey level distribution as a mixture of five Gaussian distributions.

To extract the soft tissue, it is assumed that the Gaussian distributions, from
dark to bright, are related to (i) extraneous pixels (ii) respiratory organ tissue (iii)
chest muscle and fat (darker part) (iv) chest muscle and fat (brighter part) and (v)
bone structure. To minimize error, the Gaussian parameters are computed as the
means of the three chosen slices. All these parameter values are passed to the graph

cut algorithm to extract the respiratory organ in 3D.
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3.2.2.2 Chest Bone Segmentation

To segment the chest bone from MDCT datasets, the respiratory organs are removed,
using the technique in section 3.2.2.1. The reason for removing the lungs is that they

do not carry helpful data for bony structure segmentation.

Similar to respiratory organ segmentation, to segment the chest bone using graph
cut algorithm, the Gaussian function is chosen as the regional term of the graph cut
energy function (Equation (2.1)), for both object and background and EM algorithm
to estimate their parameter values. For each dataset, five consecutive slices are
chosen in the middle of the dataset and for each slice, EM algorithm is used to
estimate its pixel grey level distribution as a mixture of three Gaussian distributions.
The first Gaussian distribution is assumed to be related to dark areas i.e. extracted
respiratory organs, air etc. The second and the third Gaussian distributions are
assigned to the background (patient’s other soft tissue i.e. muscles and fat) and the
object (bone structure) respectively. To minimize error, Gaussian parameters are
chosen as the means of the five chosen slices. All these parameter values are passed

to the graph cut algorithm for segmenting the bone structure in 3D.

3.2.3 Organs Extraction in 3D

Several steps are taken to refine the preliminary outcome to extract the lungs, ribs,
vertebral column and the sternum in 3D. The algorithms for lung segmentation and
ribs and vertebral column isolation in 3D are explained in sections 3.2.3.1 and 3.2.3.2
respectively. After extracting the sternum from the already segmented chest bone,
the result may still include attached calcified costal cartilages. Novel algorithms for
segmenting the sternum, by removing existing attached calcified costal cartilage as

well as localizing the costal notches in 3D, are provided in section 3.2.3.3.

3.2.3.1 Lung Segmentation

As mentioned in section 3.2.2.1, the graph cut algorithm is used for extracting the

respiratory organs from the trimmed intensity images (original intensity images
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Figure 3.3: (a) Result of applying graph cut algorithm on Figure 3.2b (b) identified
respiratory organs (c) illustration of lungs extraction as an intensity image and (d)
segmented lungs, trachea and bronchi of patient number 8 in 3D.

without extraneous pixels around the body). The graph cut algorithm returns a
binary image i.e. pixels belonging to source or background. The result of segmenting
the lungs in Figure 3.2b with graph cut is shown in Figure 3.3a. It is clear that dark
areas around the body and within lungs are both assigned to the source while other
soft tissues with higher intensity values are segmented as background. To identify
the lungs in the 3D binary image, first white pixels around the body are removed.
Next the biggest component in the 3D binary image is chosen as the lungs, trachea
and bronchi. In the final stage and as shown in Figure 3.3b, dark spots in the lungs
(Figure 3.3a) are filled to draw the lungs contour. Pseudo code to identify the lungs
in the graph cut algorithm result (binary image) is provided in Appendix B. An

example of segmented lungs, trachea and bronchi in 3D is shown in Figure 3.3d.

3.2.3.2 Ribs and Vertebral Column Segmentation

As mentioned in section 3.2.2.2, the graph cut algorithm is used for segmenting the
chest bone from MDCT images and the result are binary slices. To identify the ribs
and vertebral column in the extracted chest bone, a 3D binary image is created for
each dataset and the biggest component is labeled as the spinal column and ribs.
Next, each slice is improved by applying morphological operations including the

closing operation and filling holes.

Occasionally some other bony structures such as the sternum, clavicle and scapula
get included in the final result. This could be due to cartilage calcification associated
with ageing, or inadequate resolution in CT images. Examples of segmentation

without and with mis-segmented parts are shown in Figures 3.4b and 3.4f respectively.
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Figure 3.4: (a) and (e) examples of slices without extraneous pixels around the
body (images belong to different patients), (b) and (f) result of bone segmentation
by employing graph cut algorithm with 2D (8 neighbours) and 3D (26 neighbours)
graph, (c) and (g) bone cross-sections at mid-coronal plane, (d) and (h) 3D view of
segmented vertebral column and ribs.

The mis-segmented parts can dramatically decrease the accuracy of localization and
landmarking based on vertebral column and ribs, and should be removed. To do
this, the vertebral column and the ribs are isolated in 3D with two novel algorithms,

explained in the following two sub-sections.

3.2.3.2.1 Sternum Removal

To remove the sternum, all N cross-sections of bones in mid-coronal plane are
found and A, the mean area of N objects, is calculated. The N objects are the cross-
sections of ribs and occasionally the vertebral column, clavicle(s) and/or scapula(s)
(see Figures 3.4c and 3.4g for examples). The N objects are traced separately in the
coronal direction toward the sternum with a region growing technique. Each tracing

procedure is stopped when the area of the traced object is larger than twice A.
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3.2.3.2.2 Scapula Removal

Sometimes the scapula is included in the final segmentation results, due to at-
tachment to the clavicle, which in turn is attached to the sternum. In such a
situation, if the sternum is removed, the scapula will also be removed automatically.
However, sometimes in the segmentation results, the scapula(s) is still attached to
the rib(s) due to inadequate CT resolution or high pairwise potential cost in graph

cut energy function (Equation (2.1)).

The technique to localize the scapula(s) attachment point(s) in 3D is the same
as for sternum removal with two considerations: (i) the tracing algorithm starts
with existing objects at 1/5 of the top first axial plane at left and right and (ii)
the direction of the tracing is downward in the axial direction. Pseudo code for
removing the scapula and the clavicle from segmented chest bone in 3D is provided

in Appendix C.

After localizing all attachment points and cutting the 3D binary image at such
points, the biggest 3D component is the isolated vertebral column and ribs. (see

Figures 3.4d and 3.4h for two examples in 3D).

3.2.3.3 Sternum Segmentation

Human sternum has a bony structure and is included in the 3D segmented chest bone
(as explained in section 3.2.2.2). The segmented chest bone may include existing
calcified xiphoid process as well as calcified costal cartilage, attached to the sternum.
The algorithm and the detailed steps for sternum isolation are summarized in Figure

3.5, with an example for each step.

The algorithm for sternum isolation is almost similar to the technique presented
in section 3.2.3.2.1 for sternum removal with minor differences, and is summarized

as follows:

(i) ignore the half-back of the segmented bone in 3D (see Figure 3.5b)

(ii) find N number of bone cross-sections in mid-coronal plane (see Figure 3.5¢)
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Figure 3.5: Flowchart of 3D sternum segmentation, tested on patient number 7.
(Images shown in (e) to (i) are magnified front-view of the 3D sternum illustrated in
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(iii) remove while tracing, all the N objects forward (tracing is based on region

growing technique)

(iv) apply size constraint to stop the tracing procedure for each N objects.

The result of the 4-step procedure is the isolated sternum in 3D which may include
calcified costal cartilage (see Figure 3.5d). A novel method based on active contours
model is employed to remove the undesired parts from the sternum segmentation
result. The proposed algorithm to remove any attached calcified costal cartilage

from the sternum is summarized as follows:

(i) Add binarized coronal planes together to get 2D front-view of the isolated

sternum (Figure 3.5¢).
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Figure 3.6: Different views of the patient number 7 segmented sternum.

(i)

(vi)

Calculate 6, the orientation of the sternum front-view. Since the elongated
calcified costal cartilages attached to the sternum may change the sternum
orientation significantly, they are removed by applying morphological operations

e.g. image erosion (Figure 3.5f).

Adjust the orientation of the sternum mask (as shown in Figure 3.5g) to 6.

Also, move its centre to the centre of the sternum front-view

Adjust the sternum mask size to be enclosed by the border of the sternum

front-view (Figure 3.5g).

Set the sternum mask as a predefined starting curve for 2D active contours.
Run the active contours algorithm twice. First, run it with low weight of
smoothness to define the manubrium (the sternum upper part) border. The
weight of the smoothing term is chosen so that the starting curve moves toward
the manubrium details well enough. In that case, the moving curve enters the
calcified costal cartilages at the costal notch positions (Figure 3.5h, solid curve).
Second, run the active contours with higher weight of smoothing term to define
the border of the sternum body more accurately (Figure 3.5h, dashed curve).
The final result of segmentation refinement is the concatenation of one-third
top of the first active contour result and bottom two-third of the second active

contour result (Figure 3.51).

Apply the result of the last step to all coronal planes of the isolated sternum

and remove pixels outside it in sagittal and axial directions.

Different views of the final sternum segmentation, tested and illustrated in the

flowchart, are shown in Figure 3.6. More examples, showing removal of attached

calcified costal cartilage from the isolated sternums, are in Figure 3.7.
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Figure 3.7: Examples of isolated sternum from four studies (top images of each pair)
and sternum with removed attached calcified costal cartilage (bottom images of each

pair).
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Figure 3.8: Manually marked costal notches on the sternum mask is used to localize

them in z direction in real studies, which ,in turn, determine their locations in x and
y directions.
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3.2.3.3.1 Costal Notches Localization in 3D

The sternum mask (as shown in Figure 3.1) and seven manually marked costal
notches in the z direction (see Figure 3.8) are used to determine the position of

fourteen costal notches in 3D.

Assuming the z, y and z directions in Figure 3.8, the ratio of mask height to
marked costal notches is used to determine the location of costal notches in the z
direction on final sternum segmentation front-view. The costal notches are determined
in y direction as the leftmost and rightmost pixels of the sternum front-view. Also,
the costal notches are localized in x direction as the middle pixel of side-view, found

at determined z directions.
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3.3 Performance Evaluation

To measure the performance and accuracy of the algorithms, they were tested
separately. Each algorithm was run on a set of MDCT datasets and the results were
evaluated using different criteria. The following subsections provide details about

the datasets used, experiments and evaluations.

3.3.1 Material

The proposed algorithms for lung, ribs, vertebral column and sternum segmentation
in 3D were tested on a large number of MDCT datasets. All datasets share the same
technical description, provided in section 2.5.2.1 and Table 2.1. Datasets used for
evaluating the different segmentation algorithms were not identical, however they
mostly overlapped. The reasons for using slightly different datasets for different

algorithms are:

(i) MDCT images were provided and obtained at different times

(ii) all datasets did not necessarily contain the organ being segmented. For instance,
some datasets used for evaluating the lung segmentation algorithm were not
used to test the rib and vertebral column segmentation, as the complete rib

cage was not covered in the MDCT images.

Demographic data of MDCT datasets, used for lung, ribs, vertebral column and

sternum segmentation are summarised in Table 3.1.

3.3.2 Experiments and Results

Each presented technique for lung, ribs, vertebral column and sternum segmenta-
tion as well as costal notches localization was tested to measure its accuracy and
performance. The results of each experiment were compared with corresponding
ground truth using different criteria. Selected images for evaluation were marked and

corrected by an experienced radiologist ! to obtain reference mask. The following

!Medical Imaging Department, Prince of Wales Hospital, Sydney, NSW, Australia.



3.3. Performance Evaluation 50

Table 3.1: Demographic data of MDCT studies, used for testing and evaluating lung,
ribs, vertebral column and sternum segmentation techniques.

Lung Segmentation

MDCT Dataset
Number of studies
Number of slices (per dataset)

Patient

Number of slices (per dataset)
Patient

Number of slices (per dataset)
Patient

50

411 (on average)

Sex
Male 2%
Female 8%
Unidentified 90%

Age
Mean 54.7
Range 14 - 87

Ribs and Vertebral Column Segmentation
MDCT Dataset
Number of studies 18

346 (on average)

Sex
Male 30%
Female 40%
Unidentified 30%

Age
Mean 71.5
Range 41 - 82

Sternum Segmentation
MDCT Dataset
Number of studies 16

380 (on average)

Sex
Male 19%
Female 37%
Unidentified 44%
Age
Mean 65.5
Range 58 - 81
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Table 3.2: Evaluation of the lungs extraction in 50 MDCT datasets using different
graph sizes.

Performance Metric —

S
x & & B B ¥ ¥
Graph Dimension, O = S a a2 s o
v : 9 s T = A, : £
Neighbourhood Size | Q S 3 <3 & = =
SR
2D, 4n 95.00 88.39 99.99 11.61 0.01 0.32 0.56
2D, 8n 95.00 88.39 99.99 11.61 0.01 0.32 0.56
3D, 6 n 95.00 88.41 99.99 11.59 0.01 0.32 0.56
3D, 26 n 95.00 88.46 99.99 11.54 0.01 0.32 0.55

sub-sections provide details of the evaluations.

3.3.2.1 Experiments on Lung Segmentation Algorithm

The lung segmentation algorithm was run on 2D and 3D neighbourhood graphs, with
4 and 8 neighbours for 2D graphs, and 6 and 26 neighbours for 3D graphs. With A
equal to 1 in the graph cut energy function (Equation (2.1)), the question "How do
graph dimension and neighbourhood size affect the segmentation performance and

running time?” was investigated.

For evaluating the lung segmentation algorithm, results were compared against
the ground truth. Since manual marking and segmentation of nearly 20,500 slices
is practically impossible, 5 slices in each dataset were chosen for evaluation. These
slices were chosen at the 1/6, 2/6, ... and 5/6 points of the total slices in each dataset
individually. In the chosen slices (250 in total), lung tissue was initialized using
thresholding, and the results were marked and corrected manually. Extracted parts
were approved by the radiologist as reference lung masks. Trachea and bronchi were

included in the landmarks.

The segmentation algorithm with different graph sizes was evaluated with seven
metrics and the result are summarized in Table 3.2. The running times for segmenting
a 411-slice dataset, using 4 (2D), 8 (2D), 6 (3D) and 26 (3D) neighbours are illustrated
in Figure 3.9.
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Figure 3.9: Running time for segmenting lungs from a 411-slice MDCT dataset with
different graph sizes.

As presented in Table 3.2, performance is almost the same for the different graph
sizes, and any one graph size hardly provides any improvement over other graph
sizes. On the other hand, segmentation time increases dramatically when the size of
neighbourhood is increased (see Figure 3.9). Clearly, for lung segmentation based on
graph cut algorithm, the smallest graph size is as good as other larger graph sizes.
More specifically, the 4 neighbourhood is to be preferred to 8, 6 and 26 neighbourhood
for lung extraction from MDCT dataset.

3.3.2.2 Experiments on Ribs and Vertebral Column Segmentation Algo-

rithm

To evaluate the accuracy and performance of the ribs and vertebral column segmenta-
tion technique, the proposed algorithm was tested by employing different graphs with
different sizes. The algorithm was run on 2D graphs with 4 and 8 neighbours and 3D
graphs with 6 and 26 neighbours. A in graph cut energy function (Equation (2.1))
was set to 1 to investigate the effect of graph dimension and size on the segmentation
performance. Next, the graph providing the best result on performance and time

complexity was chosen to investigate the performance with different A values.

For evaluating the ribs and vertebral column segmentation algorithm, results
were compared against the ground truth. Since manual marking and segmentation
of nearly 6,300 slices is practically impossible, 5 slices in each dataset were chosen
for evaluation. These slices were chosen from the top 1/6, 2/6, ... and 5/6 of the

total number of slices in each dataset individually. In the chosen slices (90 in total),
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Table 3.3: Evaluation of the ribs and vertebral column extraction in 18 MDCT
datasets using thresholding and graph cut algorithm with different graph sizes.

Performance Metric — g g

Algorithm | % § ::: g gf § §

(and Graph Size) | _Q 2 S K, € ~ =
S

GC, 2D, 4 n 92.46 87.78 99.91 12.22 0.09 1.83 5.69

GC, 2D, 8 n 92.41 87.70 99.91 1230 0.09 1.83 5.68

GC, 3D, 6 n 92.24 85.03 99.78 1497 0.22 3.45 9.79

GC, 3D, 26 n 91.82 86.74 99.91 1326 0.09 1.83 5.90

Thresholding 83.16 80.71 99.71 19.29 0.29 597 17.0

the bony structure of each slice was initialized using graph cut at a default setting,

and the results were marked and corrected by the radiologist to obtain reference

vertebral column and rib masks.

Performance of the proposed algorithm and comparison of the result to the

reference masks were evaluated using different criteria. A summary of the evaluations

is listed in Table 3.3.

The results of the proposed segmentation algorithm were analyzed as follows:

(1)

Based on evaluations, graph cut segmentation with the lowest number of neigh-
bours (2D graph with 4 neighbours) has highest/near highest performance
compared to other graphs with higher dimension and higher number of neigh-
bours. Also evaluation shows that the proposed algorithm outperforms the
threshold method, the most commonly used method for vertebral column and

ribs segmentation.

The result of the proposed algorithm was studied numerically to evaluate
the effect of changing A in graph cut energy function (equation( 2.1)) on
the performance of ribs and vertebral column segmentation. The study was
performed on the 2D (4 neighbours) graph. The behaviour of Dice similarity
coefficient (DSC) for a wide range of A value is shown in Figure 3.10. Middling

size is recommended for parameter value A to segment the ribs and vertebral
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Figure 3.10: Dice similarity coefficient between the ribs and vertebral column
segmentation algorithm and corresponding ground truth for a wide range of A\ in
Equation (2.1).
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Figure 3.11: Run time for segmenting a 346 slice dataset with different graph sizes.

column.

(iii) Run time for segmentation with graph cut algorithm (in 2D and 3D with
different neighbourhoods) is illustrated in Figure 3.11. From the time graph, it
may be concluded that time complexity increases dramatically with number of

neighbours and graph dimension.

(iv) Finally, the results of ribs segmentation with 2D (4 neighbours) graph cut and
A in graph cut energy function (Equation (2.1)) equal to 1, were analyzed in
3D. It was found that ribs 2, 5, 6, 7 and 8 at left and ribs 2, 3, 4, 5, 6, 8, 9 and
10 at right were detected in all datasets. Ribs 1, 3, 4, 9, 10 and 11 at left and
ribs 1, 7 and 11 at right, were each missed once and rib 12 at left and right

was missed twice, in all 18 datasets.
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Table 3.4: Evaluation of the sternum segmentation in 16 MDCT datasets.

S S
X 2 2 B ¥ ¥ ¥
O 2 8 S s
2 e T o= XN : E
Q 2 S N R <
Q <
9p) 9p)
91.76 92.49 9951 7.51 049 1.07 1.72

3.3.2.3 Experiments on Sternum Segmentation Algorithm

To refine the sternum segmentation, active contours algorithm needs to be run twice
with different parameters. To perform the experiments, the weight of the smoothing
term and the number of iterations for the first running of actice contours were set to

15 and 2000 respectively, and for the second running they were set to 30 and 1000.

The front-view of the sternum segmentation results were compared to the cor-
responding reference masks. The sternum reference masks were delineated by the
radiologist on OsiriX [5] output images. The xiphoid process was excluded from
the reference mask, as the level of calcification of the xiphoid process is variable in

different individuals.

The performance of the proposed algorithm for sternum segmentation and com-
parisons of the results to the reference masks were evaluated using different criteria.

A summary of the evaluations is shown in Table 3.4.

To evaluate the accuracy of costal notches localization, the positions of fourteen
costal notches on all datasets were manually marked in 3D and confirmed and
corrected by the trained radiologist. The 3D Euclidean distance between the marked
and automatically localized costal notches was measured individually. The average of
the Euclidean distance error for fourteen costal notches, calculated from 16 datasets,

is shown in Figure 3.12.

The comparison between the sternum segmentation from different studies and
corresponding ground truth shows that the proposed algorithm works with high
performance. DSC was 91.76% and d,ueqn and d,,.s are as small as 1.07 mm and

1.72 mm respectively.
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Figure 3.12: 3D Euclidean distance error of costal notches localization in 16 MDCT
datasets.

Costal notches were localized in x, y and z directions accurately. The Euclidean
distance error was only 4.2 mm on average over all notches of all datasets. Based
on the Euclidean distance error bar chart in Figure 3.12, the first costal notches at
left and right sides were estimated closest to their actual location. Also, as shown
in Figure 3.12, it may be concluded that notches localization error increases as the

notch number increases with almost the same pattern on both left and right sides.

3.4 Discussion

Graph cut based algorithm for 3D segmentation of the human lungs in MDCT images
was tested, by varying the graph size and its effect on segmentation performance and
speed. Evaluations show that increasing the graph size does not necessarily improve
segmentation performance, but does affect the running time negatively. Based on
evaluation, the 2D graph with 4 neighbours shows high performance with low running

time, and is recommended for accurate and fast lung segmentation.

For 3D segmentation of the ribs and vertebral column in MDCT images, a novel
and efficient algorithm based on graph cut followed by a two-step isolation refinement
was presented and tested. Similar to the lung segmentation result, the evaluations
show high performance and speed when 2D (4 neighbours) is used for ribs and
vertebral column segmentation. In other words, the results of these experiments may
help researchers interested in using graph cut for medical image segmentation. For

those using graph cut as a part of the segmentation procedure, testing of different
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graph sizes on a few datasets is recommended before running the algorithm on a

larger dataset, to check the segmentation speed and performance.

The proposed algorithm for the ribs and vertebral column segmentation has
potential to be used for other views of CT images, namely coronal and sagittal views.
Furthermore, it can be developed for CT images that are saved with protocols other
than non-contrast. The results of the proposed algorithm can assist clinicians to
visualize quickly and accurately the segmented vertebral column and ribs in 3D.
Also, it may be used as part of CAD systems to help identify abnormal lung tissue
patterns by eliminating bony structure. Different \ values for different anatomical

parts may be beneficial in improving the segmentation accuracy.

The proposed algorithm for 3D segmentation of the human sternum in lung MDCT
images is novel and fully automatic. After the segmentation step, the isolation result
was refined by employing active contours to remove existing calcified costal cartilage
that is attached to the sternum. For each dataset, costal notches were localized in

3D by using a sternum mask and positions of the costal notches on it as reference.

The result of 3D sternum segmentation can be useful in sternum implant surgeries
as well as studies involving sternum geometry analysis [39]. It can assist cosmetic
surgeons performing sternum deformities correction to visualize the sternum in 3D

and also in procedures predicting surgery outcome before the operation.

In most CT images, costal cartilages are low in contrast and the proposed costal
notches positioning, will assist in prediction of costal cartilage centre points from

CCJ to the sternum [98].

3.5 Summary

Proposed techniques for lung, ribs, vertebral column and sternum segmentation
as well as costal notches localization were presented in this chapter. Details and
different steps of each algorithm were covered. All techniques were tested for
measuring the accuracy and the results were compared against corresponding ground

truth. Evaluations proved that the algorithms accurately segment the organs in
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3D. Furthermore, distance error of costal notches localization in 3D was measured.
Average Euclidean distance between the marked and automatically localized costal

notches was very small.

Graph cut based segmentation algorithms were tested to investigate how graph
dimension and neighbourhood size affect the performance and running time. The
experiments show state that increasing the graph size does not necessarily improve

segmentation performance, but does affect the running time negatively.

Reconstruction and modelling of human organs will be dealt with in the next
chapter. Techniques to automatically reconstruct human ribs and costal cartilages in
3D based on a patient’s unique anatomy will be discussed. Moreover, an automatic

algorithm for full diaphragm modelling in 3D will also be presented.



Chapter 4

Automatic Reconstruction and

Modelling in 3D!

The importance of medical image computing is growing in medical diagnostics and
image-guided therapy and 3D modelling is increasingly important. The objective
for 3D modelling is to statistically model the anatomy of organs across subjects [56].
Medical image modelling has a wide range of applications in practice, for example
to extract quantitative image parameters to support the surgeon during navigated

intervention [56].

Ribs and costal cartilage reconstruction and diaphragm modelling are necessary
steps for PPs and DPT extraction in 3D. Segmented upper trunk organs including
the lung, rib, vertebral column and sternum provide necessary information for
reconstruction. Techniques to extract the organs in 3D were presented in Chapter 3.
Further, the results of the modelling contribute important information to subsequent
steps in turn, including extraction of calcified pleura in the diaphragmatic area,
estimation of the ribs and costal cartilage centre-lines as a surface, and calculation
of its mean distance to the pleural costal surface, in order to extract the thickened

pleura on the pleural costal surface.

The motivation and goals to be achieved of this work are explained in section 4.1.

Frameworks of the proposed algorithms and technical details of the steps are provided

'Portions of the work have been published [107, 108, 109]

29
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in section 4.2. All techniques are tested and evaluated by several experiments and the
details are presented in section 4.3. The results of evaluation are discussed thereafter

in section 4.4.

4.1 Motivation and Goals

Individual anatomy is variable and sometimes far from a standard atlas, and there
is a need for a geometrically adjustable ribs and costal cartilage model. Accurate
patient-customized rib reconstruction allows quantitative analysis of rib shapes. This
would be useful in identifying deviations in anatomy that are associated with certain
disease processes. It also allows detection of more subtle abnormalities, for example
notching of a rib under its surface. Patient-customized rib reconstruction is valuable

in rib implant surgery to reconstruct damaged rib(s) due to cancer or trauma.

The costal cartilage forms an integral part of the thoracic cage which is important
in protecting the thoracic organs (e.g. heart, lungs) and assisting in respiration.
Segmentation and therefore modelling of costal cartilage is more difficult than of the
ribs, because their natural density is close to the adjacent soft tissue (e.g. muscles)
and their degree of calcification varies considerably between individuals. The ability
to accurately reconstruct costal cartilage has a wide range of benefits. In patients with
structural abnormalities of the costal cartilage, such as chest wall deformities, (for e.g.
pectus excavatum, pectus carinatum, microtia) availability of a quantitative model of
the ribs and costal cartilages allows better surgical planning, and predictive modelling
of potential anatomical and mechanical changes to the chest wall before any surgery.
In cases of trauma or destruction (for e.g. from malignancy) of part of the costal
cartilage, a quantitative model would allow mechanical and material properties of any
potential synthetic chest wall to be assessed/investigated. Quantitative modelling
of the costal cartilage and rib also has application in predicting the consequence of

trauma/external forces to the chest wall, and in particular the entire thoracic cage.

A fully automatic algorithm for patient-customized rib and costal cartilage
reconstruction in 3D is presented. In the presented algorithm, current geometric

knowledge of the ribs and costal cartilage is employed for reconstruction of their
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cross-sections along their lengths. The shapes of cross-sections are geometrically
determined based on the patient’s unique anatomy and the rib angle, length, curvature

and mass. The main contributions of the algorithm are:

(i) 3D reconstruction of patient ribs directly from lung MDCT dataset

(ii) reconstruction of rib cross-sections individually at 100 sections along its length,

using available rib geometry and anatomical studies

(iii) obtaining a patient specific and anatomically-faithful 3D reconstructed model,
based on unique properties of each individual rib including angle, length,

curvature and mass.

(iv) estimating the costal cartilage centrelines, based on patient’s unique properties

of sternum and corresponding rib’s curvature and length

(v) 3D reconstruction of costal cartilage cross-sections along the estimated centre-

line, directly from lung MDCT dataset.

Despite the value of full diaphragm modelling, automatic diaphragm segmentation
has remained a challenging task and mainly its top surface has been estimated in
3D. Strictly speaking, automatic segmentation of the full diaphragm directly from a
patient’s CT images is almost impossible due to (i) low thickness of the diaphragm
(ii) irregular shape of the diaphragm and (iii) low contrast between the diaphragm

and adjacent organs (see Figures 2.5a to 2.5¢).

A novel algorithm for 3D modelling of the diaphragm from MDCT images is
presented. Besides the accuracy achieved, the main contribution is the use of 3D
spatial information of the ribs, costal cartilage and the vertebral column (as stable
references), in addition to the lungs’ lower surfaces to delineate the full diaphragm
in 3D. The inner surfaces of the ribs, costal cartilage and the spinal column are
used to model the diaphragm side boundary. Also the lower surfaces of the lungs
determine the diaphragm top boundary and together with the side boundary, act as
an encompassing boundary (EB hereafter) in 3D. By employing a 3D active contours
model, starting from the centre of the boundary and expanding towards EB, the full

diaphragm is delineated accurately in 3D.
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4.2 Reconstruction and Modelling Framework

In order to reconstruct the ribs and vertebral column and also model the diaphragm
in 3D, the patient’s anatomy information needs to be extracted from the MDCT
dataset. The first step to obtain the patient’s anatomy information is to segment
organs in the dataset. The steps to segment the lung, ribs and sternum are explained

in section 4.2.1.

By employing the anatomy information from the segmented ribs and sternum,
the patient’s ribs and costal cartilage are reconstructed accurately in 3D. A fully
automatic algorithm is presented for reconstruction and its complete framework is
provided in section 4.2.2. In addition to segmented organs with hard structure, the
extracted lungs in 3D (already presented in section 3.2.3.1), provides information for

full diaphragm modelling and the details are presented in section 4.2.3.

4.2.1 Preliminary Steps

The first stage for reconstructing and modelling the ribs, costal cartilage and di-
aphragm is the segmentation of organs in MDCT datasets. After converting MDCT
slides to conventional intensity images, the lungs, ribs and vertebral column are
extracted by the algorithms presented in section 3.2. Also, the sternum is isolated

and costal notches are localized in 3D (see section 3.2.3.3 for details).

For accurate rib reconstruction, a key step is to estimate the rib centre-line. For
this, isolating the rib in 3D and localizing its ends points are necessary. As mentioned
earlier in section 2.1.3.1 and shown in Figures 2.7 and 4.2b, a rib articulates with a

vertebra at the tubercle. The patient’s ribs are segmented and tubercles are localized
in 3D by:

(i) localizing the bone cross-sections at mid-coronal plane (N objects)

(ii) calculating M, the mean area of N objects

(iii) tracing each of the N objects backward in the coronal direction in 3D
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Figure 4.1: (a) Segmented bony structure (patient number 6, coronal view) and (b)

ribs in 3D.
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Figure 4.2: (a) The difference between chord and curve length of a rib (b) location
of cross-sectional cut, between tubercle and CCJ [96] and (c) exemplary rib cross-
sections [96].

(iv) stopping the tracing procedure for each object by applying a size constraint i.e.

when area of a traced object is larger than twice M
(v) cutting the ribs and vertebral column at the detected tubercle
(vi) identifying the biggest component as the vertebral column
(vii) removing the vertebral column in order to obtain the ribs.

Examples of segmented ribs, without other hard structures such as the sternum

and vertebral column are shown in Figures 4.1 and 4.3c.
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Figure 4.3: Flowchart of ribs and costal cartilage reconstruction in 3D, based on
patient’s MDCT dataset. Displayed images illustrate step-by-step reconstruction for
patient number 11.
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4.2.2 Patient-customized Ribs and Costal Cartilage Recon-

struction

Ribs and costal cartilage are reconstructed in 3D based on patient’s unique anatomy
and the whole flowchart is shown in Figure 4.3. By using the results of the prelimi-
nary segmentation step (section 4.2.1), reconstruction is achieved in three phases:
estimating the centre-line, customizing the cross-sectional shape and modelling in
3D. Each phase includes several steps that are summarized as follows:

Phase I: The correct locations of ribs’ and costal cartilages’ centre-lines are estimated

in 3D, based on a patient’s dataset by:

(i) localizing each rib’s centre-line
(ii) smoothing all centre-lines’ curvature

(iii) adjusting each rib’s curve length (hereinafter length, see Figure 4.2a for illus-

tration of the difference between chord and curve length of a rib)
(iv) estimating angle of each rib
(v) estimating the length and curvature of the first seven costal cartilages
(vi) localizing all ICJs in 3D

(vii) estimating lengths and curvatures of centre-lines corresponding to costal carti-

lages number 8 to 10.
Phase Il: Customize cross-sectional shape in the cylindrical coordinate system by:

(i) calculating M, mean area of all rib cross-sections at mid coronal plane

(ii) customizing the rib cross-sectional shape in the cylindrical coordinate system

m 100 sections

(iii) estimating the model and size of costal cartilage cross-sectional shape.

Phase III: Ribs and costal cartilage reconstruction in 3D by:
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(i)

(i)

modelling each rib by applying corresponding 100 customized cross-sections to

the estimated centre-line

modelling the costal cartilages by applying the customized cross-sections to the

estimated centre-line.

Details of the three phases and steps are presented in subsections 4.2.2.1 to

4.2.2.3.

4.2.2.1 Phase [: Centre-line Estimation in 3D

Often, rib segmentation from MDCT images returns discrepant rib lengths with

inaccurate cross-sectional borders. This may be the result of low resolution, inaccu-

rate rib segmentation technique or excessive costal cartilage calcification. A novel

algorithm is presented to reconstruct each rib individually based on the patient’s

individual skeleton and the unique angle, length, curvature and mass of each rib.

The algorithm also provides a technique for costal cartilage reconstruction in 3D.

To estimate the ribs and costal cartilage centre-lines on the left and right sides,

the following steps are followed:

(i)

Localize and smooth each rib’s centre-line in 3D:

The centre-line of each rib is localized in 3D in the cylindrical coordinate system
(with longitudinal axis perpendicular to the axial plane and the origin at the
centre of the plane, see Figure 4.4 for illustration of ribs in the cylindrical

coordinate system).

Due to the discrete nature of CT images and the fact that image segmentation
is not completely accurate, the rib centre-lines do not present a smooth curve in
3D (see Figure 4.5b for an example). As suggested [73, 98], irregular curvature
of a rib’s centre-line may be smoothed by using a smoothing spline (see section
2.5.1.4 for details about smoothing spline). In Figure 4.5¢, the toothed centre-

line in Figure 4.5b is smoothed by a smoothing spline.

Adjust each rib’s curve length:

As mentioned earlier, some ribs are segmented shorter or longer than their
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Figure 4.4: Tllustration of ribs (chosen from a test dataset) in the cylindrical coordi-
nate system.

actual lengths. Known anatomical knowledge [62] is used to adjust the rib
lengths. Suppose 2 x n is the total number of ribs in a dataset. If [;; and [,;
denote lengths of the segmented rib number 7 on the left and right respectively,

then for each dataset:

n

LengthRatio = (i lyi + i Li)/ (2 x Z L;) (4.1)

i=1 i=1 =1

where L; is the length of the characterized rib number i. L; and L,;, the
adjusted lengths of rib number 7 on the left and right, are estimated to have

equal length i.e.
Ly =Ly =L, (4.2)

and

L; = LengthRatio x L; (4.3)

If the length of a rib is adjusted to be longer (for example top rib in Figure 4.5a),
the centre-line of the missing part towards the CCJ, is estimated by applying
the smoothing spline parameters from step (i). Examples of smoothed rib
centre-lines with adjusted lengths are shown in Figures 4.3e and 4.5¢c. Moreover,

Figure 4.5d illustrates how irregularly segmented ribs, in terms of length, are
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Figure 4.5: (a) 3D view of three consecutive ribs (patient number 7) (b) rib centre-
lines (c) smoothed centre-lines with adjusted lengths and (d) patient number 7’s
adjusted rib lengths based on rib characterization [62].

adjusted.

(iii) Estimate angle of each individual rib:
There exists information and characterization of ribs mean angle [62] and
curvature [96]. However, as a change in rib angle causes a significant change in
cross-sectional shape (to be shown in step (ii) of section 4.2.2.2), each rib angle

is estimated individually. The angle of each rib is calculated by:

(iii.i) estimating the smoothed and adjusted length rib centre-line as a flat

surface and

In Figure 4.6c, the beginning and the end of the sixth rib are marked with
white crosses and the plane labeled 3 illustrates the flat surface, fitted to the

rib centre-line.

(iv) Estimate the length and curvature of the first seven costal cartilages:
As mentioned in step (i), rib centre-lines exhibit toothed curvature and are
smoothed by a smoothing spline [73, 98]. See Figures 4.7b and 4.7d for examples

of irregular and smoothed curvature of rib centre-lines respectively.
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a

Cross-sections Resized and
perimeter reshaped masks 1 =

Figure 4.6: (a) perimeter of exemplary cross-sections (RibEXMIP) [96] (b) resized
and reshaped RibEXMIPs based on individually tested rib characteristics and (c)
illustration of how cross-sectional masks are stretched according to the rib angle
(Surface 1 illustrates the cylindrical coordinate system and surface 4 shows the
horizontal plane. Surface 3 is a flat surface, fitted to the rib centre-line and its start
and end are marked with white crosses. Surface 2 is a perpendicular cut to the fitted

surface. Angle 6 between surfaces 1 and 2 equals to the angle between surfaces 3
and 4).

The centre-lines of ribs number one to seven bilaterally and their extensions
from CCJ towards the related SCJ (i.e. centre-line of the first seven costal
cartilages bilaterally) are approximated by a smoothing spline. Strictly speaking,
a smooth curve is fitted to points on a rib centre-line (see Figure 4.7b) and

forced to start from its tubercle and end in the corresponding SCJ (see Figure

4.7¢).

Localize all ICJs in 3D:

As explained in step (ii) and shown in Figures 4.7a and 4.7b, some ribs may be
segmented shorter or longer than their actual lengths due to the low resolution
of CT images or excessive costal cartilage calcification. Therefore, by adjusting
the curve length of each rib individually (see Figure 4.7d), the first seven CClJs
are localized in 3D. Next, the centre-lines of each of the first seven costal

cartilages are determined, which are the fitted splines minus the rib centre-lines

(see Figures 4.3j and 4.7e).
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Figure 4.7: (a) 3D right anterior oblique view of ribs number 5 - 7 (patient number
15), (b) ribs irregular centre-line, (c) smoothing splines, each forced to start from
related tubrcle and end in its SCJ, (d) ribs smoothed centre-line with adjusted length
and (e) estimated centre-lines of costal cartilage number 5 - 7 at right.

SCJ

ccl

ICJs

tubercle

Figure 4.8: Dashed lines illustrate the assumption about costal cartilage extensions
from CCJs towards SCJs or ICJs [42].

(vi) Estimate lengths and curvatures of centre-lines corresponding to costal cartilages
number eight to ten:
As shown by dashed lines in Figure 4.8, the positions of ICJs are assumed
to be in the middle of the centre-line of the preceding cartilage. The same
method employed for centre-line of ribs number one to seven is used to fit the
centre-line of ribs number eight to ten and their extensions from CCJ towards
corresponding ICJ to smoothing splines. By subtracting the rib centre-lines, to
which their lengths are already adjusted, the centre-lines of costal cartilages

number eight to ten are determined in 3D (see an example in Figure 4.3k).
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4.2.2.2 Phase [I: Cross-sectional Shape Customization in the Cylindri-

cal Coordinate System

The rib cross-sectional shape, MAASK(Rib) hereafter, and costal cartilage cross-

sectional shape, MASK(CC) hereafter, are modelled based on patient’s anatomy in

three steps:

(1)

(if)

Calculating M, mean area of all rib cross-sections at mid coronal plane:

To customize the reconstruction algorithm, ribs and costal cartilage cross-
sectional areas need to be adjusted to the patient’s anatomy. To estimate
M, after segmenting the ribs in 3D, cross-sections of all ribs (N objects) at

mid-coronal plane are considered. M is calculated as:

M= () a)/N (4.4)

i=1

where:
N: total number of rib cross-sections at mid-coronal plane

a;: area of the rib cross-section no. ¢ at mid-coronal plane.

Customizing the rib cross-sectional shape in 100 sections:

There exists limited information on the accurate shape of a rib cross-section.
Accurate exemplary cross-sections at 5%, 25%, 50% and 75% of rib length are
available [96], obtained by examining ribs number three to nine of fresh frozen
human cadavers (see Figures 4.2b and 4.2¢ for exemplary rib cross-sections and
the definition of rib length as 0% at tubercle and 100% at CCJ). The perimeters
of exemplary cross-sectional shapes (as shown in Figure 4.6a), the RibEXMP
hereinafter, are used in the algorithm. All other cross-section characteristics
such as height, width and area are directly extracted from the patient’s CT
dataset. Two assumptions have been made to obtain 100 MASK(Rib)s for

reconstructing a rib cross-section along its adjusted length:

(ii.i) the missing RibEXMPs between 5%, 25%, 50% and 75% of rib length

are a smooth transition between two available consecutive RibEXMIPs
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(iii)

(ii.il) RibEXMPs from 0% to 4% and RibEXMPs from 76% to 100% have
the same shape as the RibEXMPs at 5% and 100% respectively

In the biometric study [96], ribs of human cadavers were cut perpendicular to
the ribs. The proposed reconstruction technique is based on the cylindrical
coordinate system, and estimated rib angle 6 is used to calculate the level of
RibEXMPs stretching in the system. In Figure 4.6¢, a rib cross-section obtained
from a perpendicular cut to the rib [96] (surface number 2), is stretched in the
cylindrical coordinate system (surface number 1), assuming that reconstruction

is in the cylindrical coordinate system.

Suppose i and m are the number of ribs and cross-sectional shapes MASK(Rib),
and H™ and H" denote the heights of the original and the stretched RibEXMP
respectively. If H;Ratio represents the level of height stretching for the rib @
then:

H;Ratio = 1/ cos b; (4.5)

H = H™ x H;Ratio (4.6)

To adjust the reconstructed volume to the patient’s anatomy, the area of the
MASK(Rib)s has to be modified as well. An earlier study [96] showed that
cross-sectional area remains nearly constant along the rib. Therefore, the level

of SM" resizing/scaling is calculated to obtain MASK(Rib)! as:
ScaleRatio = Area.s, | Areagyy (4.7)

where cs; denotes the cross-section of rib ¢ from the patient’s MDCT dataset,
SM" is the stretched mask (from the previous step) and MASK(Rib)? repre-
sents the final estimated mask at section m for the rib number ¢. Examples of
MASK(Rib)5, MASK(Rib)?®, MASK(Rib)*® and MASK(Rib)™ are shown in
Figure 4.6b.

Estimating the model and size of costal cartilage cross-sectional shape:
Although recent studies have discussed accurate rib geometry and anatomy,

there is no accurate data about the geometry of human costal cartilages
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Figure 4.9: Dimension calculation and assumed models for MASK(CC): (a) circle,
(b) vertical ellipse, (c) horizontal ellipse and (d) irregular shape [96]. (M is the mean
area of all rib cross-sections at mid coronal plane).

particularly in terms of cross-section. Therefore, four different models are
assumed for MASK(CC) (see Figure 4.9) including: circle, vertical ellipse,
horizontal ellipse and an irregular shape. The model Figure 4.9d is taken from
a bio-metric study of accurate rib anatomy [96] and also used in step (ii) for
patient-customized rib reconstruction in 3D. The irregular shape is assumed to
be similar to the exemplary cross-section of the rib at 75% of rib length [96].
Methods for calculating the dimensions of different shapes of MASK(CC) are

shown in Figure 4.9.

4.2.2.3 Phase III: Patient-customized 3D Reconstruction in the Cylin-

drical Coordinate System

At this point, the lengths and curvatures of centre-lines of the ribs and costal
cartilage have been accurately determined in 3D. Also, MASK(Rib) and MASK(CC)
are modelled based on patient’s anatomy. Estimated centre-lines and cross-sectional

models are used for rib and costal cartilage reconstruction.

(i) Rib reconstruction in 3D
To reconstruct the ribs in 3D, patient-customized MASK(Rib)s are applied
to the estimated centre-lines. In other words, to reconstruct rib number 7, its
adjusted length is divided into 100 sections and MASK(Rib) is applied to

section m. This step is run on all ribs individually. An example of reconstructed
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Patient no. 3 Patient no. 6 Patient no. 9 Patient no. 8

Figure 4.10: Top row: original MDCT datasets (half front coronal view) and bottom
row: result of costal cartilage reconstruction in 3D (coronal view). From left to right,
the assumed MASK(CC) is circle, vertical ellipse, horizontal ellipse and the irregular
shape (as shown in Figure 4.9).

ribs based on patient’s anatomy is shown in Figure 4.3g.

(ii) Costal cartilage reconstruction in 3D
At the final step of costal cartilage reconstruction, by applying an assumed
MASK(CC) (as shown in Figure 4.9) to the cartilage centre-lines in the cylin-

drical coordinate system, 3D reconstruction is achieved.

Examples of costal cartilage reconstruction in 3D from real patient MDCT
datasets are shown in Figures 4.3m and 4.10. In Figure 4.10, patient numbers
3 and 9 were 69 and 18 years old respectively at the time of radiography, and
their MDC'T's represent high and non costal cartilage calcification respectively.
The reconstruction results (bottom row in Figure 4.10) illustrate how well the
presented algorithm models the costal cartilages and is applicable to MDCT's

with various degrees of cartilage calcification.

4.2.3 Full Diaphragm Modelling in 3D

A novel algorithm for 3D modelling of the full human diaphragm from lung MDCT
images is presented in this section. The flowchart of the proposed algorithm for full

diaphragm modelling is illustrated in Figure 4.11. The reconstruction algorithm
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Figure 4.11: Flowchart of diaphragm 3D modelling directly from patient’s MDCT
dataset. Displayed images illustrate step-by-step diaphragm modelling for patient
number 1.

is divided into three main parts: (i) estimating the diaphragm top boundary (ii)
estimating the diaphragm side boundary and (iii) modelling the full diaphragm in
3D.
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Figure 4.12: (a) Segmented lungs and airways of patient number 7 (b) LLS (c) LDS
and (d) diaphragm top boundary, estimated by fourth degree polynomial surface.

4.2.3.1 Estimating the Diaphragm Top Boundary

Based on segmented lungs, the lung diaphragmatic surfaces (LDS) are defined in 3D.
If the segmented lungs are represented in Cartesian coordinate system, both lungs’
lower surfaces (LLS) i.e. {v;, i =1,2,...,M } are a set of voxels V; = (X,,Y;, Z;)
where Z; is the lowest value for the point (X;,Y;). As shown in Figure 4.12b, most
often ILILS contains the trachea and lower surfaces of the bronchi, as well as other
lung surfaces irrelevant to the diaphragmatic surface. Instead, LIDS may be defined
as LLS voxels whose nomal vector is pointing down and inward within a certain
interval [150]. In mathematical terms, if ny, is the normal vector of the surfaces LLS
at V;, then LDS is defined as {l; = v;,i = 1,2,....,m,m < M} where the condition
{=(0.75 % m) < ny, < —(0.25 % ) } is satisfied [150]. LDS is defined as the two biggest
components of I;, refined by the closing operation followed by filling holes (see Figures

4.11c and 4.12c¢).

The final step of the diaphragm top boundary estimation is the fitting of a surface
to the points of LDS. Thin plate spline has been proposed [150] as a good candidate
for surface fitting. However, in the current work, the diaphragm top boundary is
approximated in 3D via linear and polynomial interpolation as it is much faster than
3D thin plate interpolation (see Figures 4.11d and 4.12d for illustrations of fitted

surfaces).

4.2.3.2 Estimating the Diaphragm Side Boundary

The inner surfaces of the sternum, ribs, spinal column and costal cartilages are

estimated in 3D by applying the following steps to each slice (axial direction):
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Figure 4.13: (a) Slice number 206 from patient number 7 datasets in axial direction
(b) and (c) segmented ribs, sternum and spinal column (white pixels) together with
reconstructed costal cartilage (grey pixels) in polar and Cartesian coordinate system
respectively (d) top points (of the components in (c)) (e) fitted curve to the top points
via linear interpolation (f) and (g) inner surfaces of the ribs, sternum, spinal column
and costal cartilage in the Cartesian and cylindrical coordinate system respectively.

(i) convert the image from polar to Cartesian coordinate system (see Figure 4.13c)
(ii) find the top points (see Figure 4.13d)

(iii) estimate the top points as a curve via linear interpolation (see Figure 4.13e).
Linear interpolation is used for estimation as it is fast and even though curves
are estimated separately (slice by slice), the inner surface represents a consistent

surface in 3D (see Figure 4.13f for 3D illustration).

(iv) convert the result from Cartesian to polar coordinate system (see Figures 4.11g

and 4.13g).

4.2.3.3 Modelling the Full Diaphragm in 3D

The full diaphragm is modelled by employing 3D active contours [135], which is an

extension of the ”Snakes” segmentation method [28, 29, 69] in higher dimension.
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Figure 4.14: (a) to (c) Side, top and unified boundaries, estimated for patient number
11, (d) side boundary removed above the top boundary, (e) parts of top and side
boundary intersections is highlighted by red line, (f) to (i) different views of estimated
EB.

Generally, the 3D active contour is initialized at a predefined mesh and expands
towards a predefined 3D boundary (see Section 2.5.1.3 for more details about active

contours).

In the proposed algorithm, encompassing boundary (EB) is determined in two

steps:

(i) merging and unifying the diaphragm top and side boundaries in 3D by logically
adding corresponding slices of two volumetric data (see Figures 4.11h and 4.14c

for two examples and Appendix D for pseudo code).

(ii) removing diaphragmatically irrelevant voxels. Here, irrelevant voxels are those
that do not act as a boundary for the diaphragm. In other words, any side
boundary voxels above the top boundary and any top boundary voxels out
of the side boundary do not impact the 3D active contour and therefore are
considered as irrelevant voxels. As shown in Figure 4.14d, all side boundary
voxels above the top boundary are removed. Part of the side and top boundary

intersection is highlighted in Figure 4.14e by red line. Any top boundary
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voxels out of the intersection are considered irrelevant and are removed (see
Figures 4.14f to 4.14i for different views of EB and Figure 4.11i for another
example). Pseudocode for removing the boundary irrelevant voxels are provided

in Appendix E.

Starting from the centre of EB (white cross in Figure 4.11i), a symmetrical
polygon mesh (i.e. sphere) is forced to act as the initial 3D active contour that
expands towards EB. To determine the seed point automatically, 3D convex hull of
the EB is determined and its centre is set as the active contour seed point position.
The number of active contour evolving iterations and parameters are chosen so that

the deforming mesh fills sharp corners of EB while keeping the surface smooth.

As the final step, the convex hull of EB is determined slice by slice (in axial
direction) and pixels of the evolved contour inside the convex hull are identified as
the diaphragm. In Figure 4.15.a, segmented ribs, vertebral column and reconstructed
costal cartilage (grey pixels) from slide number 275 of patient number 5 dataset,
are shown and their inner side is assumed as diaphragm side boundary (see Figure
4.15.b). 3D Active contour initiates from a sphere (shown as a red dashed circle in
Figure 4.15.b) and expands towards the boundary. Evolved active contour is shown
in Figure 4.15.c. Convex hull of the boundary, as shown in Figure 4.15.d, is employed
to exclude the active contour out of the boundary, in order to estimate the shape of

the diaphragm (see Figure 4.15.f).

The reconstructed diaphragm in 3D from thoracic MDCT dataset of patient

number 1 is shown in Figure 4.11j.

4.3 Performance Evaluation

To measure the performance and accuracy, all algorithms were tested separately.
Each algorithm was run on a set of MDCT datasets and the results were evaluated
using different criteria. The following subsections provide details about the datasets

used, experiments and evaluations.
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Figure 4.15: (a) Segmented ribs, vertebral column and reconstructed costal cartilage
(grey pixels) from slide number 275 of patient number 5, (b) diaphragm side boundary
and active contour initial shape (red dashed circle), (c) expanded and stopped active
contour (red dashed closed line), (d) convex hull of the side boundary, (e) employing
the convex hull to exclude active contour out of the boundary and (f) modelled
diaphragm in slide number 275.

4.3.1 Material

The proposed algorithms for ribs and costal cartilage reconstruction as well as the
algorithm for diaphragm modelling were tested on 15 complete MDCT datasets. All
datasets share the same technical description provided in section 2.5.2.1 and Table
2.1. Demographic data of MDCT datasets, used for evaluating the reconstruction

and modelling algorithms, are summarised in Table 4.1.

4.3.2 Experiments and Results

Each technique presented in this chapter was tested separately to measure the
accuracy and performance. The result of each experiment was compared with
corresponding ground truth using different criteria. Selected images for evaluation
were marked and corrected by an experienced radiologist ! to obtain reference masks.

The following sub-sections provide details of the evaluations.

!Medical Imaging Department, Prince of Wales Hospital, Sydney, NSW, Australia.
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Table 4.1: Demographic data of MDCT studies, used for testing and evaluating ribs
and costal cartilage reconstruction as well as diaphragm modelling techniques.

MDCT Dataset
Number of studies 15
Number of slices (per dataset) 380 (on average)
Patient
Sex
Male 36%
Female 64%
Age
Mean 65.5
Range 18 - 86

Table 4.2: Evaluation of rib reconstruction algorithm and average distance errors
based on 15 MDCT datasets.

Distance Error Metric —
Evaluated Plane |

mean drms

mid-coronal plane 0.57  0.82
mid-axial plane 1.31  3.09

4.3.2.1 Experiments on Ribs Reconstruction

The performance of the proposed algorithm for 3D reconstruction of ribs 3 to
9, presented in section 4.2.2, was evaluated quantitatively and qualitatively. For
quantitative evaluation, mid-axial and mid-coronal planes from each dataset (30
planes in total) were chosen for performance assessment. In each plane, the bony
structures were initialized with the graph cut algorithm and the rib borders were

corrected and localized by the radiologist to obtain reference masks.

The distance error between the reference masks and the reconstruction results
was measured with two distance metrics, namely deqn and d,.,s (see section 2.5.2.2
for mathematical formulas) and the result is summarized in Table 4.2. Also, Figure

4.16 shows the distance error for 15 patients individually.

To perform qualitative evaluation, three coronal planes of each dataset (coronal

planes number 256 (mid-coronal) and 2564+10) were chosen and the results of rib
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Figure 4.16: d,;eqn and d,,,s between ground truth and reconstruction result for rib
reconstruction.
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Figure 4.17: Percentage of similarity scores between the reconstructed ribs and
original DICOM images.

reconstruction were overlaid on the corresponding DICOM images. All ribs in the
overlaid images (45 in total) were assessed individually and scored from 0 to 100 by
the radiologist. Scoring was based on morphological similarity, with higher scores
indicating more similar shape and 100 being a complete match. The results of

similarity scoring are illustrated in Figure 4.17.

4.3.2.2 Experiments on Costal Cartilage Reconstruction

As far as is known, the accuracy of algorithms for human costal cartilage reconstruc-
tion has not been reported. In this work, frequently used methods for quantitative
evaluation of modelling and reconstructing other parts of the human body were
reviewed and used in the experiments. To create ground truth and comparison
reference, original MDCT datasets were considered in blinded fashion. From each

dataset, two sagittal planes at the right and left, which include the maximum number
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of costal cartilage cross-sections, were chosen (30 sagittal planes in total), and the
border of each costal cartilage cross-section on the planes was carefully marked by

the radiologist.

Each plane of ground truth was compared with the corresponding sagittal plane
from the reconstructed model. Comparisons were performed for four assumed cross-
sectional shapes, each with area equal to and twice M. Costal cartilage number one
was excluded from the ground truth and results, as the first rib cross-sectional shape

is broad and flat [42] and different from other ribs.

As listed in Table 4.3, eight criteria were used for performance evaluation (see
section 2.5.2.2 for mathematical formulas). Distance measures mean distance be-
tween costal cartilages centre-points in ground truth and reconstruction result, and

distance error between their borders is measured by D,,eqn and Di.ps.

The results of quantitative evaluations are summarized in Table 4.3 and the best

result of each criterion is highlighted.

4.3.2.3 Experiments on Diaphragm Modelling

Run time for automatic modelling of the diaphragm was measured to compare the
algorithm and manual segmentation speeds. All processing and evaluations were
performed on a standard computer with 2.53 GHz CPU speed and 4 GB RAM. Based
on experiments, the run time for diaphragm modelling is roughly 9 minutes, while

manual extraction usually takes 3 hours. The run time break down is as follows:

(i) estimating diaphragm top boundary ~ 60 seconds
(i) estimating diaphragm side boundary ~ 270 seconds
(iii) unifying top and side boundaries and excluding irrelevant voxels ~ 30 seconds

(iv) running 3D active contour and identifying EB neighbouring voxel as diaphragm

~ 180 seconds.

Testing the datasets with different parameter values resulted in different perfor-

mances. After several experiments, the following parameters values were set for final
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Figure 4.18: Chosen planes to create comparison reference (patient number 13) for
diaphragm modelling. Planes from each dataset include an axial, mid-coronal and
one-fourth of the sagittal planes from left and right.

evaluation: wjne : 0.1, Wiy 11, Weon 10 (no external force by user-interface), a : 1,

B :0.05, wiine : 0 (EB is a binary image and does not include any line) and wegge : 1.

The performance of the proposed algorithm for 3D modelling of the human full
diaphragm, presented in section 4.2.3, was evaluated quantitatively by comparing
the modelling results with ground truth. To create ground truth, marking all slices
that include the diaphragm (roughly 1500 slices) was almost impossible. Instead, to
create comparison reference, from each dataset four planes including an axial (chosen
in blinded fashion), mid-coronal and one-fourth of the sagittal planes from left and
right were chosen for performance assessment (see Figure 4.18 for illustration). On
each plane (60 planes in total), first, the diaphragm border was marked manually
and then was corrected and localized by the radiologist to obtain reference masks

(see top row images in Figure 4.19).

Two metrics were chosen for comparing the modelling results and ground truth,
namely mean distance to the closest point (MDCP) and Hausdorff Distance (see
section 2.5.2.2 for mathematical formulas). These two metrics have been used
commonly for assessing the diaphragm border detection [110], top-surface estimation

[147] and 3D localization [114].

Regardless of patients’ medical history, lungs in test MDCT datasets were exclu-

sively reviewed by the radiologist for abnormalities and diagnosed as follows:

(i) mild emphysema and bronchiectasis (one case)
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Patient #3
A

Patient #4
A

Patient #8
A

Figure 4.19: In each pair of images, diaphragm ground truth is marked by green
lines (top image) and the modelling result is shown by red lines (bottom image).
[llustrated images belong to patients number 3, 4 and 8 at axial, mid-coronal and
sagittal (one-fourth of planes from left and right) directions.

(ii) multiple lung nodules ranging up to 5 cm in size and probably metastases (one

case)
(iii) moderate emphysema (one case)
(iv) severe bronchiectasis with some fibrosis, severe scoliosis (one case)

(v) essentially normal, mild dependent atelectasis (one case)
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Figure 4.20: (a) and (b) illustrations of normal lungs in 3D and 2D, from a 21
years old patient’s dataset (c¢) and (d) show two cases with enlarged pericardial fat
pad in 3D in which lungs abnormal indentation and cut off between the lungs and
the diaphragms are marked by arrows and oval respectively (e) and (f) enlarged
pericardial fat are marked on 2D slices.

(vi) essentially normal with several small (about 5 mm) nodules (one case)
(vii) essentially normal with small calcified nodules (one case)
(viii) normal, however images were taken during expiration (one case)

(ix) normal (seven cases).

The proposed algorithm failed on two datasets, both with massive fat on the left
cardiophrenic angle on top of the diaphragm and next to the heart (clinically known
as enlarged pericardial fat pad). These two datasets were excluded from the final
reported results. In Figure 4.20 a dataset with normal pericardial fat is shown as
well as the datasets with enlarged fat pad (patients number 6 and 12). As marked
on Figure 4.20, the enlarged pericardial fat pad pushes a large portion of the left
lung and cuts off the lung from the diaphragm. As a result, the lung lower surface
does not have normal contact with the diaphragm top surface, which is assumed for

diaphragm top boundary estimation.

Also, several experiments confirmed that the performance of the proposed al-
gorithm changes remarkably when the diaphragm top surface is estimated using

different methods. It may be inferred that the accuracy of the proposed algorithm is
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highly dependent on the lungs’ lower surface positions i.e. diaphragm top boundary
estimation. The proposed algorithm was tested on the remaining 13 datasets with

normal LDS.

To perform evaluation, the diaphragm top boundary was estimated from LDS
using three different methods: linear interpolation and fourth and fifth degree
polynomial surfaces. Performance evaluation results are summarized in Table 4.4

and the best results are highlighted.

4.4 Discussion

Qualitative and quantitative evaluations show high similarity between rib recon-
struction results and the corresponding reference masks, as well as high similarity to
anatomy. As shown in Table 4.2, ribs are reconstructed approximately with 0.94 mm
mean distance error and 1.96 mm rms (root mean square) distance error. According
to the results, ribs are reconstructed slightly more accurately in the coronal direction

than in the axial direction.

According to the qualitative evaluation, shown in Figure 4.17, ribs were recon-
structed with 89.85% (on average) similarity to the corresponding datasets. Moreover,
from the similarity scores it may be concluded that lower ribs (higher in numbering)

were reconstructed more faithfully to anatomy.

Performance of the rib reconstruction algorithm may be improved by transferring
the reference axis of the cylindrical coordinate system from the centre of the axial
plane to the centre of the rib cage (top view). This modification has been tested
manually on some datasets and the results do show improvement in performance. The
presented algorithm may be further tested in future using newly released studies on
the anatomy of the human ribs i.e. more detailed studies on rib geometry regarding
cross-section and length. Moreover the algorithm can inspire researchers interested

in reconstructing the ribs in 3D from 2D biplanar images.

Performance of the costal cartilage reconstruction algorithm was evaluated with

different criteria. Evaluations show high similarity between reconstruction results and
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the reference masks, as well as high similarity to anatomy. The proposed algorithm

is applicable to MDCTs with varying degrees of costal cartilage calcification.

Based on evaluation results in Table 4.3, the circular cross-section with area
twice M has the highest DSC (= 77.5%) and is recommended for costal cartilage
3D reconstruction using the presented algorithm. Also one may conclude that
reconstruction with area twice M (for each of the models) is more similar to the
ground truth. According to the results, costal cartilage reconstruction with vertical
ellipse cross-section has the lowest DSC' (when the cross-section area is assumed to
be either equal to or twice M). In other words, when reconstruction is performed in
the cylindrical coordinate system, costal cartilage cross-section with vertical ellipse

shape has the least similarity to patient’s anatomy.

The main sources of the errors may be summarized as follows:

(i) the reference axis of the cylindrical coordinate system is not adjusted to the
centre of the rib cage (top view)

(i) ribs lengths and cartilage lengths are not 100% identical to the patient’s
anatomy, particularly in cases with high degree of cartilage calcification where
adjusting ribs lengths and localizing CCJs become challenging tasks

(iii) since the tested area (costal cartilage cross-section on sagittal plane) is very
small, even a slight shift in the location of the reconstructed result decreases

the accuracy dramatically.

Performance of the reconstruction algorithm may be improved by learning more
about human costal cartilage anatomy in terms of length, curvature, cross-sectional
model and any possible relation between the geometry of ribs and costal cartilages.
Also, more accurate techniques for identifying the degree of costal cartilage calci-
fication and localizing the area where a rib transits to the cartilage i.e. CCJ, may
help to improve the result. The proposed algorithm may inspire researchers who are
interested in segmenting costal cartilages from other modalities such as MRI [102]

and 2D biplanar images.

Diaphragm modelling performance was evaluated with two metrics commonly

used for evaluating the diaphragm modelling, namely the Hausdorff distance and
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Table 4.5: Standard deviation of the error distances between different test datasets.

Hausdorff distance MDCP

Evaluation Metric —

Selected slice for evaluation |

Axial 3.21 2.53
Coronal 1.06 0.98
Left sagittal 1.89 1.46
Right sagittal 2.01 1.58

MDCP. Evaluation shows high similarity between the modelling results and the
reference masks with small distance error, provided the lung lower surfaces have

normal contact with the diaphragm.

Based on the average Hausdorff distance and MDCP in Table 4.4, the presented
algorithm does best when the diaphragm top boundary is estimated by a fourth
degree polynomial surface and average Hausdorff distance and MDCP are only 11.61
mm and 3.46 mm respectively when tested on 52 slices. Therefore, a fourth degree
polynomial surface is recommended top boundary estimation from LDS. Error
variations between different patients are listed in Table 4.5, when the top boundary

is determined by the recommended method.

The algorithm (with either method of top boundary estimation) outperforms the
method for diaphragm 3D modelling earlier proposed [115] and a summary of the

performance comparison is provided in Table 4.6.

Robustness of the algorithm needs to be improved for datasets with abnormal
lower surface position e.g. datasets with enlarged pericardial fat pad or Pneumothorax
(collapsed lung). Omne solution may be to estimate the normal position of the lung
lower surfaces before estimating the diaphragm top boundary. Several methods
have already been proposed in the literature for robust outlining of the normal lung
boundaries with high-density pathologies or significant mis-positioning, which may

be leveraged for the purpose.

The proposed algorithm may inspire researchers who are interested in modelling,

border detection or motion analysis of the diaphragm from MRI [142], cardiac
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PET images [90], coronary X-ray angiography [110] or 2D projection images of

mega-voltage cone beam CT [37].

4.5 Summary

Novel automatic algorithms have been proposed for reconstructing a patient’s ribs
and costal cartilage and modelling the full diaphragm in 3D from thoracic MDCT
datasets. The idea is to computationally reconstruct each rib and costal cartilage
cross-section along the estimated centre-line. Estimations are based on the patient’s
unique anatomy. Latest available anatomical studies have been employed to obtain
patient customised, anatomically-faithful reconstruction. The presented technique
for diaphragm modelling estimates a 3D boundary for the diaphragm and expands a
predefined mesh as 3D active contours towards the boundary. The 3D boundary is
determined by the lung lower surfaces and inner surfaces of the lower ribs, spinal
column and costal cartilages. Qualitative and quantitative evaluations show high
similarity between reconstruction and modelling results using the chosen reference

masks, as well as high similarity to anatomy.

Automatic extraction of pleural abnormalities from MDCT images will be dealt
with in the next chapter. Techniques to automatically detect calcified pleura in
the diaphragmatic area as well as thickened pleura on the costal surfaces from lung
MDCT datasets will be presented. Also the experiments to evaluate the performance

and accuracy of the technique are provided and their results are discussed.



Chapter 5

Automatic 3D Extraction of

Pleural Abnormalities from

MDCT Images

Pleural plaques (PPs) and diffuse pleural thickening (DPT) are two main types
of non-malignant pleural diseases. Both PPs and DPT affect the outer lining of
the pleura and most commonly follow from extensive asbestos exposure over a long
period of time. Currently, PPs and DPT are diagnosed non-invasively by subjective
investigation of medical images, which is time-consuming and based on subjective

judgment.

In this chapter, a fully automatic algorithm for automatic computer aided detec-
tion (CADe) of PPs and DPT is presented and tested. The algorithm detects calcified
pleura in the diaphragmatic area (CPgqp) and thickened pleura on the costal surfaces
(TPeostar) from a lung MDCT dataset. This chapter presents comprehensive details
of PPs and DPT detection, as well as the testing and evaluation of the algorithm.

Frameworks of the proposed algorithms and technical details of the steps are
provided in section 5.1. The algorithm has been tested and evaluated by several
experiments and the details are presented in section 5.2. The results of evaluation

are discussed thereafter in section 5.3.

94
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5.1 Extraction Framework

A flowchart for automatic PPs and DPT detection in 3D is shown in Figure 5.1.
The flowchart includes details of detection, both in the diaphragmatic area and on
the pleural costal surfaces. The algorithm is divided into five main parts and as
illustrated, separated by dashed lines. Each part of the algorithm consists of different

steps and the entire algorithm is summarized as follows:

(i) preliminary segmentations, including:
(i.i) respiratory organs segmentation, see Figure 5.1b
(i.ii) chest bone segmentation, see Figure 5.1c
(ii) estimating InnerLLayer, see Figure 5.1e
(iii) estimating QuterLayer, including:

(iii.i) sternum segmentation, see Figure 5.1g

(iii.iv) detecting and excluding the attached calcified pleura from segmented

ribs, see Figure 5.1j
(iii.v) costal cartilage modelling, see Figure 5.1m

iii.vi) QuterLayer estimation, see Figure 5.10
g
(iv) detecting calcified pleura in the diaphragmatic area, including:

(iv.i) estimating the diaphragm upper surface, see Figure 5.1d

(iv.ii) extracting calcified pleura in the diaphragmatic area, see Figure 5.1h
(v) extracting PPs and DPT on the pleural costal surfaces, including:

(v.i) calculating D, the mean distance between InnerLLayer and QuterLayer,

see Figure 5.1p
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(v.ii) extracting thickened pleura on the pleural costal surfaces, see Figure

5.1q.

The following sections provide details of the different parts and steps.

5.1.1 Preliminary Segmentations

Preliminary segmentations include 3D extraction of respiratory organs and chest bone
from lung MDCT datasets. Both segmentations are based on the graph cut algorithm
and were described in Chapter 3. Based on the experiments and evaluations in
sections 3.3.2.1 and 3.3.2.2, 2D graph with 4-neighbourhood is chosen to build the
energy graph for the purpose of graph cut segmentation, for both lung and chest
bone extraction. An example of segmented lungs in 3D is in Figure 5.1b, with
clearly visible imprints of thickened and calcified pleura on the lungs’ outer surface.
Examples of segmented ribs, vertebral column and sternum, together with attached

calcified pleura to the ribs, are shown in Figure 5.1c.

5.1.2 Detecting Calcified Diaphragmatic Pleura

The top surface of the diaphragm is a common area for involvement of PPs and
thickening. The technique presented in Chapter 4 is employed for estimating the
upper surface of the diaphragm. As explained in section 4.2.3.1, the diaphragm top
surface can be estimated by fitting a surface to the lungs’ diaphragmatic surface.
Based on testing and evaluations in section 4.3.2.3, estimating the diaphragm upper
surface by a fourth degree polynomial surface is recommended and used for detecting
calcified pleura in the diaphragmatic area. An example of an estimated diaphragm

upper surface in 3D is shown in Figure 5.1d.

By running the graph cut algorithm on MDCT dataset to segment the chest bone
(section 5.1.1), some additional objects that are not part of the chest bone, are also
segmented. They could be calcified pleura, the patient table, artefacts attached to
the patient and occasionally some parts of other organs. Therefore, after ignoring the

biggest component of the chest bone in 3D i.e. the ribs, vertebral column, sternum
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and possibly the attached clavicle and/or scapula, any other object at a certain
vertical distance from the estimated diaphragm upper surface is identified as calcified
pleura in the diaphragmatic area (CPg;qp, hereafter). In Figure 5.1h, an example of

extracted calcified pleura in CPg;qpp, is shown.

5.1.3 Estimating InnerLayer

Pleural costal surfaces i.e. outer surfaces of the lungs (as shown in Figures 1.1b,
¢) are estimated in 3D by employing the convex hull algorithm. The technique to
estimate the InnerLLayer includes slide by slide subtraction of the dilated convex hull
of the segmented lungs from the lung perimeters. The next step is to make a binary
matrix of the result in 3D and assign the biggest component as the redundant part.
As the final step, the redundancy is removed slide by slide from the perimeters of
the segmented lungs. Pseudo code for estimating InnerlLayer in 3D is presented in
Appendix F. An example of InnerSurface (pleural costal surfaces) is shown in Figure

5.1e.

5.1.4 Estimating QuterLayer

OuterlLayer is estimated in 3D as a surface fitted to the centre-lines of the ribs and
costal cartilages. To localize the centre-lines of the ribs and costal cartilages, several

steps need to be taken as follows:

5.1.4.1 Sternum Segmentation in 3D

As discussed in Chapter 4, to reconstruct the costal cartilage in 3D, which is an
essential step for QuterLayer estimation, localization of the sternocostal joints (SCJs)
is needed. On the other hand, localising SCJs in 3D depends on accurate 3D
segmentation of the sternum. The algorithm presented in Chapter 3, section 3.2.3.3,
is employed to extract the sternum from segmented chest bone as well as SCJs

localisation in 3D. An example of the segmented sternum is shown in Figure 5.1g.
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5.1.4.2 Vertebral Column Segmentation in 3D

The vertebral column can be isolated in 3D from the segmented chest bone by the

following steps:

(i) start from mid-coronal plane and ignore half-front of the segmented chest bone
(i) localize the bone cross-sections (N objects) in mid-coronal plane
(iii) calculate A, mean area of N objects
(iv) remove N objects while tracing them backward in coronal direction in 3D

(v) stop the tracing procedure for each object by applying a size constraint i.e.

when the area of a traced object is larger than twice A.

However, if the patient dataset includes calcified PP attached to a rib or series
of ribs, it could lead to mis-localization of the tubercles, sometimes far from their
correct location. Therefore, to isolate the vertebral column in 3D and localize the
tubercles, a different approach is taken: the tracing procedure starts from the middle
of the vertebral column (see Appendix G for steps to find the vertebral column
mid-sagittal). Tracing continues in the sagittal direction to the right and left. The
procedure stops when the area of the traced object on a sagittal plane is smaller than
twice A and restarts, until all tubercles are localized. An example of the isolated

vertebral column in 3D is shown in Figure 5.1f.

5.1.4.3 Ribs Segmentation in 3D

Ribs are segmented in 3D by subtracting the sternum and the vertebral column from
the chest bone and may include calcified thickened pleura and/or calcified costal
cartilage. Mis-segmented parts are identified and separated in section 5.1.4.4. An
example of segmented rib numbers 2 to 10 is shown in Figure 5.1i and attached
calcified thickened pleura are marked by white circles. Rib numbers 1, 11 and 12
have been excluded from QuterLayer estimation as PPs and DPT occur over the

fifth to ninth rib and rarely extend beyond them [85].
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5.1.4.4 Detection and Segmentation of Attached Calcified Pleura

Calcified pleura attached to a rib or series of ribs decreases the accuracy of PPs and

DPT detection and need to be separated. Following is the step by step technique to

separate the attached calcified pleura:

(i)

The first step is to specify the location where the rib is attached to the calcified
pleura and cut it. This is achieved by tracing and analysing the rib cross-section
along its length. The tracing procedure is in cylindrical coordinate system,
whose origin is at the centre of the image (see Figure 1.1c¢) and starts from the
two endpoints i.e. tubercle and costochondral joint (CCJ). The rib’s centre-line
is recorded while tracing is performed. The direction of tracing is shown with
double curved arrows in Figure 1.1d. Tracing stops when the cross-section
area is larger than twice A (mean area of all ribs’ cross-sections in mid-coronal
plane). When attachment points are localised, the rib is cut (see Figure 1.1e

for illustration and Figure 5.1j for an example in 3D).

The second step is to reconstruct the rib in 3D where it is cut. The method
presented in Chapter 4 for patient-customised rib reconstruction, is used to
reconstruct the cut rib. The technique uses the patient’s unique anatomy to
model the entire rib in 100 sections from the tubercle to CCJ in 3D. Parts of
the technique are adopted here to estimate the partially cut rib in the following
steps:

(ii.i) estimate the cut rib centre-line by fitting smoothing splines to the
already recorded centre-line (see Figure 5.11 for an example in 3D)
(ii.ii) adjust the rib lengths and localize the correct positions of CCJs in 3D

(ii.iii) estimate O, the angle between horizontal plane and a flat surface, fitted

to the centre-line

(ii.iv) calculate §, the number of sections needed to reconstruct the cut piece

(see Appendix H)

(ii.v) customize shape and size of the § cross-sections
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(ii.vi) model the cut rib by applying § customized cross-sections to the esti-

mated centre-line.

An illustration of a cut and reconstructed rib in 2D is shown in Figure 1.1f.
An example of reconstructed ribs that are free from attached calcified pleura is

shown in Figure 5.1n.

(iii) As the third step, if a reconstructed rib (as shown in Figure 1.1f) is subtracted
from the rib, the attached calcified pleura is accurately extracted (see Figure

1.1g for illustration and Figure 5.1r for an example in 3D).

5.1.4.5 Costal Cartilage Modelling in 3D

As discussed in Chapter 4, due to the natural density of costal cartilage which
is close to the adjacent soft tissue e.g. muscles and their considerably varying
degree of calcification between individuals, direct segmentation of costal cartilage
is a challenging task. Therefore, instead of segmentation, this organ needs to be
estimated and modelled in 3D. The technique presented in Chapter 4 is employed to
reconstruct the costal cartilage in 3D based on the patient’s anatomy. An example

of reconstructed costal cartilage is shown in Figure 5.1m.

5.1.4.6 QuterLayer Estimation in 3D

The spaces between the ribs’” and costal cartilages’ centre-lines are estimated in 3D
as a surface by employing a thin plate spline technique. Thin plate is considered as
a surface. During surface fitting, for each pair of (z,y) coordinates, not more than
one z coordinate should exist. Accordingly, ribs’ and costal cartilages’ centre-lines
are transformed to the Cartesian coordinate system, estimated by a thin plate,
and retransformed to cylindrical coordinate system. In Figure 5.10 spaces between

centre-lines in Figures 5.1k and 5.11 are filled and estimated in 3D.
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5.1.5 Extracting PPs and DPT on Pleural Costal Surfaces

For automatic extraction of thickened pleura on the pleural costal surfaces, the
distances between QuterLayer and InnerLayer (as shown in Figure 5.1p for a certain
degree and certain slide number) are investigated in cylindrical coordinate system.

Locations of thickened pleura are determined in 3D in two steps:

(i) D (patient’s mean distance between pleural costal surfaces and rib centre-lines,

see Figure 1.1b for illustration of D) is calculated

(ii) locations in 3D where the distance between the estimated surface (QuterLayer)
and costal surfaces of the pleura (InnerLLayer) are relatively larger than D, are

identified as thickened pleura on the pleural costal surfaces (TPeostar)-

The MDCT dataset is modelled in cylindrical coordinate system and the following
notations (as shown in Figure 1.1¢) are used:
n: number of slides per dataset
1. slide number
R;g: rib centre-line at 6 degree
Py pleural costal surfaces at 6 degree
dR,y: distance between R,;¢ and reference axis
dPy: distance between Py and reference axis

D;y: distance between R;p and Py

Then:
Dip = dRig — dPy (5.1)
n o 360
D- <Z > D, if <3!RZ—9&3!PZ-Q>}> (52)
i=1 6=1
and
TPeostar = { D1o, I =1,2,...,n, 0 =1,2,...,360 } (5.3)
if

V Dig € Dig : w .D < Dy (54)
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where w is a weighting coefficient to control how far from the rib centre-lines is to

be considered as abnormal.

An example of detected and extracted TP, in 3D is shown in Figure 5.1q.

5.1.6 Detecting Abnormalities on the Lung Surfaces

As the final step, TP;psta1 and CPgq,n are merged to determine the patient’s ARPD
as a single volume object. Merged thickened pleura on the pleural costal surfaces

and calcified pleura in the diaphragmatic area as a 3D object is shown in Figure 5.1s.

5.2 Performance Evaluation

To measure the performance and accuracy, the proposed techniques for extracting
calcified pleura in the diaphragmatic area (CPgy,,,) and thickened pleura on the
pleural costal surface (TPg,sa1), Were tested separately. The algorithms were run
on a set of MDCT datasets and the results were evaluated using different criteria.
The following subsections provide details about the datasets used, experiments and

evaluations.

5.2.1 Material

The algorithms were tested on 20 complete lung MDCT datasets of patients diagnosed
with existing PPs and/or DPT. All datasets share the same technical description
provided in section 2.5.2.1 and Table 2.1. Demographic data of MDCT datasets,
used for evaluating the reconstruction and modelling algorithms, are summarised in

Table 5.1.

5.2.2 Experiments and Results

The techniques for CPg;qpn and TP,sq1 extraction were tested separately to measure

the accuracy and performance. The result of each experiment was compared with
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Table 5.1: Demographic data of MDCT studies, used for testing and evaluating
CPgigpn and TP.peq extraction techniques.

MDCT Dataset
Number of studies 20
Number of slices (per dataset) 452 (on average)
Patient
Sex
Male 100%
Female 0%
Age
Mean 74
Range 63 - 83

corresponding ground truth using different criteria. Selected images for evaluation
were marked and corrected by an experienced radiologist ! to obtain reference masks.

The following sub-sections provide details of the evaluations.

5.2.2.1 Experiments on CPy,,, Extraction

The performance of the proposed algorithm for segmenting calcified pleura in the
diaphragmatic area, presented in section 5.1.2, was evaluated quantitatively. In
order to include large portions of patients’ diaphragms, the mean of every five slides,
starting from diaphragm top dome, were computed and considered for ground truth.
All slides between the diaphragm top dome and lower dome and the following 25
slides (see Figure 5.2b for illustration) were included. On each plane (198 planes
in total), borders of calcified pleura were marked manually and an experienced

radiologist reviewed and confirmed the marked borders.

As explained in section 5.1.2; a defined distance from the estimated diaphragm
upper surface is considered for detection of calcified pleura. Vertical distance was
assumed as a range between 1 and 20 pixels. The graph in Figure 5.3 shows how
performance changes when the vertical distance is changed. Moreover, the graph in

Figure 5.4 illustrates the MDCP behaviour based on vertical distance changes.

Medical Imaging Department, Prince of Wales Hospital, Sydney, NSW, Australia.
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Figure 5.2: (a) Chosen planes to create ground truth of TP, and (b) chosen
planes to create ground truth of CPgap, (patient number 1).
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Figure 5.3: Performance evaluation for detecting CPgqpp.

5.2.2.2 Experiments on TP, Extraction

The proposed algorithm for extracting thickened pleura on the pleural costal surface

was evaluated. To create ground truth and comparison reference, from each MDCT

dataset six planes including three axial (chosen in blinded fashion), mid-coronal and

one-fourth of the sagittal planes from left and right were chosen for performance

assessment (see Figure 5.2a for illustration). On each plane (120 planes in total),

the border of thickened pleura was marked manually by an experienced radiologist

to obtain reference masks.

As illustrated in Figure 5.5, D is calculated for each patient individually based on
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Figure 5.4: MDCP between detected CPyg;qp, and corresponding ground truth.
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Figure 5.5: D, computed for each patient individually, based on Equation (5.2).

)

Equation (5.2). The diversity in D values may be related to differences in patients

natural anatomy and also fat mass between rib surfaces and pleural costal surfaces.

In addition, the parameter w in Equation (5.4) was set to three values: 1.2, 1.5
and 2. Detected TP,ys;q; in all chosen planes (in different directions) were compared
with their corresponding ground truths. The evaluation results are listed in Table

5.2 and the best performance in each group is highlighted.

5.2.2.3 Volumetric Measurments

Detected CPgjqpn, and TP.ysq Were analysed in term of volume. The bar chart in
Figure 5.6 shows the rate (percentage) of detected pixels to the total volume of

the lungs for each patient individually and the mean, maximum and minimum of
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Figure 5.6: Bar chart to illustrate the portions of each patient’s lung volume, affected

by C]pdiaph and T]Pcostal-

Table 5.3: Mean, maximum and minimum percentage of patients’ lung volume,

affected by CPgigpn and TPessar-

Detected area —

Volume of affected area (%) | CPaiapn - TPeostal
Mean 014 193
Minimum 0 949
Maximum 0.94 6.73

percentages are provided in Table 5.3. Total lung volume is assumed to be the

volume of segmented lungs plus the volumes of detected CPg;qpn and TPeosiar-

5.3 Discussion

According to the results achieved and the graph in Figure 5.3, Accuracy and Specificity

of the CPgyqpn detection algorithm are almost 100% and do not change when vertical

distance changes. FPR being complementary to Specificity, is not affected by vertical

distance change. Precision steadily decreases with change in vertical distance.

Regarding DSC, Sensitivity and FNR metrics, the algorithm reaches its highest

performance and plateaus when the vertical distance is larger than 12 pixels. It may

be interpreted that 12 pixels’ distance not only covers the calcified pleura but also
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Table 5.4: Performance evaluation for detecting CPgqpp, in 20 MDCT datasets, when
vertical distance from the estimated diaphragm upper surface is assumed to be 20
pixels.

Detecting Area — Lung

Performance Diaphragmatic
Metric | Area

DSC (%) 92.84
Sensitivity (%) 94.72
Specificity (%) 99.99

FNR (%) 5.28

FPR (%) 0.01

Precision (%) 81.58
Accuracy (%) 99.98

MDCP (mm) 1.68

Figure 5.7: From left to right: an example of MDCT image in the diaphragmatic
area in axial direction, ground truth and result of automatic CP gy, detection.

the error in diaphragm upper surface estimation. Further, according to the graph in
Figure 5.4, MDCP significantly drops when the vertical distance changes from 1 to 4

pixels and after a local peak at 6 pixels, it becomes almost stable.

Therefore, high performance is achieved in CPgy,,, detection when vertical dis-
tance from the estimated diaphragm upper surface is assumed to be at least 12 pixels
(but distance exceeding 20 pixels is not recommended). In Table 5.4, the performance
metrics are shown, when vertical distance is assumed to be 20 pixels, and Figure 5.7

provides an example of CPyg;qp,, detection result and corresponding ground truth.

Based on the experiments on TP, detection and Table 5.2, most metrics

attain their best value when w is 1.2. Accuracy is very high for all values and their
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differences are negligible. FPR and Specificity (which is associated with FPR) have
the lowest rate when w is equal to 2. This may be explained by the fact that when w
is larger, a smaller portion of space between QuterLayer and Inner[Layer is considered
for TP, detection, and a smaller number of pixels may be labelled as positive,
which reduces the FPR also. Thickened pleura in some test datasets were very small
and sometimes less than 100 pixels. Therefore, missing only a small number of pixels

in such cases and also approximations adopted in employed methodologies, led to a

lower Sensitivity of 82%, and associated FNR of 17%.

It may be concluded that high performance is achieved when w is equal to 1.2 and
is recommended when the proposed algorithm is used for TP, detection. Examples
of TP.,sa; detection results in different directions and corresponding ground truths

are shown in Figure 5.8.

To sum up, evaluation indicates good accuracy of the algorithm for detection,
with higher accuracy in the diaphragmatic areas. As PPs and DPT present as narrow
areas on MDCT images, it is likely that the marked ground truth may not be very
accurate due to radiologist fallibility. To perform fair evaluation, two other methods
may be used to obtain ground truth: marking of the MDCT images by different

radiologists, or multiple markings by the same radiologist at different times.

5.4 Summary

A novel algorithm has been proposed for fully automatic 3D detection of calcified and
thickened pleura in the pleural diaphragmatic and costal surface areas respectively,
from lung MDCT datasets. Calcified pleura in the diaphragmatic area are identified
as parts of the patient’s dataset, located at a certain vertical distance of the patient’s
estimated diaphragm and with intensity near to the bone intensity. To localize the
thickened pleura on the costal surface, the distance between the pleural costal surface
and a surface fitted to the ribs’ centre-lines is measured in 3D and D, the mean
distance, is computed. Any space between the two surfaces whose width exceeds I is
identified as detected thickened pleura. Removing the calcified pleura attached to the

rib(s) before measuring I, improves the algorithm precision. The proposed algorithm



5.4. Summary 111

Figure 5.8: From left to right: examples of MDCT images in different directions
(axial, coronal and sagittal), corresponding ground truth and result of automatic
TP, etq; extraction.

was tested on 20 datasets from patients diagnosed with existing PPs and/or DPT.
The results of the automatic algorithm were compared with the ground truth using
several metrics, and evaluation demonstrates good accuracy of the algorithm for

ARPD detection in 3D.



Chapter 6

Conclusion

Pleural plaques (PPs) and diffuse pleural thickening (DPT) are very common asbestos
related pleural diseases (ARPD) that are directly linked to asbestos exposure and
develop within decades after inhalation of asbestos dust [13, 54, 112]. They are benign
conditions that have pleural involvement and thickening. PPs are defined as localised
pleural thickening, induced by asbestos, while DPT refers to more generalised pleural
thickening [60, 85]. PPs and DPT occur on the pleura and may eventually become
calcified. The diaphragm is another potential organ for PP involvement [22, 85, 95].

Medical imaging is necessary for diagnosis of both DPT and PPs as they show no
symptoms and may only manifest as breathlessness and chest pain [95]. Therefore
both DPT and PPs cannot be detected clinically, and can only be identified non-
invasively using medical imaging techniques. Computed tomography (CT) is the
preferred imaging modality because it can detect small calcified plaques, and non-
calcified plaques/regions of mild DPT that are difficult to appreciate on chest x-ray
(CXR) [119]. Currently, multi-detector CT (MDCT) imaging technology is used for
DPT and PP detection in high-technology hospitals in Australia.

As far as is known, not many techniques and works on automatic detection of
PPs and DPT from medical images have been reported. More specifically, detection
of thickened pleura in the diaphragmatic area has not been reported in the literature
to date and the limited number of techniques proposed [30, 34, 32, 117] suffer from

potential inaccuracies and limitations. Therefore, there is a need for accurate methods

112
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to detect PPs and DPT on the pleural costal surface and in the diaphragmatic area.

6.1 Thesis Summary

A fully automatic technique for 3D extraction of PPs and DPT from lung MDCT
images has been presented in this thesis. The proposed algorithm includes detection
of calcified pleura in the diaphragmatic area and thickened pleura on the pleural
costal surface. Calcified pleura in the diaphragmatic area are identified as parts of
the patient’s dataset that are located at a certain vertical distance of the patient’s
estimated diaphragm and with intensity near to that of bone. To localize the
thickened pleura on the costal surface area, the distance between the pleural costal
surface and a surface fitted to the centre-lines of ribs is measured in 3D and D,
the mean distance, is computed. Any space between the two surfaces whose width
exceeds D is identified as thickened pleura. Removing the calcified pleura attached
to the rib(s) before measuring D improves the algorithm precision. The presented
algorithm may be divided into five main parts and each part consists of different

steps, summarized as follows:

(i) preliminary segmentations, including:
(i.i) respiratory organs segmentation
(i.ii) chest bone segmentation

(i) estimating pleural costal surfaces in 3D as InnerLayer

(iii) estimating a surface fitted to the centrelines of the ribs and costal cartilages as

OuterLayer, including:

(iii.i) sternum segmentation

(iii.iv) detecting and excluding the attached calcified pleura from segmented

ribs
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(ili.v) costal cartilage modelling

(iii.vi) QuterLayer estimation
(iv) detecting calcified pleura in the diaphragmatic area, including:

(iv.i) estimating the diaphragm upper surface
(iv.ii) investigating a certain vertical distance of the estimated surface for
extracting existing calcified pleura.

(v) extracting PPs and DPT on the pleural costal surfaces, including:

(v.i) calculating D, the mean distance between InnerLayer and QuterLayer

(v.ii) identifying the locations in 3D where the distance between the layers

are relatively larger than D as thickened pleura.

The proposed algorithm was tested on 20 MDCT datasets from patients diagnosed
with existing PPs and/or DPT. The results of the automatic algorithm were compared
with the ground truth using several metrics and evaluation indicates good accuracy

of the algorithm.

6.2 Contributions

By accomplishing the goal of thickened pleura detection, this thesis contributes to

two important fields, namely medical image analysis and medicine.

6.2.1 Contributions to Medical Image Analysis

The main contributions to medical image analysis may be summarised as follows:

(i) besides a patient’s lung features, using other organs for the purpose of referencing
and landmarking. The distance between rib and costal cartilage centre-lines

and pleural surface is measured and analysed to identify the pleural thickening

in 3D
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(ii) estimating patient’s fat thickness between the rib surface and pleura (usually
very thin layer) and excluding it from detected areas to identify the thickened

pleura
(iii) distinguishing attached calcified pleura to the rib(s) and separating it in 3D

(iv) detecting the calcified pleura on the lung diaphragmatic surfaces for the first

time.

6.2.2 Contributions to Medicine

(i) fast detection of PPs and DPT in 3D that saves time in practice

(ii) possibility of pleural plaque detection of all sizes which is important in medicine
as a tiny plaque signifies the same risk for more sinister complications of asbestos

exposure as do extensive plaques

(iii) ability to screen patient’s chest CT scans, obtained for other reasons, to detect
PPs and DPT, which may have a significant impact on managing the patient

risks

(iv) accurate measurement of the degree and area of pleural thickening to detect
any changes over time. This is important in medicine, as mesothelioma, a
dreaded complication of asbestos exposure, usually appears as an area of pleural
thickening in the early stages. Screening changes helps a radiologist to assess

the risk of the new regions, being a precursor of mesothelioma.

6.3 Limitations and Future Work

The presented technique in this thesis has been successful in developing an automatic
algorithm for 3D extraction of PPs and DPT from lung MDCT images. However,
the limitations may be investigated to identify opportunities for further research.

The following suggestions for further work may be made:
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(i)

(iii)

(vi)

(vii)

(viii)

adjust the reference axis of cylindrical coordinate system to the centre of the

rib cage and check whether the accuracy increases

create more valid ground truth, i.e. marked by several radiologists for the

purpose of further evaluation and to check the source of errors

test the presented algorithm on more datasets with a variety of lung diseases

and pathologies to investigate the algorithm robustness
design a program to measure the disease progress in follow up check-ups

design a program to analysis the link between applied treatment and rate of

disease progress

design an algorithm to categorise the segmented thickened pleura into PPs or

DPT, based on characteristics

extend the presented method and modify it to detect pleural thickening in

other modalities such as chest X-ray

test the presented algorithm on datasets taken on different machines and with

different parameter settings.

6.4 Concluding Remarks

Pleural plaque detection from a CT dataset is a challenging task. This thesis has

presented a technique for 3D detection of calcified pleura in the diaphragmatic area

and thickened pleura on the costal surfaces from MDCT images. The proposed

algorithms allow accurate and fast detection of thickened pleura that is beneficial in

medicine. Although the presented algorithm was designed for MDCT datasets, it

might inspire thickened pleura detection in other imaging modalities.
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Appendix A

Followings are pseudo code for slice by slice removing the artefacts and extraneous
pixels around the patient’s body from the original MDCT dataset:
mput:
MDCT,,, . = {s1, S2, .- Sn},

where {

s; = slice#i of MDC'T dataset in intensity format,
x,y = dimension of CT slice,
n = number of slices in the MDC'T dataset,
z=n
}
initialize:
S = 0z,
BODY = 0.,
BODY,, . ={b1, b2, ... by},
T =0,,,. (as trimmed dataset),
Toye={t1, ta; ... tn},
Threshhold = mean intensity of the patient’s muscle
main: {
for (i =1; i<=n; i ++){
S = Threshhold < s;,
;o =5

}
BODY = biggest component of BODY,
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for (i = 1; i<=n; i ++){
ti =S; . *bi,

where .x represents multiply the corresponding elements of two matrices



Appendix B

Followings are pseudo code for identifying the lungs in segmentation result, using

the graph cut algorithm:
mput:
Rw,y,z = {7’1, T, "'TTL}7

where {
result graph cut on slice#i of the MDC'T dataset

= dimension of CT slice,
number of slices in the MDCT dataset,

Z="n

initialize:
I=0,,
main: {
for (i = 1;i<=n; i ++){
mvert r;,

I = r; with filled holes,
where .x represents multiply the corresponding elements of two matrices

}

R = biggest component of R,
for (i = 1; i<=n; i ++){
fill the holes in r;,

}
}
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Appendix C

Followings are pseudo code for removing the scapula and the clavicle from segmented

chest bone in 3D:

mput:
BONE, , ,={s1, 52, ... 5n}
where {
si=binary slide#i (segmented bone=1),
x,y=dimension of CT slice,
n = number of slices in the MDC'T dataset,
z=n
}
initialize:

1 =0,

0 = 0,,,
main: {
for interval=[1:y/5, 4 xy/5:y] {
while (Ng =0 &i < z) {
1+
detect s;(:,interval),
Ny = number of detected pixels equal to 1

}

Object = detected pizels equal to 1 in s;,
O (Object)=1,
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C'= centre of the Object in Q,

N1y = Ny,

Ny = Ny,

s; (Object) = 0,

i+

while (Ny < Ny x2&i < 2) {
Ny = Ns,

start from C, detect pizels equal to 1 in s; using RG™,
Object = detected pizels,
N5 = number of detected pizels,
O (Object) = 1,
C'= centre of the Object in O,
s; (Object) = 0,
1++
}
}

RG”*: Region Growing algorithm



Appendix D

Followings are pseudo code for merging and unifying the diaphragm top and side
boundaries in 3D:
mput:
TB,,. = {t1, t2, ..., to} (TB: top boundary),
SB, .. = {s1, S2, ..., Sn} (SB: side boundary),
UB =0,,.. (UB: unified boundary),
UB,,.. = {u1, us, ..., up}
where {
t; = binary slice #1,
s; = binary slice #,
u; = unified boundary slice #t,
x,y = dimension of CT slice,
z=mn : F#of slices per dataset
}
inttialize:
p=1
main:
while { p < z
Uy, =1, + Sp,
p ++

}

convert UB, , . to logic format
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Appendix E

Followings are pseudo code for removing diaphragmatic irrelevant voxels from the
expanded active contour in 3D:
mput:
TB,,. = {t1, ta, ..., tn},
SBy. = {s1, 52, ..y Su},
UB,,. = {u1,..., un},
EB = 0,,,. (EB: encompassing boundary),
EB,,. = {e1, €2, ..., en},
IU =0,,,
IS =0,,,
I =0.,
main:
step 1:
for (p = 1; p<=z; p++) {
for (¢ = 1; ¢<=y; q++) {
find w : tw(p, q) #0,
UB,41w-1=0
}
}
step 2:
for (p = 1; p<=z p++) {
U =u,,
fill holes of TU,
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IS=s,,
fill holes of TS,
I=IUNTS,

ep=l1



Appendix F

Following is pseudo code to identify pleural costal surfaces from segmented lung in
3D:
mnput:
LUNG,, .={s1, s2, --- Sn}
where s;=binary slide#i (segmented lung=1),

x,y=dimension of CT slice,

z=n
initialize:
V=0,,.
VP =0,,. (VP : matriz of pleura)
main: {
for (i = 1; i<=n; i++) {
I=s;

I,=perimeter I,
I.=covexhull of I,
1y.=dilated I,
Voo =lp-lae,

}

V'=V biggest component in 3D

for (i = 1; i<=n; i++) {
I=s; ,
Iy =holes filled I,
I,=perimeter Iy,
VP..,=I,-V' ;

¥

}
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Appendix G

Followings are steps to find the vertebral column mid-sagittal plane from segmented
chest bone slices:

(i) build up segmented chest bone in 3D from axial slices

(ii) ignore half-front of the segmented chest bone (Figure G.1a)

(iii) map all coronal planes into a binary 2D plane (Figure G.1b)

(iv) find the column on the binary 2D image that has the most non-zero pixels or
if there is more than one column having highest number of non-zero pixels,

choose the middle column (dashed line in Figure G.1b)

(v) map the chosen column in sagittal direction as tracing base (Figure G.1c)

Figure G.1: Steps to find the vertebral column mid-sagittal plane.
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Appendix H

According to an anatomy study that examined ribs from fresh frozen human cadavers
[96], human rib’s cross-sectional shape varies along the length. Exemplary cross-
sections at 5%, 25%, 50% and 75% of rib length are shown in Figure 4.2, if a rib
length is defined as 0% at tubercle and 100% at CCJ.

In order to find 9, the number of sections needed to reconstruct the cut rib in
3D, a rib is modelled in cylindrical coordinate system. If 6,;, is the rib’s orientation
from tubercle to CCJ and 0;,perqe and Occy are orientations of two rib subsections,

as shown in Figure H.1, then:

0 = 100 x (1 - (etubercle + GCCJ)/Qrib) (Hl)

n
Moreover, if S(A) ={s;, i =m+1,m+2,...,n} denotes a set of cross-sections
m

for 3D modelling of A (one piece curved object e.g. rib) in n — m sections, then

100

% (rib) = {s,,r =1,2,...,100} (H.2)

P
%(tubercle) ={s,,p=1,2,..., P}, S(tubercle) € S(rib) (H.3)

100

g (CCT) ={s4:¢=Q+1,Q +2,..,100},S(CCJ) € S(rib) (H.4)

then

w0

(cut) ={sp,k=P+1,P+2,....Q},Scut € Spip (H.5)

and also
5=Q—p (H.6)

The notable point is that each section is not necessarily equal to one degree. For

145



146

cal

Figure H.1: Calculating the 6., (degree) and § (number of sections), needed to
reconstruct a piece of rib.

example if 6,;=150°, then there is 1.5° between two consecutive sections and 20

cross-sections are needed to build a cut rib with 6,.,,=30°.
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