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Abstract

In this work, we want to develop an automatic detection tool for abdominal aortic
aneurysm (AAA). Abdominal aortic aneurysm is a vascular pathology with a high mor-
tality rate and consists of a local enlargement of the abdominal aorta called aneurysm.
The aneurysm is formed by two components, the lumen, which is the passageway through
which blood flows, and the thrombus, a blood clot surrounding the lumen. In many cases,
the aneurysm grows too much and the only way to proceed is surgery.

Doctors require quantitative information about the aneurysm both for diagnosis and pre-
surgical planning. This type of information can be obtained by analyzing, manually, the
scans taken from medical imaging, i.e. X-rays, Magnetic Resonance Imaging (MRI), or
Computed Tomography (CT). The automatic detection tool aims to accelerate and au-
tomatize the manual procedure, in order to give to doctors useful information concerning
the aneurysm. In this new tool, the quantitative analysis of the scans is performed through
image segmentation.

Image segmentation is the process of simplifying an image by extracting only the contents
of our interest. In our case, we want to extract, from the medical images, the lumen and
the thrombus and, to do that, we have to choose the criterion of extraction. We first
detect the lumen, relying on its geometry, then we face the thrombus’s detection, formu-
lating and solving a minimization problem through morphological operators. At the end
of the segmentation, we are also able to compute quantitative indicators which, together

with the reconstruction of the aneurysm, can help doctors in their decisions.

Keywords: Abdominal aortic aneurysm, medical imaging, image segmentation, mor-

phological operators.
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Abstract in lingua italiana

In questo lavoro, si vuole sviluppare uno strumento di identificazione automatica per
un aunerisma addominale aortico (AAA). Un aneurisma addominale aortico ¢ una pa-
tologia vascolare con un alto tasso di mortalita e consiste in un rigonfiamento dell’aorta
addominale chiamato aneurisma. L’aunerisma é costituito da due componenti, il lumen,
attraverso il quale scorre il sangue, e il trombo, un coagulo di sangue che circonda il lumen.
In molti casi, I’aneurisma cresce troppo e 'unica soluzione & un intervento chirurgico.

I dottori necessitano di informazioni quantitative riguardanti I’aneursima sia per la diag-
nosi che per la pianificazione chirurgica. Questo tipo di informazioni puo essere ottenuto
analizzando, manualmente, scansioni di immagini mediche, come raggi X, Risonanze Mag-
netiche, o Tomografie Computerizzate (TC). Lo strumento di identificazione automatica
vuole accelerare e automatizzare la procedura manuale, per consegnare ai dottori infor-
magzioni utili in merito all’aunerisma. In questo nuovo strumento, I'analisi quantitativa
delle scansioni ¢ compiuta attraverso segmentazione di immagini.

La segmentazione di immagini &€ un processo per semplificare un immagine estraendo solo
il contenuto di nostro interesse. Nel nostro caso, vogliamo estrarre dalle immagini mediche
il lumen e il trombo e, per farlo, dobbiamo stabilire un criterio di riconoscimento. Come
prima cosa identifichiamo il lumen, basandoci sulla sua geometria, successivamente affron-
tiamo il problema del trombo, formulando e risolvendo un problema di minimizzazione
attraverso opeatori morfologici. Alla fine della segmentazione, saremo in grado anche di
calcolare indicatori quantitativi che, insieme alla ricostruzione dell’aunerisma, possono

aiutare i dottori nelle loro decisioni.

Parole chiave: Aneurisma addominale aortico, immagini mediche, segmentazione di

immagini, operatori morfologici.
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Introduction

Abdominal aortic aneurysm (AAA) is a vascular disease associated with a high rate of
mortality, and it consists of a local enlargement of the abdominal aorta called aneurysm.
The aneurysm is formed by two components, the lumen, which is the passageway through
which blood flows, and the thrombus, a blood clot surrounding the lumen. The enlarge-
ment is considered an aneurysm if the diameter is greater than 3 ¢m or more than 50%
larger than normal. The more the aneurysm grows, the more the risk of rupture increases
and, if grows too much, the only curative way is a surgical approach.

For doctors, having information about the aneurysm is of the utmost importance. These
information could be the dimension of the thrombus or its position around the aorta,
and they could help the doctors with the diagnosis but, more important, with the pre-
surgical planning. In order to have the necessary data, doctors need a view of the patient’s
anatomy and to obtain that they resort to medical imaging.

Medical imaging is the technique of imaging the interior of the body, and it could be per-
formed in many ways, the most used procedures are X-rays, Magnetic Resonance Imaging
(MRI), and Computed Tomography (CT). The output of these methods is a set of images
(scans), which display the patient’s anatomy. A quantitative analysis of that scans is
the key to reconstructing the structures of interest and getting quantitative indicators
such as lengths and volumes. In our framework, we want to use the scans of a patient to
reconstruct the lumen, and the thrombus, and then proceed to compute the most useful
measurements of the detected volumes. This procedure of scan analysis can be performed
manually, by an expert surgeon, or automatically, employing image segmentation. Image
segmentation is a process to simplify an image, extracting the information of our interest.
This technique is exploited in many frameworks, in our case, it could be used to extract
the aorta and the aneurysm from the inputs given by medical imaging.

In this thesis, we have developed an automatic detection tool for abdominal aortic aneurysm,
which takes in input the patients’ scan, and automatically performs a quantitative study
of the pathology, giving as output the thrombus’ 3D reconstruction together with mean-
ingful indicators.

In Chapter 1, we show how image segmentation works and how we can exploit it for
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medical purposes and, in particular, to cope with AAA. In Chapter 2, we go through the
implementation of the algorithm, discussing the choices that we made and the methods
that we decided to use. We start by describing the detection methods for the aorta and
the thrombus. In the first case, we exploit the geometry of the aorta to detect correctly
the artery. For the thrombus, instead, we formulate the segmentation problem as a min-
imization problem, and we solve the PDEs that follow through morphological operators.
Then we address the problems of calcifications, which are accumulations of salts. Finally,
we examine different indicators, which can be computed from the reconstruction and can
be used by doctors. In Chapter 3, we show the 3D reconstruction of the structure previ-
ously detected, and we comment on the indicators that have been computed. In Chapter

4 we review the algorithm and we explore possible extensions.
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aneurysm

In this chapter, we give an overview of the main techniques of image segmentation, fo-
cusing on their application in medical imaging and, in particular, in the detection of the

abdominal aortic aneurysm (AAA).

1.1. Image segmentation

An image is a way of transferring information, and it contains lots of useful data. Images
can be represented as 2D (or 3D) matrices, where each element, called pixel, constitute a
color at a single point in the image. There are different types of images, one of the most
common are the gray-scale type.

Gray-scale images, or black-and-white images, consist of singular-value pixels correspond-
ing to the gray level of the image. These gray levels span the full range from black to
white in a series of very fine steps, normally 256 different grays. In particular, the value

0 corresponds to a black pixel, while 255 corresponds to a white pixel.

Figure 1.1: Gray-scale range

Since each pixel contains a single value, a 2D image can be represented by a 2D matrix
I, such that I € P¥*! where P = [0,255], while w and [ are the dimension of the image.
There exist other types of images, but for medical application gray-scale image are the

most common choice.
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Sometimes, we are interested in specific components of the image, and consequently, we
need to consider only part of the information. Image segmentation is a method by which
we can extract, from an image, the part of the information we are interested in. In partic-
ular, the goal of segmentation is to simplify and/or change the representation of an image
into something more meaningful and easier to analyze.

There are plenty of fields in which segmentation plays an important role, such as medical
image processing, face recognition, and autonomous driving. In our case, image segmen-
tation could be helpful to reconstruct the geometry of the aorta and the aneurysm, from
which the doctor will extract useful information.

Up to now, many different algorithms for image segmentation have been developed, sum-

marized in the following section.

1.1.1. Region-based Segmentation

The simplest segmentation technique is the Region-based Segmentation that is divided

into two subclass: Threshold Segmentation and Regional Growth Segmentation.

Threshold Segmentation

Threshold segmentation is the most common algorithm since it is fast and easy to imple-
ment. It can only be used on gray-scale images and takes into account only the intensity
value of the pixel. The drawback is that it is difficult to obtain accurate results where
there is no significant gray scale difference in the image.

The simplest implementation is binary segmentation, in which if a pixel has a higher
intensity than a fixed threshold belongs to set A, otherwise belongs to set B. There are
also more sophisticated variants. For example, in [1], a more advanced technique based

on threshold segmentation is developed.

Regional Growth Segmentation

The basic idea of regional growth method is to have pixels with similar properties together
to form a region. The method requires first selecting a seed pixel and then merging the
similar pixels around the seed pixel into the region where the seed pixel is located.

The advantage of regional growth is that it usually separates the connected regions with
the same characteristics and provides good boundary information and segmentation re-
sults. The disadvantage is that the computational cost is large. Also, the noise and
grayscale unevenness can lead to voids and over-division. In [2| a regional growth algo-

rithm is applied in medical imaging to detect brain disease in MRI.
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1.1.2. Edge Detection Segmentation

The edge of the object constitutes a discontinuous local feature of the image, which could
be a change in local brightness, such as color mutation, texture changes, and so on. The
use of discontinuities to detect the edge is the basis of Edge Detection Segmentation.

In an image, there are many discontinuities between adjacent pixels and it is difficult to
identify them as edges. An edge can often be detected using derivative operations, in
particular, we can compute the gradients of the pixels’ intensity and detect the edges as
the regions of a high gradient. This type of segmentation can be exploited in medical

imaging, in [3] an improved edge detection algorithm is developed for brain tumor.

1.1.3. Clustering Segmentation

A cluster is a collection of objects which are “similar” among themselves and are “dissimi-
lar” to the objects belonging to other clusters. Clustering methods include soft clustering
(e.g., Fuzzy c-means or FCM) and hard clustering (e.g., fuzzy k-means or FKM).

In hard clustering, each data point is clustered or grouped into one cluster. Each data
point, may either completely belong to a cluster or not. The k-means clustering algorithm
clusters data by iteratively computing the mean intensity for each class and segmenting
the image by classifying each pixel in the class with the closest mean.

In soft clustering, instead of inserting each data point into separate clusters, the algorithm
assigns to each pixel a probability of belonging to a certain cluster. In soft clustering or
fuzzy clustering, each data point can belong to multiple clusters along with its probability
score or likelihood. Fuzzy c-means algorithm generalizes the k-—means algorithm allow-
ing soft clustering. In [4] an alternative Kernelized FCM algorithm (KFCM) that could

improve MRI segmentation is presented.

1.1.4. Active Contour technique ("Snakes")

Active contours, or snakes, are one of the most widely used computer vision tools. Recent
results have shown that they can achieve robust detection performance, and this task is
formulated in variational terms, where an image induces an energy functional on a curve
or surface. Minimizing the functional in a steepest descent manner evolves the surface
towards a local minimum that represents the solution of the problem.

Two examples of this approach are the Geodesic Active Contour (GAC) and the Active
Contours Without Edges (ACWE) algorithms. In the GAC, the energy functional is a
geodesic in a Riemannian manifold with a metric induced by image features, in its sim-
plest case the target borders. The ACWE does not need well-defined borders, and it is
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less sensitive to the initial configuration and the model parameters.

Both approaches are based on the level-set formulation. The curve is evolved by propa-
gating an interface represented by the zero level-set of a smooth function, using a time-
dependent PDE. The resolution of the latter is computationally costly, and in the case
of the simplest finite-difference explicit numerical scheme, it has stability constraints on
the size of the time step. A review of these methods is presented in [5] and it involves

morphological operators.

Morphological Active Contour technique

Monotone contrast-invariant and translation-invariant operators are called morphologi-
cal operators. The idea developed in [5] is to find a relation between differential and
morphological operators, in particular the authors show that the composition of different
morphological operators approximates the numerical solution of PDEs.

In section (2.1.3), we discuss a more exhaustive analysis of these operators, focusing on

their application in medical image segmentation.

1.2. Medical image segmentation for AAA

Image segmentation is widely used for medical purposes, as we have seen in the previous
sections. The automatic detection of features helps doctors in many aspects as diagnosis or

surgical planning. This is true also for pathology concerning the aorta, and in particular,

for the Abdominal Aortic Aneurysm (AAA).

1.2.1. The pathology

The aorta is the main and largest artery in the human body, originating from the left
ventricle of the heart and extending down to the abdomen, where it splits into two smaller
arteries, the iliac arteries. The aorta distributes oxygenated blood to all parts of the body
through the systemic circulation.

In anatomical sources, the aorta is usually divided into sections. The thoracic aorta runs
from the heart to the diaphragm, and the abdominal aorta, from the diaphragm to the
iliac bifurcation. The abdominal aorta travels down the posterior wall of the abdomen,
anterior to the vertebral column. It thus follows the curvature of the lumbar vertebrae. It
runs parallel to the inferior vena cava, which is located just to the right of the abdominal
aorta, and becomes smaller in diameter as it gives off branches [6].

Abdominal aortic aneurysm (AAA) is a localized enlargement, aneurysm, of the abdom-

inal aorta, a vascular disease with a high mortality rate. Usually, the swelling consists
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of two components, the lumen, which is the channel through which blood flows, and
the thrombus, a blood clot surrounding the lumen. In some patients, calcifications, i.e.
accumulations of calcium, form on the artery’s wall and constitute another important
component of the aneurysm.

The enlargement is considered an AAA if the diameter of the aorta is greater than 3 cm
or more than 50% larger than normal. They cause no symptoms but the rupture of the
aneurysm often leds to the death of the patient. In those with an aneurysm less than 5.5
cm, the risk of rupture in the next year is below 1%, while among those with an aneurysm
between 5.5 and 7 cm, the risk is about 10%. Finally for those with an aneurysm greater
than 7 cm the risk is about 33%. The mortality if ruptured is 85% to 90%.

AAAs occur most commonly in those over 50 years old, in men, and among those with
a family history. In particular, AAAs affect 2-8% of males over the age of 65. The most
common risk factors are smoking, high blood pressure, and other blood diseases [7].
There exist two types of AAA, saccular and fusiform. In this thesis, we consider only

patients with a fusiform aneurysm.

Saccular Aneurysm Fusiform Aneurysm

Figure 1.2: Types of aneurysm

To prevent this disease, the most common recommendations are abstinence from smoking,
avoiding overweight and treating high blood pressure and high blood cholesterol. If the

prevention does not work a surgical treatment is needed.

Current guidelines suggest that if the AAA grows too much, over 5.5 cm in males and
over 5 cm in females, or if the maximal transversal diameter grows by more than 5 mm
in a year, the only curative treatment is a surgical approach such as open or endovascular
surgery. In both methods, a stent graft is used to help keep the aneurysm from bursting,
hence previous knowledge of anatomy is extremely useful.

The growth of medical imaging has led to the development of software allowing to create
virtual reconstructions of the AAA. The main tool for medical imaging is the quantitative

analysis of X-rays scan, contrast-enhanced Computed Tomography Angiography (CTA),
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Aortic aneurysm Aortic aneurysm

Graft
Stent graft

Figure 1.3: (A) Open surgery for an abdominal aortic aneurysm (open AAA repair). The
affected segment of the aorta is replaced with a material graft stitched in place. (B)
Endovascular AAA repair (EVAR). A stent graft is placed inside the aneurysm to reline

the aorta and prevent the aneurysm bursting.|8|

and Magnetic Resonance Imaging (MRI). The latter are essential to assess aortic anatomy,
identify the pathology and perform preoperative planning in vascular surgery. All of this
information are crucial for the choice of the graft that has to be used in the treatment,

hence the detection of the AAA has the utmost importance.

1.2.2. Medical imaging of AAA

The starting point for every detection algorithm is a set of images of the anatomy of the
patients. There are three main imaging technologies: X-rays, Computed Tomography
scan (CT), and MRI.

X-rays are the most used since they are easy to use, non invasive, and cheap. Even if
they have low radiation compared to CT scans they can have side effects, moreover they
do not produce high-quality images.

The CT/CTA (CTA are specialized CT for vessels and arteries) is the investigation of
choice for evaluating the aorta. Very accurate imaging of the aorta is possible with reason-
able doses of iodinated contrast medium, which is handed out to the patient intravenously,
but for various purposes, they can also be used intra-arterially. The latter enhances the
visibility of vascular structures and organs during radiographic procedures.

CTA accurately shows branch vessel anatomy as well as the configuration of complex
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aortic aneurysms and dissections, moreover is the best method for showing calcification
in the aortic wall. The best current CT/CTA should have an accuracy approaching 100%
in assessing the size of the aorta, detecting dissection, and showing branch vessel anatomy
[9]. The drawback of the CT scan is the high quantity of radiation used during the scan.
Unlike the previous technologies, MRI has no exposure to radiation. The principal disad-
vantage is the cost of the operation, which, in addition, can be unpleasant for the duration
and the loud noise during it.

In the following, we will focus on CT/CTA and we will consider only data from CT/CTA
scan since it is the technology mostly used to detect AAA.

Figure 1.4: Example of CTA scan

1.2.3. The Hounsfield Scale

CT and CTA are images where tissues, bones and organs are characterized by attenuation
values. The latter are defined as the radiodensities of each material, which describe the
relative inability of radiation to pass through a particular material. Attenuation values
are expressed, according to a linear density scale, as “Hounsfield units” (HU), after Sir
Godfrey Newbold Hounsfield, the inventor of CT scanning. In the Hounsfield scale, water

is arbitrarily assigned a value of 0 HU. All other CT values are computed according to

HU = 1000 - Htissue — MHQO,

HH20

in which p is the CT linear attenuation coefficient.

The HU values for each pixel are converted into a digital image by assigning a gray-scale
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intensity to each value, the higher the number the brighter the pixel intensity.

Some approximate HU values for tissues commonly found on CT scans are shown in 1.1.

Table 1.1: Hounsfield units for different tissues [10]

Hounsfield units Tissue
1000 Bone, calcium
100 to 600 lodinated CT contrast
70 Blood
35 Gray matter
20 to 40 Muscle, soft tissue
0 Water
-30 to -70 Fat
-1000 Air

Looking at the table it is clear why an iodinated medium is used. Increasing the HU
value of the blood in the aorta will change the intensity of the pixels corresponding to
the lumen, making the detection of the latter easier. Unfortunately, the medium does not

affect the thrombus, hence the detection of the blood clot is more challenging.

1.2.4. Automatic tools for image segmentation

The non-automatic segmentation of the aorta could be a time consuming process. An
expert vascular surgeon has to identify the lumen of the aorta and the thrombus manually.
It is clear that automatising the segmentation could speed up the whole process and,
sometimes, it could be even more precise. Moreover, useful physical quantities can be
extracted from the segmentation, such as the maximum diameter of the aneurysm, which
could decide if a surgical operation is needed.

Currently some semi-automatic and automatic tools has been developed. They mainly

divide in two categories:
e Physic based,
e Data based.

In the first case, the segmentation is performed considering the physic of the problem.
The shape of the aorta, the width of the aorta, or the intensity of the tissues in the CTAs,

are examples of features that are taken into account to identify the lumen.
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In the second case a Deep Learning approach is usually exploited. First, a dataset of non-
automatic segmentation is provided by experts. Then a Convolutional Neural Network
(CNN) is trained and finally, new segmentation can be obtained from the CNN. An
example of this type of algorithm for the detection of AAAs is developed in [11].

The main problem of the second approach is the dimension of the training dataset. To
guarantee good performances of the CNN; the latter should be trained with a great amount
of data, which sometimes can be difficult to obtain.

The first approach, instead, can be implemented independently from the amount of CTAs.

For this reason, in this work, a physic based approach is developed.
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2 ‘ Workflow for an automatic
detection of the aneurysm

In this chapter we will go through the implementation of the algorithm and the choices
that have been made during its development. The algorithm has to detect the three main

components of the AAA, and is divided in three parts:
e Lumen segmentation,
e Thrombus segmentation,
e Calcifications segmentation.

These steps have to be performed sequentially since each of them is crucial for the next
one. In particular, the first step detects the aorta’s lumen, whose segmentation is exploited
for the second part to correctly detect the thrombus. Finally, in the third and last step,

the calcifications surrounding the thrombus and the lumen are segmented.

(a) Lumen (b) Thrombus (¢) Calcifications

Figure 2.1: View of lumen, thrombus and calcifications. (Patient 4)
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2.1. Lumen segmentation

The first step to detect the aneurysm is the identification of the aorta’s lumen. In this
section, we will see how the segmentation is performed and what is needed before its

implementation.

2.1.1. Image pre-processing

Before using any type of algorithm, it is mandatory to perform image pre-processing, to
facilitate the detection of the lumen, removing noise and increasing the intensity of the
pixels of interest.

The very first thing that we perform is the extraction of a Volume Of Interest (VOI) to
reduce the total memory usage and decrease the computational cost. Indeed not all the
pixels of the scan are useful for our intent, hence we simply have to crop the CTA slices,
as shown in Figure (2.2).

This procedure is fully automatic and does not require the selection of the VOI from the

user. We address the implementation of the algorithm in section (2.1.2).

Figure 2.2: (Re-scaled) CTA and (Re-scaled) cropped CTA. (Patient 1)

Second to the cropping, there is the re-sampling. The latter is a standard pre-processing
technique in which we change the size of the pixels. In our case, we resize the volume
such that the pixels become cubic. The effect of the re-sampling cannot be seen through
the image, but it is useful to standardize the image and some algorithms used later could
benefit from that.

At this point, we have to enhance the visibility of the lumen. To do that, we re-scale the
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scans using the following formula [12]:

I = min (255, max <o, <H - (L - %)) x 2%)) (2.1)

where H is the intensity of the pixels expressed in Hounsfield unit, L is the window level
and W is the window width. The window width is the range of the grayscale that can be
displayed, while the center of the range is referred to as the window level.

The idea behind this re-scaling is to map the Hounsfield range of intensity into the stan-
dard gray-scale range [0, 255]. Setting W and L we can evaluate an upper, A* and a lower,
A~ bound such that:

255 if H>M,
7=100 if H< A,
w 255
(H — (L — 7)) * W otherwise,
For the lumen’s segmentation we used L = 40 and W = 400, and with these values the
bounds are AT = 240 HU and A~ = —160 HU, i.e. all pixels that have an Hounsfield

intensity above 240 HU will display in white, the ones below —160 HU will be black, all
the others will take different shape of gray.

We recall that the blood that flows into the aorta has an increased Hunsfield value that
goes above AT thanks to the iodinated contrast medium, therefore the lumen is displayed

in white.

Figure 2.3: Effect of the re-scaling with L = 40 and W = 400. (Patient 1)

From Figure (2.3) we can easily see the effect of the re-scaling but we can also see that the

CTA is affected by noises and it is not homogeneous. Consequently, the difference between
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adjacent pixels could be too sharp. The smoothing part is carried out by the itk library,
in particular, we used the filter curvature_anisotropic_diffusion_image_filter().
This filter performs anisotropic diffusion on an image using the modified curvature diffu-

sion equation (MCDE) [13]-[14].

Figure 2.4: CTA before and after the smoothing. (Patient 1)

As we can see from Figure (2.4) the image is now much more homogeneous and is ready
for the segmentation algorithm.

We must clarify that all the pre-processing steps are performed not iterating over the slices
but directly on the 3D volume. This precaution could be neglected for the re-scaling and
the cropping, but it is extremely useful for the smoothing since, in this way, consistency
along the z-axis is guaranteed. In the following, unless specifically stated otherwise, we

will consider that the algorithms are applied to the 3D volume.

2.1.2. Segmentation

Now we have to extract the segmentation of the lumen from the pre-processed CTA scans.
In order to have a first guess we rely on the shape properties of the aorta.
The algorithm consists in iterating over the slices along the z-axis, from the highest to

the lowest, and for each of them we perform three steps:
e threshold the slice,
e find the contours,
e select the contours with certain properties.

The technique of thresholding is the most trivial approach for image segmentation. In-
deed, it only consists in fixing a threshold e, in this case a value in the range [0, 255],
discarding all the pixels with intensity below e and assigning another value, usually 255,

to the remaining pixels.
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We rely on the library OpenCv for this step, exploiting the function

threshold(blur, tr, 255, cv.THRESH_BINARY). The input parameters are the scan
blur, the threshold tr, the value to assign to the selected pixel, and the type of thresh-
olding algorithm to use. In our case, the function loops over the pixels of blur, and each

pixel p is changed to p,e, performing the following operation

255 if p>tr,
Prnew =

0 otherwise.

The output is a binary image according to the threshold.

e
Figure 2.5: CTA before and after the thresholding. (Patient 1)

It is worth showing the result of the thresholding technique applied to the raw CTA
instead of the smoothed scan. This comparison helps us to understand the reason behind
the smoothing. Without the denoising part, the thresholding collects spurious pixels that

in some slices could affect the following steps.

Figure 2.6: Raw CTA before and after the thresholding. (Patient 1)

We use, again, a function from OpenCv to find the contours of the output image. The
command findContours(thresh, cv.RETR_TREE, cv.CHAIN_APPROX_SIMPLE) returns
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all the contours of the binary image (thresh) given as input. The function detects a pixel
p as contour’s point if at least one pixel, among its 8 neighborhoods, has value of 0.

The second input of the function is the algorithm to sort the contours, whose implemen-
tation is developed in [15]. The last input is the method for storing the contour’s points,
in our case we do not save all the contour’s elements but we compress horizontal, vertical,

and diagonal segments saving only their endpoints.

Figure 2.7: Thresholds and corresponding contours. (Patient 1)

For the last step, we need a filter that discards all the contours except the ones of the
lumen. In the majority of the slices, the aorta has a regular shape, usually circular. We
can exploit this fact to construct our filter.

The properties that we use to discriminate the contours are three geometrical aspects.
The first and most trivial is the Area. We can easily find bounds of the lumen’s area and
discard the contours with area too small or too big. Even if this filter removes for sure
some spurious contours, it is not enough.

The second geometrical aspect to consider is the Solidity. The latter is defined as:

Area
ConvArea’

where C'onvArea is the area of the smallest convex set that contains the contour. A value
of Solidity equal to 1 tells us that the selected contour is convex, if instead the Solidity
goes towards 0 there is a high probability that the contour is irregular and consequently
it has to be discarded.

The last property is the aspect ratio, which, again, is defined as a fraction:

min

4 min(w,h)

mazx(w, h)

Y

where w and h are the width and height of the bounding rectangle of the contour. A high
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value of aspect ratio corresponds to a contour not too elongated in some direction, hence
more likely to be a circle. Also in this case we can discard all the contours with values of
aspect ratio below a fixed value.

We can see from Figure (2.8) that the filter works correctly since only the lumen’s contour

is kept.

Figure 2.8: Contours before and after the geometrical filter. (Patient 1)

As previously stated, the aorta does not always have a smooth circular shape. Indeed,
in the abdomen area, where the thrombus is attached, it could have some irregularities.
This problem can be solved by imposing an axial consistency.

Since we are looping over the slices in the z direction, we can add a backup filter if the
geometrical one fails. The most natural solution is to impose that the contours in one
slice must have an intersection with the previous one, that is spatially collocated above.

This trick should cover all the pathological cases that the algorithm could encounter.

After the detection of the aorta’s lumen, we still have to refine the segmentation. To cope
with that, from now on, morphological snakes will be extensively used. Therefore we give
an overview of the mathematical background and the features of these new operators, but
before that, we must clarify how the methods described in this section have been used in

the cropping part of the pre-processing.

Cropping

Cropping is the first step to perform in order to speed up the algorithm.

We want that the detection tool is fully automatic, therefore each step, including the
cropping, should be performed without the user’s inputs. To extract the VOI, we need
to choose a criterion to determine where the aorta is. We loop through the slices of the

original CTAs scans, along the z-axis, and we collect the contours which satisfy certain
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geometrical properties. From the first guess of the lumen, we need to extract the bounds
of the VOI. Regarding the x and y bounds we simply collect the maximum and minimum
coordinates of the lumen’s segmentation, and we expand them by a few centimeters in
order to contain the aneurysm. The z bounds, instead, are obtained in the following way.
The upper bound z,,,, is set to be the last slice which contains the mesenteric artery,
a vessel attached to the lumen and easy to detect. The lower bound z,,;, is taken in
correspondence to the iliac bifurcation. At this point, we can crop the volume and pass

it as input to the lumen segmentation.

2.1.3. Morphological snakes

In this subsection the mathematical formulation of the morphological snakes and their
relation with differential operators is discussed in more detail.

Differential operators are fundamental tools in the computer vision and graphics commu-
nities. They are key to contour evolution with PDEs, where the infinitesimal change of a
contour is given by a differential operator. Let C : RT x [0,1] — R? be a parametrized
2D curve over time. A differential operator L defines the curve evolution with the PDE
%—f = C; = L(C). Different forms of L result in different types of evolution. The most
trivial is L(C) = N, where N is the normal of the curve. With this choice, the curve
moves along its normal direction with constant velocity.

Since working with an explicit form of C is not easy, a level set method has been developed

in which the curve is represented implicitly as level set of an embedding function [16]. In
other words, C(t) = {(z,y);u(t,(z,y)) = 0}, where u : RT™ x R? — R is the embedded

function. With this representation the curvature equation C; = N becomes
ou
— = +|Vul. 2.2
2 = 4|V (2.

Another important equation is C; = KN, where K is the Euclidean curvature of C. The

latter in the new formulation becomes
= = divl —) . . 2.
T 1V(|Vu|) |Vul (2.3)

Morphological operators are monotone contrast-invariant and translation-invariant oper-

ators. The most common ones are the dilation and the erosion operators. A dilation Dy,
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with radius h of function u is defined as:

Dpu(x) = sup u(x+y),
y€hB(0,1)

while the erosion has a similar form:

E = inf .
K0 = lBan 1Y)
In both definitions, B(0, 1) is the ball of radius 1 centered at 0 and the term hB is the
set B scaled by h, i.e., hB = {hx : x € B}.

Some differential operators can be expressed as morphological operators. The key idea of
these connections is to study the infinitesimal behaviour of morphological operators. It is
has been proved in [17] that:

D
lim = 0% |Vul,
h—0t h
Fou —
lim = 7% —|Vul.
h—0+ h

This means that the successive application of Dy, with very small radius, lim,, o0 (D¢ /m) ™ o,
is equivalent to the solution of 2% = |Vu|, with initial value u(0,x) = ug. A similar
argument can be made for Fj,.

Thanks to this behaviour, we can approximate the level-set evolution PDE (2.2) using
the morphological operators Dy, and Ej,. In [5] a more advanced curvature morphological
operator that approximates (2.3) is introduced, but here we will only focus on the defini-
tion of the morphological snakes used for segmentation.

To summarize, we have now a set of morphological operators — dilation, erosion and
the advanced curvature flow operator — which have an infinitesimal behaviour like PDEs
(2.2) and (2.3) respectively. These two PDEs are fundamental in many practical ap-
plications, since they are part of many contour evolution rules. Thus, given a PDE of
contour evolution which includes terms (2.2) and (2.3), we may compose their correspond-
ing morphological operators to approximate the solution. In other words, now we can use

mathematical morphology to evolve contours.
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Morphological GAC

In the GAC framework, an energy functional, which depends on pixels’ intensity I, is

assigned to a curve,
1
B = [ o),
0

where |C(p)|dp is the Euclidean arc-length parametrization of the curve, and g(I) =
g(I(C)). The term g(I) : R? — RT describe the content of the image computing the
gradients of pixels’ intensity and it allows us to select which regions of the image we are

interested in. Tipically it takes the following form:

1

W= aN@, o

where in this case G,* is a Gaussian filter with standard deviation o. This definition of
g(I) is low in the edges of the contours, where the gradients of I are steep, hence the
functional will attain the minimum along the edges.

The GAC method consists in minimizing the energy functionals in a steepest-descent way,
in particular it can be proved that the local minima are reached at the steady states of

the differential equation
C = (g(I)-K — Vg(I) - N)N.

The novelty of the morphological GAC is to rewrite this equation in terms of a level set

implementation

du
ot

Vu

= g([)|Vu|diV(|v—u> + Vy(I)- Vu. (2.4)

Within the latter expression we recognize PDEs (2.2) and (2.3), which can be solved by
means of morphological operators.

In the complete version of the GAC, two additional terms, forces, are added in the PDE.
The first one is the smoothing force, which tends to smooth the hyper-surface, the second
one is the balloon force, which inflates or deflates the hyper-surface in areas of low gradient.

For the complete description of the problem see [5].

Morphological ACWE

Chan and Vese [18] define an energy functional for image segmentation which takes into
account the content of the interior and exterior regions of the curve (or surface), in

contrast with the GAC, which define its energy functional, taking into account only the
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pixels’ intensity gradients along the curves.
The ACWE functional of a curve C is:

F(c1,¢0,C) = p-length(C) + v - area(inside(C))

—i—)\l/ I(x) — c1]|dx
inside(C)

Y / 1(x) — el dx,
outside(C)

where the non-negative parameters u, v , Ay and Ay control the strength of each term,

while ¢; and ¢y evaluate the mean intensity inside and outside the contour:

I(x)dx
dx '

foutside(C)

L/;nside(C) I(X)dX

dx

cl = Cy =

finside(C ) f outside(C)
In this case, the level set formulation, that has to be solved through morphological oper-

ators, reads as

ou (NVu e IRY
5 = \Vu\(u le(\Vul) v — M —ca) + X 62)). (2.5)

We will see in the following sections how these two morphological snakes are used and

their effect on the segmentation.

2.1.4. Refinement

Although the geometry of the aorta helped us to obtain a first guess of the lumen, we still
have to check the segmentation and solve possible issues.

The two most frequent problems are the missing segmentation of the lumen’s aorta (for
example after the bifurcation of the iliac arteries) and the over-expansion of the segmen-
tation to smaller arteries attached to the aorta. Both problems can be solved exploiting
morphological snakes.

For this part the morphological_chan_vese(), implemented in the scikit library, has
been choosen, since it is faster and more suitable if we only have to perform a smoothing
and an expansion in region with high intensity pixel values.

The algorithm has to minimize the functional defined in (2.1.3), exploiting the level set
formulation (2.5). We have already seen in the previous chapter that the key to solving
the equation is evolving the contour through successive application of the morphologi-

cal operators. In practice, we use the discretized version of them. The dilation D, and
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eroston Ej, are approximated by

Dapli. ) = | max | p(i+00,5+0])

Ea(p(i,7)) = | min | pli + 00, + 0j)
In other words, the new value of a contour’s pixel p depends on the 8 neighborhood pixels
and p itself. The complete description of the algorithm and the approximations of other
morphological operators can be found in [5].
If we look at Figure (2.9) , we notice how the operator is able to improve the segmentation.
We underline that the z-axis consistency it is crucial, because without it the operator could

not be able to detect irregularities between different slices.

Figure 2.9: Segmentation before and after the morphological operators. (Patient 1)

At the end of the refinement, we obtain a smoothed guess of the lumen, consisting of the
aorta and the iliac arteries. Even if the smoothed guess is enough to detect the thrombus
and the calcifications, it could be useful detecting also the renal arteries. In fact, their
detection could give the doctors important information to better understand where the
aneurysm develops. We perform an additional refinement localized to the renal arteries,
which are positioned right below the mesenteric vessel. We recall that we already know

the position of the mesenteric artery since we use it to crop the initial VOI.

2.1.5. Other tissues

In every CTA scan, other tissues could be segmented apart from the three structures that
we have to detect. Looking at Table (1.1) we notice that the spine (bones) has the highest
HU attenuation value and hence could be easily detected, moreover, all the arteries in
which the medium flows are displayed in bright colors.

The spotting of the spine and the arteries is mandatory for two main reasons. The first
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reason is about completeness, instead of having just the lumen and the thrombus it is
better to detect also all the structures, which could be helpful for the doctors. The second
reason is purely practical, indeed the segmentation of the spine and other vessels is used

in the thrombus detection.

Figure 2.10: Segmentation of lumen, spine and arteries. (Patient 1)

The same process of refinement through morphological operators is applied for arteries
and spine, but we have to re-scale the image with different values of the parameters. We
want to highlight even more the low-intensity tissues, hence we set L = 40 and W = 50.
We do not perform smoothing on the new set of re-scaled scans because we already have
an initial guess, therefore we do not have to detect contours, moreover, if we avoid the
smoothing, we ensure that the black pixels between the thrombus and spine will not

become brighter. For ease of understanding, we still show the contours on the smoothed
CTA.

Figure 2.11: Effect of the re-scaling with L = 40 and W = 50. (Patient 1)

From Figure (2.12) we see how important is the refinement for the spine, in fact, some
slices contain the bones and the cartilage that has a lower intensity. Thanks to the

refinement in all the scans both bones and cartilage are detected.
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Figure 2.12: Segmentation of the spine and arteries. (Patient 1)

We also see that a little part of the spine segmentation extended inside the thrombus
area. Anyway, if we consider the balance of benefits and risks, it is better to refine the
spine as we did for mainly two reasons. The over-extension is only present in a few slices
and, more importantly, it does not affect the thrombus segmentation too much if some

precautions are taken in the next sections.

2.2. Thrombus segmentation

After the first part of the algorithm, we detected the lumen, the spine, and other vessels.
The second and most challenging part is the segmentation of the thrombus.

As we have already seen in the previous pictures, the thrombus has an intensity that can be
similar, sometimes equal, to surrounding tissues, therefore a more advanced segmentation

strategy has to be implemented.

2.2.1. Image pre-processing

As we did for the lumen, we have to pre-process the CTA scans to facilitate the detection
of the thrombus. The re-scaling is performed using (2.1), fixing W = 200 and L = 40.
With this values the bounds are A™ = 140 HU and A~ = —60 HU. If we focus on A" we
notice that it decreased by 100 HU with respect to the bound used for the lumen, this
allows us to display in brighter color even the thrombus, which has a lower Hounsfield
attenuation value. The drawback of the re-scaling is that also the other tissues that are

not thrombus are more visible and hence more likely to be segmented.
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Figure 2.13: Effect of the re-scaling with L = 40 and W = 200. (Patient 1)

After the re-scaling, we smooth the image with the same itk filter but with different
parameters. This time we lose some homogeneity but in exchange, we preserve some

black pixels which are necessary to distinguish the aneurysm from the other structures.

Figure 2.14: Segmentation before and after the smoothing. (Patient 1)

Now we can go further and exploit the previous steps. At the end of the lumen segmen-
tation, we decided to detect the spine and vessels, which of course are not part of the

aneurysm. Consequently, we can simply remove their segmentation from the pre-processed

CTA scans.

This trick partially solves the problem of over-expansion in unwanted regions and gives

us the starting point for the thrombus segmentation.

2.2.2. Segmentation

The segmentation of the thrombus represents the most challenging part due to the anatomy
of the patients. The thrombus can have different shapes and dimensions, moreover, it can

be easily confused with surrounding tissues having the same intensities.
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Figure 2.15: Effect of the deletion of spine and vessels. (Patient 1)

For those reasons, the segmentation cannot be done in just one step but it has to be
divided into sub-problems. In particular, three main steps are performed to get the final

segmentation:
e Over expansion,
e Reshaping,
e Refinement.

Now we will go through each of these steps, focusing on the implementation and the

problems that they address.

Over expansion

The first stage has been developed to cope with the problem of the thrombus’s low inten-
sity. Even after the re-scaling, some parts of the thrombus could remain not well defined,
and this could lead to an underestimation of the thrombus’s dimension, which is the most
important indicator to decide whether to operate or not.

To guarantee that the aneurysm is not under-estimated we can perform an enhancement
of the intensity of the pixels. The latter constitutes a sort of hard re-scaling in which
the value of some pixels is increased to a higher value. Practically speaking, we need to
enhance the value of the pixels corresponding to the thrombus, but, since we do not have
this information, we set a range of intensity P and we change all the pixels within that

range. For example

180 if peP,
P =90,140], p=
p otherwise.
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The choices of the range and the new intensity are not patient-dependent but they have

been tuned during the development looking at different CTAs.

Figure 2.16: CTA before and after the pixel enhancement. (Patient 2)

From Figure (2.16) we can note that the operation enhances the pixels of the aneurysm
correctly, but also brightens the pixels of blood vessels near the thrombus. This problem
is addressed in the next steps, now we have to make sure that all the thrombus is detected.
The detection of the thrombus becomes straightforward now that we have the enhanced
CTA. Exploiting the lumen’s guess and the operator morphological_chan_vese(), we

can expand the initial segmentation towards the thrombus.

Figure 2.17: Over expansion of the morphological snake. (Patient 2)

Figure (2.17) confirms what we said above. The morphological snake detects the throm-
bus, it expands through other blood vessels and it stops when the number of iterations is
reached.

Intuitively we should try to find the right number of iterations so that the thrombus is
detected while the other tissues are neglected, but is clear that this approach is not robust
and is patient-dependent. We let the morphological snake expands and then in the next

steps we modify the contour exploiting the shape of the thrombus.
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Reshaping

After the application of the morphological snake on the enhanced CTA, we have a first
guess of the aneurysm but with some ill-detected extensions, mainly blood vessels close
the thrombus. The reshaping technique addresses the problem, exploiting the shape of the
aneurysm, which could have different dimensions but usually, it develops in a circular/oval
form. A way to remove the spurious extensions of the segmentation could be performing
an image convolution.

An image convolution is an operation that consists in going through each image’s pixel p,

and performing a calculation between p and its neighbors pixels. This process needs:
e input image,
e morphological operator,
e convolution matrix.

The input image could be a segmentation in a fixed slice, id est a 2D matrix filled with
0 (pixel detected as not thrombus) and 1 (pixel detected as thrombus). Then we need
to choose the morphological operator, which could be erosion, dilation or a combination
of them. The last ingredient is the convolution matrix, or kernel, which decides how the
pixels interact with each other. In particular, the kernel is a 2D matrix that indicates,
for the currently processed pixel p, which are the neighbors to consider during the com-
putation. The kernel’s element could be 1 (neighbor to consider), or 0 (neighbor to not
consider). Moreover, the matrix could be 3 x 3, including only the adjacent neighbors of
p, or could have larger dimensions, if we want to take into account more distant pixels.
Together with the kernel, we also select the anchor point, which defines how the kernel is
positioned with respect to the pixel p currently processed during the operation.

To better understand how it works, let’s say we want to perform an erosion on a 2D

image. We select a kernel defined as:

|
—_ = =
—_ = =
—_ = =

with anchor point at the center of the matrix.
We already saw the definition of erosion and dilation, here we give an equivalent inter-
pretation. The erosion is a morphological operator that given a pixel p and a set B with

Np pixels, sets p = 1 if all the pixels in B are equal to 1, otherwise it sets p = 0. In other
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words:
Ep,B) =1 <<= b=1 Vi=1,...,Np

This operation is performed on every pixel p of the original image and for each pixel the
set B is obtained trough the kernel K. In our case, since the anchor point is at the center
of the matrix, the set B contains the current pixel p and the 8 neighborhood pixels. If

instead K was defined as:

K —

o O O
— = O
o O O

with anchor point at the center of the matrix, the set B would have contained only the
current pixel p and its underlying neighborhood. So that changing the values and the
dimension of K changes the effect of the erosion, the larger and fuller the matrix, the
stronger the erosion.

The dilation follows the same idea, but with a different definition:

For our purpose the first thing to consider is that the dimension of the thrombus along
the z-axis can change, hence we have to iterate through the segmentation’s slices and
perform the reshaping of our guess on the 2D segmentation and not on the whole volume.
For each slice we select the segmentation’s contour and we evaluate its length, this give
us information about the dimension of the thrombus in that slice.

At this point we want to perform a 2D convolution using a combination of erosion and
dilation called opening. In particular we apply the erosion operator first, to remove
the spurious extension, then we exploit the dilation to recover the size of the original
segmentation. The last crucial step is the choice of the kernel. Since we observed that

the aneurysm has a circular shape we can select an elliptical kernel, which has the form:

0001000
0111110
1111111
K=|1111111
11111171
0111110
0001000

The kernel shown above is an example of elliptical kernel with dimension 7. In the
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algorithm, the dimension is evaluated computing the radius from the length of the seg-

mentation’s contour. In other words:

K e Rrxr’ ro— Vength(contour)J '

2

The functions used for the reshaping are taken from the OpenCv library which implements
morphological operations with different kernels. Now that we have all the ingredients we

can iterate trough the slices and perform the reshaping.

Figure 2.18: Segmentation before and after the reshaping. (Patient 2)

From Figure (2.18) we see the effect of the convolution on the contour, in particular we
can observe that the spurious extensions are removed and the contour has a smoother

behaviour.

The reshaping gives us a double advantage. First of all, as we have seen, it transforms our
first segmentation into a more realistic guess of the thrombus, second of all, it identifies
the spurious extensions. We can remove them as we have done for the spine, by computing
the difference between the two segmentations and subtracting it from the original slice.
In this way, we give as input for the next steps a CTA in which for sure the segmentation

cannot grow towards tissues that are not part of the thrombus.

As we can see from Figure (2.19) now in the CTA black pixels substitute the spurious

extensions, preventing the segmentation to grow towards that region.

Refinement

In some patients, after the reshaping part, we have already a good segmentation of the

aneurysm, but a refinement process is still mandatory. We recall that the reshaping has
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Figure 2.19: CTA before and after the removal of the spurious extensions. (Patient 2)

been performed on the single slice, hence not taking into account an axial consistency
along 2z, moreover, we need to adjust the segmentation where the previous step has par-
tially failed.

This last refinement step is carried out by a different morphological snake, the
morphological_geodesic_active_contour(). The definition and the difference with
the other operator have already been discussed in (2.1.3), here we focus on the actual
features of the morphological snake.

The morphological GAC has the advantage of being more conservative, it does not
simply expand in regions with similar pixels’ intensity, but it tries to stop when an
edge of the object is encountered. Therefore, we need to highlight the borders of the
thrombus in the CTA scans. We can perform this transformation using the function
inverse_gaussian_gradient () of the scikit library. Given an image as input, it com-
putes the magnitude of the gradients in the image, hence for flat areas where the pixels
have the same intensity the gradient will be 0 or very small. Near the edges, where there is
a fast transition and therefore a sharp difference between the pixels, the gradients will be
very high. In practice, the output image will have inverted values, flat areas are assigned

values close to 1, while areas close to borders are assigned values close to 0.

In Figure (2.20) we can distinguish two main edges, the first one is between the lumen
and the thrombus, and the second one is between the thrombus and the exterior. Since
our guess starts outside of the lumen, it stops on the second edge, which is the one that
we are interested in. Notice that if we have started the thrombus segmentation directly
from this step we would have encountered difficulties since our first guess was the lumen
segmentation and the algorithm would have not been able to expand through the first
edge. We can also observe that the removal of the spurious extensions has the effect of

creating a sharp gradient between the thrombus and other tissues, which suits perfectly
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Figure 2.20: CTA and CTA’s magnitude gradients. (Patient 2)

for our intent.
Figures (2.21) and (2.22) show the effect of the refinement. In the first case, only mi-
nor changes are made to the segmentation, in the second we see the importance of the

morphological GAC.

Figure 2.22: Segmentation before and after the morphological GAC. (Patient 3)
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Before leaving the thrombus segmentation we perform a localized last refinement. Right
above the iliac bifurcation the thrombus changes dimension rapidly and could have ir-
regular shapes. Due to this behavior, the reshaping part could fail and could give poor
input to the refinement part, such as CTA scans in which the thrombus has been removed
because considered as other tissue. To solve this problem, we perform an additional re-
finement localized to the iliac bifurcation. The procedure is the same as before, but the
input of the morphological snake changes. In the former refinement, we removed the spu-
rious extension from the CTA scans before using the morphological GAC. This time, we
omit the removing part so that we can segment the part of the thrombus that had been

wrongly removed.

Figure 2.23: Segmentation before and after the localized refinement through GAC. (Pa-
tient 3)

2.3. Calcifications

Calcifications are accumulations of calcium which are located on the walls of the aorta. We
recall that calcium has a high Hounsfield value, therefore the challenge is not identifying
the calcifications but choosing where to search them. This fact makes the segmentation

of the calcifications strongly dependent on the detection of the lumen and the thrombus.

2.3.1. Image pre-processing

Calcifications divide into two types. The first ones are located on the walls of the healthy
aorta, where there are no blood clot, and their characteristic is the strong brightness even
in the raw CTA (not re-scaled).

The second type, which is placed on the thrombus’s walls, usually has a lower intensity,

therefore its segmentation needs a re-scaling of the input image. In particular, we will use
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(2.1) with W =400 and L = 40, the same parameters used for the lumen.

2.3.2. Segmentation

We start by detecting the calcifications with high brightness. We loop over the CTAs and
for each slice, we select the domain in which we will search the calcification. The region of
interest is obtained by exploiting the segmentation of the lumen. Since we know that the
calcium builds up on the artery’s wall, we can dilate the original lumen segmentation to
obtain a slightly bigger region, then we erode the original segmentation to get a smaller
one. Finally, we take the difference of these sub-regions, which has a ring-shape, and we
apply it, as a mask, to the CTA.

Since the lumen’s guess should contain the calcifications, we usually need a small kernel
for the dilation, while it is better to use a big kernel to get a stronger erosion. In the code

we selected Kerosion € R¥2*2 and K gijation € R?*?, both the matrix filled with ones.

Figure 2.24: Ring-shaped mask for the lumen calcifications. (Patient 4)

Then we apply a threshold on the ring-shaped region to detect the calcifications.

Figure 2.25: Threshold for the lumen calcifications. (Patient 4)

The same procedure applies to the segmentation surrounding the thrombus. The main
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differences are that we use the thrombus segmentation instead of the lumen’s and we use

a re-scaled CTA to enhance the calcifications.

Figure 2.26: Ring-shaped mask for the thrombus calcifications. (Patient 4)

Figure 2.27: Threshold for the thrombus calcifications. (Patient 4)

As we can see from Figure (2.27) if we use a re-scaled CTA also the lumen is enhanced
and could be detected as calcification. This problem is trivially solved by removal the
lumen’s segmentation from the threshold.

At the end of the detection we exploit once again the morphological operators erosion

and dilation to remove isolated pixels which are wrongly selected by the threshold.

2.4. Indicators

We started the discussion by saying that the detection of the aneurysm could help doctors
and support them in the pre-surgery decisions. The 3D segmentation gives us an overview
of the thrombus’ shape and dimension, but it does not give quantitative information. In
the literature [19], many indicators that could be useful, have been defined. Our goal for
this last section is to implement the most meaningful quantitative indicators and evaluate

them for each patient.
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Figure 2.28: Removal of the lumen. (Patient 4)

The first indicators which can be computed are the volumes, V;, of lumen, thrombus, and
calcifications. However, instead of looking at the absolute quantities, it is more useful to
provide the relative volumes, RV}, expressed as percentage of the whole volume, formed
by the union of the three segmentations. The percentages give us a first quantitative sight
of the dimension of the aneurysm and the presence of calcifications. The definitions are

straightforward:
V;

V;ot

where 7 can be referred to calcifications, lumen or thrombus, while #pixel is the number

Vi = (#tpizel;) - (Spacing)g, RV, - 100,

of pixels composing the segmentation and spacing is the physical dimension of a pixel’s
edge.

The next step to define other indicators is the computation of the vessels’ centerline. A
precise definition of centerline can be given as the line drawn from the two outermost sec-
tions of a tubular structure which locally maximizes the distance from the vessel boundary
(see [20] to have more information). In order to compute the centerlines we exploit the
vtk and vmtk libraries. In particular, we will use vtk to extract the surface of our seg-
mentations, while we will take advantage of vmtk to actually compute the centerlines [20].
This process is performed both on the healthy lumen and the lumen plus the aneurysm,
such that we can quantify the effects of the pathology with different indicators.

As already said in Chapter 1, current medical guidelines suggest that the surgery is the
only way to go when the aneurysm grows excessively. Therefore, the maximum diameter,
D, ae of the aneurysm is for sure an indicator that has to be computed. To evaluate the
maximum diameter, we iterate through the points p of the centerline, where we evaluate
the local normal vector n as the unitary vector tangent to the centerline at the point.
Then we construct a plane 7 passing trough p with normal n, and we intersect it with the
segmentation. This gives us the slice of the segmentation perpendicular to the centerline

in a given point, from the latter slice we evaluate the diameter. We underline that the
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maximum diameter is computed as that of the smallest circle enclosing the intersection.

Figure 2.29: View of a vessel’s section (Patient 4)

The last indicators that we compute are the tortuosity 7 and the asymmetry factor S.

The tortuosity can be defined as:

_ length(centerline)

)

~ straight _length

where straight length is the Euclidean distance between the ends of the centerline. A
value of 7 close to 1 indicates a straight vessel while a small value of 7 is symptom of a
curved artery.

The asymmetry factor [19] is a measure of how distant the lumen’s and thrombus’ cen-

terlines are, more precisely:

de
Dmax ’

where d, is the distance between the lumen centroid and the thrombus centroid of the

B=1 -

cross section where the maximum diameter, D,, ., is located. If § = 1 the two centerlines

coincides on the slice containing the bigger section of the aneurysm, hence the lumen is
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located more or less at the center of the thrombus, if instead [ is close to zero, it is likely

the the aneurysm has not developed homogeneously around the aorta.
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Now we show and comment on the results of the algorithm, which has been tested on four
different patients with abdominal aortic aneurysm. Unfortunately, we could not get the
segmentations provided by an expert, therefore we could not measure the errors between
the automatic and the manual segmentation. However, we could still judge the work of

the algorithm by looking at the CTA scans combined with the segmentation.

3.1. Lumen

We started the work detecting the lumen, which, we recall, is the passageway through
which the aorta’s blood flows. The algorithm based on the shape and the intensity of the
aorta works fine, it is able to detect the aorta without meaningful errors. Another pos-
itive result is the robustness of the algorithm which, even without changing parameters,
provides good detection for each patient.

From the lumen segmentation we can immediately notice how the iliac arteries are at-
tached to the aorta and, more importantly, we can spot the region, right above the iliac
bifurcation, on which the aneurysm will grow. Moreover, we visualize how the renal ar-
teries develop. Concerning this last point, in Patient 4 there are two exceptions. First of
all the VOI contains the mesenteric vessel, which is correctly detected, but, unfortunately,
the renal arteries are not well displayed from the CTA scans, hence we identify only the
beginning of their attachment to the aorta.

The last thing that we can observe from the lumen segmentation is the variety of anatomy
that the aorta can have. The latter is one of the main problems which make the aneurysm’s

detection not trivial.
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AN,

(a) Frontal view (b) Posterior view (c) Lateral view

Figure 3.1: Lumen segmentation of Patient 1

i)

(a) Frontal view (b) Posterior view (¢) Lateral view

Figure 3.2: Lumen segmentation of Patient 2
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(a) Frontal view (b) Posterior view

(c) Lateral view

Figure 3.3: Lumen segmentation of Patient 3

43
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(a) Frontal view (b) Posterior view

(c) Lateral view

Figure 3.4: Lumen segmentation of Patient 4
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3.2. Thrombus

The main goal of the automatic tool was the detection of the aneurysm, from which we can
extract useful quantities for the doctor. In Figure (3.5) - (3.6) - (3.7) - (3.8) the thrombus
segmentation is shown. The surface of the aneurysm is displayed with a decreased opacity
to enable seeing the difference with the lumen segmentation.

Since the detection of the thrombus was the most challenging part, it is worth showing
some particular slices to see the effectiveness of the algorithm. Figure (3.9) shows two
slices of Patient 1, in particular in the first we see how the algorithm is able to detect
shapes that are not purely oval, while in the second we notice that even if another artery
is attached to the thrombus the algorithm is capable to stop the expansion towards the
vessel. In Figure (3.10), instead, we understand the importance of a morphological snake
(GAC) that evaluates the gradient of an image. In fact, relying only on the intensity
would have expanded the segmentation even further the aneurysm, since there is a high

intensity region surrounding the thrombus.

(a) Frontal view (b) Posterior view (c) Lateral view

Figure 3.5: Thrombus segmentation of Patient 1
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(a) Frontal view (b) Posterior view

(c) Lateral view

Figure 3.6: Thrombus segmentation of Patient 2
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(a) Frontal view (b) Posterior view

(c) Lateral view

Figure 3.7: Thrombus segmentation of Patient 3
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(a) Frontal view (b) Posterior view

(c) Lateral view

Figure 3.8: Thrombus segmentation of Patient 4
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Figure 3.10: Slices of thrombus segmentation. (Patient 3)

The algorithm, in general, produces a precise detection of the aneurysm, however, errors
are still present in some slices.

There are mainly two sources of errors. The first cause of errors is the reshaping part
(2.2.2), which eventually could fail if the aneurysm has lots of irregularities. We already
see in Figure (3.9) that the algorithm is able to detect irregular shapes, mostly due to
refinement. However as we can see in Figure (3.11a) the algorithm partially detects the
aneurysm, missing the outer part, while in (3.11b) it does not expand since it has detected
the thrombus as spurious extension. We point out that this behavior often happens right

above the bifurcation of the iliac arteries, where the dimensions of the aneurysm change
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rapidly, and it is usually solved thanks to the last step of the refinement part (2.2.2).

(a) Slice 144 (b) Slice 145

Figure 3.11: Errors in thrombus segmentation. (Patient 4)

The second type of error is the over-expansion which is more common and, unfortunately,
more challenging to solve. The reshaping part gives us a way to block the segmentation
towards other tissues, however, the anatomy of the patients could lead to wrong ovaliza-
tions. We can look at Figure (3.12) to see that if a tissue, with the same intensity of the
thrombus, shares a boundary with the aneurysm could induce the detection to expand
towards that tissue. Eventually, the reshaping will stop the expansion but the segmenta-

tion will contain a spurious detection. We can check this behavior also from Figure (3.6a)
- (3.6Db).
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Figure 3.12: Error in thrombus segmentation. (Patient 2)

3.3. Calcifications

The third part of the algorithm consists in detecting the calcifications of the patients.
As we can see from Figures (3.14) - (3.15) - (3.16) - (3.17), the quantity and the placing
could vary from patient to patient, in particular in Patient 2 it seems that the presence
of calcifications is almost nothing.

Looking at Figure (3.13) we can understand the importance of using a soft dilation while
constructing the ring-shaped region. Indeed we can spot, right outside the thrombus, a
little artery and the spine, which could be wrongly segmented if a stronger dilation was
used.

Some errors could occur also in the detection of the calcifications. The great majority of
them are caused by arteries and bones close to the aneurysm. In fact, even if we use a
soft dilation, the ring-shaped region could contain other tissues with high intensity which

will be segmented by the algorithm. An example is shown in Figure (3.18).
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Figure 3.13: Calcifications segmentation. (Patient 4)

Ay

(a) Frontal view (b) Lateral view

Figure 3.14: Calcifications segmentation of Patient 1
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))

(a) Frontal view (b) Lateral view

Figure 3.15: Calcifications segmentation of Patient 2

2)

(a) Frontal view (b) Lateral view

Figure 3.16: Calcifications segmentation of Patient 3
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(a) Frontal view (b) Lateral view

Figure 3.17: Calcifications segmentation of Patient 4

Figure 3.18: Error calcification detection. (Patient 2)

3.4. Indicators

In this last section, we comment on the indicators we have computed from the segmenta-

tions.
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AAA indicators

Patient 1 Patient 2 Patient 3 Patient 4
RVeaiciy  2.04 % 0.2 % 2.05 % 1.66%
RVihrombus 28.5 % 40.37 % 47.8 % 36.8%
Do 51.1 mm 57 mm 60.3 mm 63.7 mm
Tthrombus 0.12 0.12 0.16 0.24
Ié] 0.87 0.85 0.82 0.98

Table 3.1: AAA indicators for the four patients.

The first thing we notice from Table (3.1), is that three patients have a maximum diameter
greater than 55 mm, which is the threshold to decide if surgery is needed. In particular,
Patient 4 has a maximum diameter that exceeds the threshold by almost 1 cm, an event
that increases dangerously the risk of rupture.

Another important indicator, to quantify the development of the aneurysm, is the relative
volume. It stands out that in Patient 3 half of the total volume is composed of the throm-
bus, which means it has grown significantly. Also in Patient 2, we find a big portion of
the thrombus, while in Patient 1 the thrombus composes only 28.5% of the whole volume.
Looking at the literature, the role of tortuosity and asymmetry in AAA ruptures is not
completely clear. Although we cannot conclude anything from their values, it is worth
evaluating these indicators since they can be used as an additional diagnostic tool and
predictors [21]-[22]. In the case of tortuosity, comparing the lumen and thrombus tortu-
osity could give additional information. In particular, the biggest difference is in Patient
3 which has Ty ompus = 0.16 and Tjumen, = 0.1. This fact is confirmed by the asymmetry
factor #, which is minimum in Patient 3, indicating the presence of an aneurysm that has
developed in a preferred direction.

The last significant factor to consider is the time needed for the whole process. Manual
segmentations take up to 40 minutes per patient, excluding the computation of the indica-
tor, and have to be performed under the supervision of an expert surgeon. The automatic
segmentation takes, on average, 7-8 minutes per patient, detecting all the structures and

computing the indicators.

Finally, we show the centerlines of the patients and some orthogonal cutting of the surface.

We recall that the orthogonal planes are taken with respect to the centerline.



56 3| Numerical results

diameter (mm)
2.6e+01 40 5.1e+01

-_—

(a) Orthogonal cuttings (b) Biggest intersection

Figure 3.19: Centerlines and orthogonal intersections. (Patient 1)

diameter (mim)
2.6e+01 40 5.7e+01

-

s 4

(a) Orthogonal cuttings (b) Biggest intersection

Figure 3.20: Centerlines and orthogonal intersections. (Patient 2)
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diameter (mm)
2.6e+01 40 5.8e+01

—_—

(a) Orthogonal cuttings (b) Biggest intersection

Figure 3.21: Centerlines and orthogonal intersections. (Patient 3)

diameter (mm)
2.6e+01 40 6.4e+01

— -

\ \

A A

(a) Orthogonal cuttings (b) Biggest intersection

Figure 3.22: Centerlines and orthogonal intersections. (Patient 4)
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4: ‘ Conclusions and future

developments

The thesis aimed to implement a fully automatic detection tool capable of identifying the
aorta and the surrounding thrombus, in patients affected by abdominal aortic aneurysm,
a vascular disease with a high mortality rate. This tool can have significant relevance in
helping doctors with the diagnosis of the pathology and the pre-surgical planning.

We started by developing an algorithm to detect the lumen, based on its geometrical
features and its high-intensity contrast in the CTAs scans. To guarantee that all the
lumen was segmented, we also exploited the axial consistency, searching for intersections
between the detection in adjacent slices. Then we refined the first detection guess, solving
a minimization problem through morphological operators. The key idea of this approach
is that differential operators, which compose PDEs (2.4) - (2.5), could be approximated
by the successive application of morphological operators, such as dilation and erosion
After obtaining a good estimate of the lumen, we moved to the more challenging part, the
thrombus segmentation. To properly identify the thrombus, we split the segmentation
into three steps. First, we made sure that the whole aneurysm was detected, we re-scaled
the CTAs scans and we exploited, again, the morphological approach. Then we removed
spurious extensions, using a 2D image convolution, and finally, we performed a last step
of refinement. In the last part of the detection algorithm, we identified the calcifications
around the aorta, and the aneurysm, since they could also be relevant to the doctors’
decisions.

The 3D segmentations that we have obtained give an overview of how, and how big, the
aneurysm develops, moreover they are easier to understand with respect to the CTAs
scans. The doctors could need specific measures of the aneurysm, hence the qualitative
results have to be coupled with quantitative measurements. To cope with that, we con-
struct five different indicators which could support the doctors in their choices.

The algorithm shows good results both in terms of accuracy, and time with respect to
the manual segmentation. The two more meaningful features of the detection tool are the

automatization, in fact, manual inputs are not needed, and the robustness, which derives
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from the fact that the parameters used in the algorithm are the same for all the patients.

In the future, the detection tool can be improved, using more advanced techniques, and
extended towards different frameworks.

If we focus on the segmentation part, the two most crucial decisions are the choice of the
filter and the selection of the segmentation technique. We decided to use a filter that,
while smooths, tries to preserve the edges of the images. Even if it gives us satisfying
results, compared to the other tested filters, we can perform broader research on that
choice. Regarding the segmentation technique, we already saw in Chapter 1 that there is
a variety of different algorithms exploited for medical purposes. Therefore, we can think
of changing the method or, even better, combining different approaches trying to exploit
their best features.

For what concern the indicators, we evaluate the measurements that, looking at the lit-
erature, we considered more relevant. This part can be extended in the future, by asking
about the doctors’ needs and implementing the latest useful indicators.

The final consideration on the implementation regards the available data. We develop
the automatic detection tool by testing the algorithm on four patients only, and this is a
limitation in many aspects. First of all, we have been able to analyze only a few numbers
of CTAs, consequently, we have a restricted knowledge of anatomy and the aneurysm’s
features, and, more importantly, the assessment of the algorithm’s robustness is not opti-
mal. We should improve this aspect by looking at different CTAs, in order to see different
behaviors in the aneurysm’s development and generalize the code.

The quantity of CTAs is an interesting topic also for Deep Learning extension. As we can
read in [11], there is the possibility of changing the approach completely and performing
AAA detection through a Convolutional Neural Network. The usual problem with this
type of method is that we need a large amount of CTAs, coupled with the AAA segmenta-
tion, to train the network. The automatic detection tool that we developed could partially
help in this aspect. Indeed, to have a complete training set, an expert surgeon has to
manually segment all the CTA in the dataset, then, only after this operation, it is possible
to train the network. The automatic detection tool can substitute the expert and speed up

the construction of the training set which will be used during the Deep Learning approach.

The detection tool can also be expanded to different fields. The development of the
aneurysm could depend also on fluid dynamics quantities, hence we could introduce an
additional step in the workflow.

After the automatic segmentation, we can exploit the 3D reconstructions by using them as
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domains to asses fluid dynamics properties before and after surgery. The implementation
of this ulterior step, together with the automatic segmentation, could give to doctors a

complete analysis of the pathology and support the curative treatment of AAA.
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