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Abstract 

The increase in people's life expectancy in recent decades has led to a greater number of diseases to be 

treated and, therefore, means allocating a large part of health resources to the elderly. In order to identify in 

advance the risk factors associated with many of these diseases, the Girona Institute of Biomedical Research 

(IDIBGI) has promoted the Imagenoma de l'Envelliment project, led by Dr Josep Puig Alcántara. This project 

aims to be a pioneer in the study of the patterns of human ageing and involves the participation of more 

than 1000 volunteers over the age of 50. One of the many aspects to be studied is whether the tortuosity 

observed in magnetic resonance images of the large blood vessels in the abdominal area can be a clear 

indicator of a health risk factor. However, there is currently no system available that calculates this 

parameter in this way. From this need arises the present project, with the aim of developing an Automatic 

System capable of estimating, in particular, the tortuosity of the infrarenal aorta and common iliac arteries in 

magnetic resonance imaging. This system will be developed in Python and will combine image processing 

techniques and Machine Learning, which will allow to segment the arteries of interest, obtain their skeleton 

and analyze it to calculate the tortuosity of the artery. Finally, the results of this project will be delivered to 

IDIBGI researchers and will serve to correlate them with the rest of the variables obtained in the study and 

determine if the tortuosity of these blood vessels is a clear indicator of a health risk factor. 
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Resumen 

El aumento de la esperanza de vida de las personas en estas últimas décadas, conlleva un mayor número de 

enfermedades a tratar y, por lo tanto, supone destinar una gran parte de los recursos sanitarios a los 

colectivos de edad avanzada. Con el fin de identificar con antelación factores de riesgo asociados a muchas 

de estas enfermedades, el Institut d’Investigació Biomèdica de Girona (IDIBGI) ha impulsado el proyecto 

Imagenoma de l'Envelliment, liderado por el Dr.Josep Puig Alcántara. Este proyecto pretende ser pionero en 

el estudio de los patrones del envejecimiento humano y consta con la participación de más de 1000 

voluntarios mayores de 50 años. Uno de los muchos aspectos que se pretende estudiar es si la tortuosidad 

observada en imágenes de resonancia magnética de los grandes vasos sanguíneos de la zona abdominal 

puede ser un claro indicador de factor de riesgo para la salud. Sin embargo, actualmente no se dispone de 

ningún sistema que calcule este parámetro de esta manera. De esta necesidad surge el presente proyecto, 

con el objetivo de desarrollar un Sistema Automático capaz de estimar, en concreto, la tortuosidad de la 

arteria aorta infrarenal y de las arterias ilíacas comunes en imágenes de resonancia magnética. Este sistema 

será desarrollado en Python y combinará técnicas de procesado de imagen y Machine Learning, que 

permitirán segmentar las arterias de interés, obtener su esqueleto y analizarlo para calcular la tortuosidad 

de este. Finalmente, los resultados de este proyecto se entregarán a los investigadores del IDIBGI y servirán 

para correlacionarlos con el resto de variables obtenidas en el estudio y determinar si la tortuosidad de estos 

vasos sanguíneos es un claro indicador de factor de riesgo para la salud. 
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Resum 

L'augment de l'esperança de vida de les persones en aquestes últimes dècades, comporta un major nombre 

de malalties a tractar i, per tant, suposa destinar una gran part dels recursos sanitaris als col·lectius d'edat 

avançada. Per tal d'identificar amb antelació factors de risc associats a moltes d'aquestes malalties, l'Institut 

d'Investigació Biomèdica de Girona (IDIBGI) ha impulsat el projecte Imagenoma de l'Envelliment, liderat pel 

Dr. Josep Puig Alcántara. Aquest projecte pretén ser pioner en l'estudi dels patrons de l'envelliment humà i 

consta amb la participació de més de 1000 voluntaris majors de 50 anys. Un dels molts aspectes que es 

pretén estudiar és si la tortuositat observada en imatges de ressonància magnètica dels grans vasos 

sanguinis de la zona abdominal pot ser un clar indicador de factor de risc per a la salut. Actualment, però, no 

es disposa de cap sistema que calculi aquest paràmetre d'aquesta manera. D'aquesta necessitat sorgeix el 

present projecte, amb l'objectiu de desenvolupar un Sistema Automàtic capaç d'estimar, en concret, la 

tortuositat de l'artèria aorta infrarenal i de les artèries ilíaques comunes en imatges de ressonància 

magnètica. Aquest sistema serà desenvolupat en Python i combinarà tècniques de processament d'imatge i 

Machine Learning, que permetran segmentar les artèries d'interès, obtenir el seu esquelet i analitzar-lo per 

calcular la tortuositat d'aquest. Finalment, els resultats d'aquest projecte es lliuraran als investigadors de 

l'IDIBGI i serviran per correlacionar-los amb la resta de variables obtingudes en l'estudi i determinar si la 

tortuositat d'aquests vasos sanguinis és un clar indicador de factor de risc per a la salut. 
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1. Preface 

1.2. Project Origin 

This project arises from a meeting with the director of this project in the facilities of the CMCiB (Comparative 

Medicine and Bioimage Centre of Catalonia) together with Dr.Josep Puig, research coordinator of the IDI 

(Institut de diagnòstic per la imatge). At this meeting the doctor proposed several topics he was working on 

that required an image processing stage, so they were all good candidates to be the subject of this project. 

However, the doctor put a lot of emphasis on a project entitled Imagenoma de l'Envelliment, a highly 

complex project where more than 10 million data have been collected from the exhaustive study of 1030 

patients, with the aim of finding the patterns of aging. Of all the sub-studies that make up this great project, 

he explained to us the great interest they had in finding new risk factors from the acquisition of images of 

the abdominal area obtained by MR. 

Specifically, he explained that to date no one had quantified the tortuosity of the infrarenal aorta and 

common iliac arteries. However, he is certain that aging is reflected in the vascular system, and that 

tortuosity of these vessels may become a clear indicator of a risk factor. 

As a result, the proposal for this project arose based on making an Automatic System (AS) capable of 

calculating the tortuosity of the infrarenal segment of the aorta and the common iliac segment, and then 

correlating the results with the rest of the variables of the global study to determine if there is any 

relationship between them that could serve as an indicator of risk factor. 

1.3. Motivation 

Since before I started studying biomedical engineering I was very interested in medical imaging, as I consider 

that being able to see the inside of the human body without any surgical intervention is fascinating. 

Moreover, beyond seeing the inside, lies the possibility of being able to diagnose with a minimally invasive 

method. 

On the other hand, today this sector is evolving a lot thanks to the development of artificial intelligence, 

which has gained special prominence in medical diagnostic software. These softwares, many of which are 

already on the market, present functionalities created from machine learning and deep learning techniques.  

However, in Biomedical Engineering studies these computer techniques are not learned. Therefore, the 

objective of doing a Bachelor's thesis with this subject was to have a first contact with this field, taking 

advantage of the opportunity to contribute to a challenging and impactful project. 
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Finally, with regard to the project itself, I did not hesitate at any time to take advantage of the great 

opportunity that presented itself. The Imagenoma de l'Envelliment project has a database with 1030 

observations for each variable, and a set of 890 magnetic resonance acquisitions, so it is a perfect 

opportunity to learn how to use and apply machine learning techniques. 

1.4. Previous requirements 

In order to understand the clinical needs of this project as well as for the development and planning of 

possible computer solutions, the following previous knowledge has been required: 

- Basic knowledge of the anatomy involved in the project 

- Basic knowledge of medical imaging techniques, in particular MRI 

- Intermediate knowledge of the Python programming language 

- Basic knowledge of existing image processing theory and techniques 
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2. Introduction 

It is well known that life expectancy in Spain, as well as in many countries around the world, has increased in 

relation to the last decades. Specifically, life expectancy at birth has increased by 5 years for men and 4 years 

for women. Among other factors, this is the result of an advance in medicine and in the treatment of many 

diseases that used to be the cause of death. Still, today's medicine focuses on treating the diseases that arise 

in a patient. But, what if a pattern of aging could be defined, which would allow changing the person's 

lifestyle and redirecting their aging to avoid having those diseases? This is the objective at the end of the 

tunnel that the Imagenoma de l'Envelliment project aims to achieve.  However, to do this, at first it is 

necessary to find out which clinical parameters are clear indicators of risk factors. 

According to Dr. Josep Puig, principal investigator of the Imagenoma de l’Envelliment project, the tortuosity 

of the infrarenal aorta and the common iliac arteries could be related to other parameters. However, there is 

currently no method available to calculate the tortuosity of these vessels. From this need arises the proposal 

of this project to create a ground-breaking method to calculate the tortuosity of these vessels from MRI 

images. 

This project involves a basic understanding from a computational point of view of the functioning of an MRI 

and the images produced by it. Nevertheless, the project focuses on the necessary image processing that will 

form the core of the designed AS and that will serve to move from the original image obtained by the 

resonance to a value of tortuosity for each required arterial segment. Each processing step will have a 

different objective to perform on the image obtained in the previous step, such as eliminating all the regions 

that are not of interest or obtaining the central skeleton of the artery to be analyzed. 

Creating an Automatic System that performs this measurement on all 890 images has its benefits and 

drawbacks. Regarding the former, having 890 different cases provides a lot of information and variety to 

train the system. For the latter, this enormous variety can make the approach and development of certain 

steps really challenging to ensure both its performance in all cases and its compliance with the medical 

requirements at all times. In order to do this, it has been necessary to do a lot of research to find different 

ways to deal with the problems. Throughout the project, the different approaches are explained and the 

decisions that have been taken at each moment are argued. 
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2.1. General Objective 

The general objective of this project is to calculate the tortuosity only of the infrarenal aortic artery, and 

common iliac arteries in magnetic resonance imaging, meeting the clinical requirements established by the 

researchers of the project Imagenoma de l'Envelliment.   

2.2. Specific Objectives 

The project consists of the following objectives to be fulfilled in order to achieve the main goal. 

- Improve the knowledge on image processing techniques, such as segmentation, morphological 

operations, skeletonization, and feature extraction.  

- Learning to access and manage medical imaging formats  

- Learn basic machine learning techniques and how to apply them to the results obtained by image 

processing 

- Creation of an Automatic System to process the images and compute the tortuosity of the 

abdominal aorta and the iliac arteries 

- Filter and prepare the results to export them to the official database of the Imagenoma de 

l'Envelliment project 

- Analyze if the results obtained follow any pattern 

- Validate the Automatic System with an existing image processing software 

2.3. Project scope 

It is important to note that from the initial proposal, in the end, this project only focuses on obtaining the 

parameter of tortuosity, which will be obtained only in the infrarenal aortic artery and common iliac arteries. 

Therefore, the correlation of this parameter with the rest of the parameters in the Imagenoma de 

l'Envelliment database is beyond the scope of the project. 

The Automatic System that will be created in this project will be the first to calculate the tortuosity in this 

area, or so it is shown in the scientific literature. Therefore, in order to make a system that can be used later, 

it will be made in a way that is easy to execute and robust enough to foresee the greatest number of 

scenarios possible. 
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3. State of the art 

3.1. Use of programming in image processing 

Nowadays there is a free software widely used in medical computer applications called VTK. It allows to 

visualize structures in 3D, make image processing, volume rendering, scientific visualization and 2D graphics. 

This software is designed in C++ and that is why many medical application developers choose to use this 

programming language. On the other hand, many users defend that Python is the best programming 

language because they say that it is a high level language and, if mastered, allows to perform many more 

functions than C + +. 

Finally, another language that is also used, although less than those previously mentioned, is Java. A free 

medical image processing application well known among researchers that uses Java is called ImageJ. 

In short, there is no standard that says what programming language is best for this application, but it is highly 

recommended to use the one you master the most from the recently cited ones. 

3.2. Previous studies on blood vessel tortuosity 

According to the authors Sylvie Lorthois, Frederic Lauwers and Francis Cassot, tortuosity has not been 

clinically defined in a uniform and unambiguous way, despite its known relationship to the diagnosis or 

classification of a disease state. This has led to many studies presenting different ways to calculate tortuosity. 

The scientific studies found that deal with the study of the tortuosity of blood vessels could be divided into 

three groups: those that calculate the tortuosity of the blood vessels of the retina and cornea (1) (2) (3), 

those that calculate the tortuosity of the arteries of the abdominal area (4) (5) (6) (7), and those that 

calculate the tortuosity of the arteriols and venules of the cortex (8). 

3.3. Tortuosity of abdominal vessels as health risk factor 

Of the four scientific studies found that have analyzed the tortuosity of blood vessels in the abdominal area, 

only two have been focused on computing the tortuosity of the vessels with computational techniques (5) 

(6). 

With respect to the first two studies mentioned, in both cases the images were obtained by means of CT 

angiography. With respect to the methods used to calculate tortuosity, it was observed that they differed 

from one another. The first study computed the tortuosity as the ratio of the total length of the segment 
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divided by the defined Euclidean distance among the ends of the segment (6). The second study 

reconstructed the arteries in 3D and divided them into different segments (5).Then, to calculate the 

tortuosity it makes 4 different measurements. The first was the inverse of the radius of curvature. The 

second method was defined as the ratio of the length of the median luminal centreline to the straight line 

from the renal arteries to the origin of another artery. The third was a modification of the second method 

where the reference was changed to calculate the straight line. Finally, the fourth method was the 

cumulative sum of all angles at the angulation points. As it can be seen, none of the studies found have 

carried out any method to calculate the tortuosity using MR images of the segments under study in this 

project. That is why it could be the first Automatic System to calculate the tortuosity in this way. 
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4. Theoretical framework 

This section explains the theoretical environment that involves both the project for which the Automatic 

System has been developed and the theoretical concepts related to this project. 

4.1. The Imagenoma de l’Envelliment project 

4.1.1. Introduction 

The Imagenoma de l'Envelliment project is a very complex project that has required the participation of 

more than 1000 participants, from which a very broad set of both clinical data has been collected, with the 

aim of creating an extensive database that will make it possible to configure one of the most complex studies 

in terms of healthy ageing patterns. It should be noted that this study was carried out in the Girona region, 

Catalonia, as it is one of the regions in the world with the best life expectancy. 

In detail, these data have been obtained through an exhaustive analysis carried out on 1030 volunteer 

patients, which has focused above all on obtaining comprehensive body images by means of magnetic 

resonance, but also includes anthropometric and biological data, an electrocardiogram, etc. 

From this complete body image study, several studies have been carried out, but special interest has been 

taken in obtaining the vascular segments of the abdominal area. The researchers in this project are 

particularly interested in demonstrating whether the state of the blood vessels in this area, specifically the 

state of the infrarenal aorta and the common iliac arteries, is a clear indicator of a risk factor for health. In 

the field of clinical research, other areas have been studied as possible indicators of health risk and as 

patterns of ageing, focusing especially on the study of the brain and its degeneration over the years. 

It is known that aging can be reflected in the state of the vascular system. For example, the abdominal aorta 

is known to be the most common location of arterial aneurysms, which has led to many studies on the 

incidence of these in this area. On the other hand, without being the main focus of many studies, some of 

them have shown changes in the tortuosity of both the segment of the infrarenal aorta and the segments of 

the common iliac arteries, which has become the object of theoretical and anatomical studies among the 

medical community. However, the study of the art reveals that no study has been done that measures the 

tortuosity of these segments through images in living patients to study whether it may have a relationship 

with the patient's internal deterioration.  

As a result, the Imagenoma de l'Envelliment project aims to be pioneer in the study of how the tortuosity of 

the abdominal aortic artery can become an indicator of cardiovascular risk in future clinical studies (9). 
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4.1.2. Anatomy involved  

For the development of this project it has been very important to make a brief recognition of the anatomy 

involved in the images to be processed, as this can influence the design of the image processing. 

 The aorta is the main and longest artery in the circulatory system and carries blood from the heart to the 

rest of the body. It is located just outside the aortic valve, just above the left ventricle.  The aorta is divided 

into 4 segments called the ascending, aortic arch, descending thoracic aorta, and abdominal aorta. 

 

Figure 4.1. Segments of the aortic artery (Source: m.ufhealth.org.com) 

However, the analysis carried out in this project focuses on the abdominal segment and the common iliac 

arteries. 
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Figure 4.2. Anatomy of the abdominal aorta and common iliac arteries (Source: radiologykey.com) 

In the figure above, the entire anatomy referred to throughout the project can be seen. In figure (A), the 

renal arteries are marked, which, as their name indicates, lead the blood to the kidneys, which are the 

largest and shaded structures in the figure, located on both sides of the aorta, seen in image (B). The main 

section in which the tortuosity will be calculated is the one that goes from these renal arteries to the 

bifurcation of the aorta with the iliac arteries. This section is called the abdominal artery or infrarenal aorta, 

and it can be seen in both images. Finally, continuing with image (A), the tortuosity of the common iliac 

arteries will also be calculated. These are the arteries that go from their origin to the next bifurcation, where 

they are called external and internal iliac artery. 

Furthermore, throughout the project, references are made to the clinical indications with which the analysis 

performed by the AS has to comply. These refer to the length that must be analyzed of these sections that 

have just been defined. As standard values, the infrarenal artery has a length of 10cm and the common iliac 

arteries of 60cm. 
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4.1.3. Descriptive table of the variables involved in the study 

As mentioned in the introduction, of all the variables obtained in the Imagenoma de l'Envelliment project, 

only the images of the abdomen obtained by magnetic resonance were used to develop the AS.  

However, below is a table describing all the variables that have been collected from each patient. These 

variables are the ones available to the researchers of the project and with which they want to correlate the 

values of tortuosity obtained in this project. It should be noted that many of these parameters are associated 

with the cardiovascular system, since the aim is to demonstrate whether there is a possible relationship 

between them. 

 

 
Male Female 

  

< 65 years 

(n=127) 

 

 

≥ 65 years 

(n=223) 

 

< 65 years 

(n=129) 

 

≥ 65 years 

(n=148) 

Age, mean (SD) 60.6 (3.3) 71.9 (4.7) 60.0 (3.5) 71.3 (5.1) 

Weight (kg), mean (SD) 82.4 (12.7) 79.2 (10.7) 68.6 (12.7) 69.9 (12.2) 

Height (cm), mean (SD) 171.5 (7.6) 169.7 (6.3) 158.7 (6.1) 157.2 (6.5) 

Waist circumference (cm), mean (SD) 100.2 (9.7) 101.1 (10.3) 93.0 (12.3) 96.3 (12.3) 

Number of medications, mean (SD) 1.6 (1.6) 2.4 (1.8) 2.2 (2.0) 3.1 (2.4) 

Heart rate (bpm), mean (SD) 61.5 (10.0) 63.1 (12.9) 65.5 (9.1) 67.5 (11.6) 

Systolic arterial pressure (mmHg), mean (SD) 136.9 (18.8) 142.4 (18.8) 134.2 (18.6) 142.1 (16.2) 

Diastolic arterial pressure (mmHg), mean (SD) 87.5 (9.7) 82.9 (10.1) 82.5 (9.8) 81.9 (10.8) 

Ankle-brachial index test, n (%)     

 Left, normal 1.0 to 1.4 114 (89.8) 208 (93.3) 112 (86.8) 130 (87.8) 

 Right, normal 1.0 to 1.4 111 (87.4) 205 (91.9) 114 (88.4) 128 (86.5) 

Personal medical history, n (%)     

 Hypertension 56 (44.1) 112 (50.2) 41 (31.8) 75 (50.7) 
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 Diabetes mellitus 17 (13.4) 52 (23.3) 21 (16.3) 37 (25.0) 

 Dyslipidemia 28 (22.0) 72 (32.3) 34 (26.4) 48 (32.4) 

 Congestive heart failure 3 (2.4) 5 (2.2) 1 (0.8) 1 (0.7) 

 Atrial fibrillation 3 (2.4) 4 (1.8) 1 (0.8) 5 (3.4) 

 Chronic kidney disease 7 (5.5) 14 (6.3) 5 (3.9) 5 (3.4) 

 Chronic obstructive pulmonary disease 3 (2.4) 2 (0.9) 2 (1.6) 2 (1.4) 

 Depressive episode 30 (23.6) 34 (15.2) 59 (45.7) 56 (37.8) 

HDL cholesterol (mg/dL), mean (SD) 46.8 (12.3) 50.2 (14.3) 57.9 (14.5) 57.1 (18.1) 

LDL cholesterol (mg/dL), mean (SD) 125.1 (30.0) 115.0 (31.2) 122.6 (29.3) 122.8 (29.0) 

Fasting triglycerides (mg/dL), mean (SD) 138.7 (120.2) 119.4 (68.4) 112.7 (65.1) 123.4 (56.7) 

Serum glucose (mg/dL), mean (SD) 107.4 (22.0) 113.9 (68.4) 106.8 (35.4) 112.2 (30.9) 

Fasting plasma insulin, (mg/dL), mean (SD) 11.1 (9.0) 11.0 (8.8) 9.5 (7.3) 10.8 (7.5) 

Blood glycated hemoglobin (%), mean (SD) 5.8 (0.7) 5.9 (0.8) 5.8 (0.8) 6.0 (0.9) 

Serum creatinine (mg/dL), mean (SD) 0.92 (0.14) 0.97 (0.21) 0.72 (0.14) 0.74 (0.13) 

Sodium (mEqu/L), mean (SD) 141.7 (2.2) 141.6 (1.8) 142.0 (1.9) 141.9 (2.0) 

Potassium (mEqu/L), mean (SD) 4.7 (0.3) 4.7 (0.4) 4,6 (0.3) 4.6 (0.4) 

Calcium (mg/dL), mean (SD) 9.4 (0.3) 9.4 (0.4) 9.5 (0.4) 9.5 (0.4) 

Phosphate (mg/dL), mean (SD) 3.3 (0.4) 3.2 (0.4) 3.7 (0.4) 3.6 (0.4) 

Serum ferritin (ng/dL), mean (SD) 219.0 (183.0) 188.5 (152.8) 96.6 (66.9) 105.4 (83.0) 

Thyroid stimulating hormone (mUI/L), mean (SD) 2.2 (3.5) 2.5 (2.1) 2.5 (1.8) 3.6 (9.5) 

Carotid ultrasound examination, n (%)     

 Normal 51 (40.2) 44 (19.7) 66 (51.2) 54 (36.5) 

 Non-severe stenosis (<70%) 59 (46.5) 140 (62.8) 50 (38.8) 70 (47.3) 

 Severe stenosis (≥70%) 7 (5.5) 29 (13.0) 4 (3.1) 13 (8.8) 

Table 4.1. Segments of the aortic artery (Source: Imagenoma de l’Envelliment) 
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In the above table the averages of each variable can be seen together with the standard deviation between 

parenthesis. Of all the parameters on the list, according to Dr. Josep Puig there are some that at first sight 

could be associated with the tortuosity in the sections that the AS will analyse. These are the incidence of 

hypertension, the incidence of severe carotid artery stenosis, dyslipemia and congestive heart failure. 

Finally, this table gives an idea of the immensity of the research project for which the AS has been designed 

and of the large database where the results extracted from tortuosity will be dumped.   

4.2. Medical Imaging for diagnosis 

Based on FGA (Food & Drug Administration), medical imaging is referred to as the visualization of the human 

body with the finality to diagnose, control or research medical situations(10).  

Medical imaging has a history of no more than 150 years. It can be considered to have its origins in 1895 with 

the first X-ray image obtained by Wilhelm Conrad. However, it was not until 1973 that the first MRI was 

obtained. In between these years, there were several discoveries such as ultrasound for medical diagnosis or 

the first prototype of CT, which was an upgrade of the X-Rays and allowed cross-sectional images to be 

obtained in more than one direction. 

 

Figure 4.3. Medical imaging timeline(Source: Imagenoma de l’Envelliment) 

Today, access to the different medical imaging tests has greatly increased compared to the beginning of the 

21st century. This is noted with the development of new modalities of existing techniques, such as helical CT 

or new MRI that do not make noise, but also new techniques have appeared as PET (positron emission 

tomography) or the new Angio-CT system, which combines an angiography unit and a CT scanner to visualize 

the vessels within the anatomical structure and have a 3D representation (10). 
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However, the most commonly used techniques are X-ray, CT and MR. The first two techniques mentioned 

are especially used to obtain bone and lung images, being able to create a 3D reconstruction of the structure 

of these, and the third technique is used to obtain images of any soft structure of the human body: muscles, 

organs such as the brain and the heart, cysts, adipose tissue, and sometimes, like the present one, to obtain 

images of big blood vessels. 

Finally, it should be noted that all medical imaging equipment produces the images in the same specific 

format to facilitate their exchange between entities, called DICOM. 

4.2.1. The DICOM format 

Understanding the DICOM format and how to work with it is necessary to ensure the correct access and 

processing of the images. In this section, the necessary information will be explained in order to understand 

how the process was done. 

The Digital Imaging and Communications in Medicine (DICOM) format was created with the purpose of 

establishing a gold standard in medical imaging communication. Nowadays, it is also a communication 

protocol to follow from the moment the medical image is created until it is displayed by a clinician.  

This standard allows working with a patient set of medical images while also having patient’s information. 

This last information is classified into attributes. Each of them is composed of a tag to identify it, a DICOM 

value representation containing data type and format of the attribute, and finally, the name of the attribute. 

In order to access to this information with Python, there is a library called Pydicom which has some methods 

to do it. One example would look as follows: 

Tag VR Name 

(0008,0008) CS Image type 

Table 4.2. Examples of the information found in a DICOM attribute (Source: personal creation) 

During the project, the more relevant attributes were the following ones: 

- Pixel Array: This attribute allows working with the image pixels by creating an N-dimensional array 

with the values of each pixel in each channel.  

- Patient Sex: Female (F) or Male (M). 

- Patient ID: It is the identification number of the patient. 

- Pixel Spacing: It is the distance in mm between centers of adjacent pixels. The value of this attribute 

is a pair of numbers. First number corresponds to the distance between adjacent rows, and the 

second one corresponds to the distance between adjacent columns. This information is very 



  Report 

14   

important for the project as it allows controlling de length in mm of the analyzed vessel section. 

Thanks to this attribute, it is possible to meet with the clinical requirements set in the analysis. 

 

Figure 4.4. Representation of pixel spacing references for adjacent pixels (Source:dicom.nema.org) 

The above figure is a representation of the pixel spacing references used to define it. 

In digital image processing, an image is understood as a combination of pixels, the smallest element of an 

image, creating a matrix of N rows and M columns. In the case of grayscale images, each pixel has only one 

value which represents the intensity or amount of light at that point. In the case of colored images, each 

pixel has three values of intensity, one for each of the red, green, and blue channels. In this project all the 

images of the data set are in grayscale, therefore a good representation of how an image is understood 

would be. 

4.2.2. Magnetic resonance images (MRI) 

Magnetic Resonance Imaging or MRI is a non-invasive medical imaging procedure that obtains images of the 

internal structures of the body. It is based on an electric current that passes through coiled wires and induces 

a temporary magnetic field in the patient’s body. This magnetic field causes the protons, which are mostly 

found in water and fat, to align their axis of rotation with the direction of this magnetic field. Subsequently, 

radio frequency pulses are emitted that alter the rotating axis of these protons which were aligned, until 

after a period of time they are again aligned with the initial field. This time that they take in aligning again is 

captured by the machine and it is what at the end is translated in an image with different intensities(10). 

Since MRI does not use x-rays or other kind of radiation, it is the preferred imaging modality when frequent 

imaging is required for diagnosis or therapy, especially in the brain. However, MRI is more expensive than x-

ray imaging or CT scanning. Regarding the literature of MRI, there is special consideration to two applications 

for which MRI has unique potential: blood flow imaging and quantification, and functional neuroimaging 
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based on exploiting dynamic changes in the magnetic susceptibility. The first one has been directly applied in 

obtaining the images for this project. 

MRI images have high spatial and contrast resolution, providing very high accuracy. In an MRI study, images 

are obtained on all three planes of the body. These are, in principle, the axial, sagittal and coronal. In certain 

regions, oblique cuts can be programmed in one of these planes to optimize the visualization of a specific 

structure. 

 

 

Figure 4.5. Representation of the three acquisition possible acquisition planes in MR. (Source: my-ms.org)  

In the project, the tortuosity is going to be studied in images of the coronal plane. Therefore, what on paper 

is on the left is actually the right side of the body, and the other way around for the right side of the image. 

When referring to the images during the explanation, it will be important to keep this in mind to avoid 

confusion. 

Finally, since the images obtained are in grayscale, to properly interpret the images by magnetic resonance it 

is appropriate to know what the sequences are. There are especially two large families: spin echo sequences 

(SE) and echo gradient sequences (GRE or FFE). SE sequences were used to obtain the images of this study. 

In addition to the sequences, there is another parameter known as the relaxation time, which can be 

modified to enhance the signal to be acquired. These are known as T1 and T2, and refer to the longitudinal 

and transversal relaxation time, respectively. 

The images of the arteries have been obtained without the need to inject a contrast, since the initial 

approach of the Imagenoma de l'Envelliment project did not contemplate this option. Therefore, in order to 

obtain an image of the abdominal artery and the common iliac arteries, the Time of Flight (TOF) parameter 
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has been adjusted to the speed of the blood in that segment, thus being able to follow the trace of the 

blood, which is black as a result of the SE sequence, and later on using this trace to reconstruct the whole 

vessel. This technique is used to obtain the structure of the blood vessels by means of a magnetic resonance, 

unlike the studies discussed in the 3.3 section, which performed a CT angiography for each patient.  

4.3. Tortuosity definition 

A tortuous path is a path full of twists, turns, or bends. In this project it has been chosen to define the 

tortuosity of a path as the subtraction between the total length of it minus the distance in a straight line 

between its ends. In this way, if an artery does not present almost tortuosity, it means that both lengths 

mentioned are equal and, therefore, it will have a value of tortuosity close to 0. On the contrary, the higher 

the value of tortuosity, it means that there is a greater difference between these lengths and, consequently, 

the path presents more twists. 
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5. Practical framework 

5.1. Computational development 

In this chapter, the computation development of the Automatic System and the information required to 

understand it will be explained. This section is the main focus of innovation and development of the project 

so it will be covered extensively.  

5.1.1. Introduction 

From the computational point of view, this project has involved facing many new challenges. Computer 

vision techniques are becoming more and more known every day and this allows us to have many resources 

available to do it. Even so, the interior of the human body can harbor differences between patients, despite 

the fact that the vast majority of people have the same internal structures. This means having to anticipate 

all these possible structural differences or what is known as making the code robust enough to ensure its 

performance in as many situations as possible. The AS will be executed in the 890 cases that underwent the 

MRI study. 

Furthermore, as it is the first study in which this measurement is performed in this anatomical section, there 

are no references in the field of computing. Even so, the clinical indications established by the doctor have 

been followed and it has allowed establishing parameters to be met so that the subsequent validation and 

clinical correlation is therefore valid. To ensure that this can be done without problems, the results should be 

presented so that all parties involved in the investigation can easily understand it.  

5.1.2. Development environment 

5.1.2.1. Jupyter Notebook and Python 

This project has been developed in Python language for many reasons. First of all, it is the programming 

language thought in the subject Fundamentals Informatics during the first year Biomedical Engineering 

degree and also during the Biomedical Image Processing subject. 

Furthermore, Python is an open source language which means that it is freely usable for any kind of use and 

accessible for anyone at no cost and without the need to buy a license, what happens for example in Matlab 

(closed-source). As this project pretends to be the first one on measuring the tortuosity of abdominal aorta, 

it was very interesting that the code was executable to everyone and everywhere. 

Being an open source language means that everyone can edit the source code or create new packages. 

Although this may imply struggling to find the best solution among the hundreds of thousands of packages, it 



  Report 

18   

ensures an enormous availability of libraries and a big scientific community where you can also share 

knowledge with other developers and keep up to date. 

Regarding the specific needs for this project, Python hosts many libraries for image processing and data 

analysis, what ends up being a perfect and suitable programming language for this project. 

In a recent study made by the community of data scientists Kaggle is shown that Python is the preferred 

programming language by developers (see figure below). 

 

 

Figure 5.1. Percent of Data Professionals who are Competent in Machine Learning Techniques (Source:kaggle.com)  

In reference to the use of Jupyter notebook, this open source web application has been chosen because it 

allows creating, sharing, and editing documents in which Python code can be executed. This allows inserting 

equations, visualizing results and documenting functionalities, all from a very friendly and easy to use 

graphical interface. 

5.1.2.2. Google Colab 

The complete set of cases to analyze was of 890 patients. For a computer with 16GB of RAM, Intel Corei7-

9750H and 512GB SSD of memory, executing the whole AS for one case takes up to 5 minutes. Having into 

account the size of the data set and the execution time it was a great idea to use external GPUs to avoid 

exposing the computer to 25 hours of non-stopping work.  

Google Colab is designed to execute Jupyter notebooks. Working with Colab is very similar as working with 

Jupyter Notebook as it is itself a notebook. Therefore, it was very easy to adapt the initial code created in 
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Jupyter Notebook to this new environment. There are some libraries already installed, but for those missing 

it is very easy to import them. The main Colab’s feature of interest for this project is that it allows using 

Google services, connecting the notebook to a cloud-based runtime and taking profit of its GPUs and TPUs. 

This resulted in a decrease in execution time, taking from two to four minutes depending on the fluctuation 

of the GPU provided by Colab (11). 

Moreover, Colab allows easy sharing of notebooks by saving a copy on GitHub, which was very practical and 

enabled a good flow of communication. In addition, Colab allows saving the notebooks and taking the data 

from Google Drive, which provided good organization of both the input and the output data set. 

5.1.2.3. Libraries used during the project 

For the development of the code the following libraries were necessary: 

 Numpy – It is the essential library for scientific computing. It allows working with multidimensional 

arrays. 

 Pydicom – Very important library that allows working with DICOM images, which is the gold 

standard to work with medical images. It provided a way to access to the information regarding the 

patient and to the image acquisition stored in the file.  

 Matplotlib – is a very easy to use and resourceful library which allows you to create static and 

interactive plots. 

 Mahotas – Library used for image processing. It has been very useful specifically to perform the Hit 

or Miss operation. 

 Skimage – Very powerful library to perform lot of image processing operations. Most of the image 

processing operations performed during the routine come from this library. It allows creating the 

structuring elements and performing morphological operations, labeling regions and extracting its 

properties and transforming from one data type to another.  

 SciPy – Library containing packages for scientific and technical computing. One of these packages is 

SciPy-Ndimage, which was also used at some image processing steps of the code. 

 Skan – Very specific library designed to analyze skeletons. 

 Pandas – Library used to do Data analysis. It uses its own data object called Pandas Data Frame. It 

was very useful to store and handle all the output data from each analyzed case.   

 Seaborn – Library based on matplotlib used to represent data with very comprehensive, attractive 

and informative statistical graphs. It was very powerful during the data analysis steps of the project. 

 Scikit-learn – Library designed for machine learning projects. It contains a module called 

sklearn.cluster which provides various algorithms for clustering data. 

 Mpl_toolkits – Library used to represent 3D plots. 
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5.1.3. Handling with MRI 

As introduced in the chapter 4.2.2, the sequence used to acquire the magnetic resonance images has been 

SE - T2 type. Even so, what was really important was to understand what could appear in the reconstruction 

image, in order to adapt the AS to the needs. However, the reconstruction carried out by the image 

technicians is quite good for image processing, since a priori the images usually only show three intensities 

that can be associated with three things: the background, the arteries of interest and movement artifacts, 

due to breathing and movement of the abdominal area or, in some cases, due to other clinical pathologies of 

other structures such as the bladder or kidneys. 

 

Figure 5.2. Example original images (Source:kaggle.com)  

In the above figure it is seen the how the arteries has the highest intensity, the background is completely 

dark, and the intensities in between correspond to artifacts of movement, but also to the left kidney and the 

bladder (Figure 5.2 (A))  

5.1.4. Handling with DICOM files 

In order to work with DICOM images, one can take advantage of the pixel array attribute. By doing it, each 

image is processed as a 2D-array. This particular array is a container of elements of the same type and size. In 

order to maintain the image resolution, MRI values need to be processed as int16. Therefore, all the values 

of the array will be of type integers and will range from -32768 to +32767. In NumPy, the concept of 

dimension is not the minimum number of coordinates needed to specify any point within a space. 

Dimensions in NumPy are the same as the axis, which is the nth coordinate to index an array. For a 2D array, 

axis 0 refers to the number of rows and axis 1 to the number of columns.  In turn, the shape of an array 

refers to the number of data contained in each axis. In this case, each axis has 660 values, thus the image 

A B 
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contains a total of 435600 pixels, arranged in 660 rows and 660 columns. For the rest of the project it is 

important to point out that NumPy arrays fix the coordinate origin on the top left corner of the image.   

 

Figure 5.3. Representation of the pixels of a grayscale image of N rows and M columns  (Source: personal creation) 

 

Figure 5.4. Representation of pixels in a 2D array of shape two files and three columns (2,3)  (Source: personal creation) 

In the above figure there is a representation of how NumPy understands images. 

The attribute Largest Pixel Value can be used to verify that int16 is the appropriate data type to preserve the 

image resolution. Since the largest value for all the images has been always 30100, int16 has provided a 

range of values enough large to include all the data from the image. 

The initial set of images from the Imagenoma de l’Envelliment study, called Bifurcació Complet Original, has a 

size of 127GB with a total of 202.635 abdominal MRI slices. They are mainly organized in three folders called 

“1-Adquisition”, “2-Substraction” and, “3-Reconstruction”. There are 1023 folders inside of each of them, 

one for each patient, though there were images only in 890 of them since not all the patients underwent the 

MRI study. The acquisition of each patient consists of 152 slices of the coronal plane. Although by scrolling 

through the slices it is possible to see the path of the aortic and the iliac arteries, to analyze its tortuosity it is 
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necessary to obtain the whole structure in just one image. To do so, the clinicians performed a 

reconstruction of the images that can be found inside the “3-Reconstruction” folder.  

 

Figure 5.5. Representative slice of the acquisition set of images  (Source: original set of images. Viewed with Radiant) 

 

Figure 5.6. Representative slice of the subtraction set of images. The white structure corresponds to one section of the 

aortic artery (Source: original set of images. Viewed with Radiant) 

 

Figure 5.7. Representative slice of the reconstruction set of images. (Source: original set of images. Viewed with 

Radiant) 
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Therefore, the project is focused mainly on processing the images of the “3-Reconstruction” folder. As a 

result, the whole process results easier and lighter as they are located only inside one main folder. In 

addition, inside each patient folder, there are three images of reconstruction, one for each acquisition plane. 

However, the tortuosity is going to be measured on the coronal plane. It has been necessary to check if the 

coronal plane image is always in the same position since it would make the file processing easier. In Figure 

5.8 it is shown a representation of the three images for one case. 

 

Figure 5.8. Reconstruction Images in axial, sagital and coronal planes , respectively (Source: original set of images. 

Displayed with Jupyter Notebook) 

Finally, it has been verified that the coronal plane image file ends always with the numbers 4003.1. 

 

 

Figure 5.9. Organizational set up of the cases inside the Bifurcació Complet Original  (Source: personal creation) 

During the first part of the development of the code it has been used Jupyter Notebook, which imports the 

data from local directories. This requires the files to be located in the memory of the computer. However, as 

the initial set of images given by the clinicians is originally compound of only ten cases, the first trials of the 

code are developed in Jupyter Notebooks since it does not require too much space in the hard disk. 

Once the final code has been ready it has been necessary to test it with a larger set of images. To do so, two 

hundred images from the final set of images have been used. At this point, it has been better to take 

advantage of Google Colab facilities because of the size of the set. Therefore, the two hundred images have 

been uploaded into a Google drive folder and the code has been adapted to be executed automatically for 

all the images inside the Google drive folder.  
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Taking into account that the folder “3-Reconstruction” has a size of only 3.24GB and that a Google Drive 

account offers 15GB of memory for free, the rest of the images have been processed following this last 

methodology.  

5.1.5. Image processing steps 

This project is mainly focused on the development of an Automatic System capable of calculating the 

tortuosity of three vascular sections from RMI. This system consists of a series of carefully organized steps, 

where the output of the previous step is the input of the next one. This way of functioning is called a pipeline 

in the programming slang. In the case of image processing, if an image does not follow the correct processing 

sequence, in the end, it is not possible to perform the desired calculations, or even worse, the information 

obtained does not correspond to the expected, causing a false result. 

Besides, in the medical imaging field, variety is a very important factor to consider. Anatomical structures can 

change in shape, texture, composition, and they can either disappear or appear new ones, from one patient 

to another. In addition, the larger the image set, the higher the probability is to find new abnormalities.   

Consequently, the AS has to be able to deal with as many abnormalities as possible. To do so, it has been 

necessary to visualize a large group of images from the set to have a first idea of what to expect. Afterward, 

as the first versions of the system have been tested on new images and new anomalies have appeared, 

updates have been made so that the code can deal with as many of them as possible. In the programming 

slang, this is known as making the Automatic System robust. 

The following sections are devoted to explain each of the steps of the whole AS. Python offers such a wide 

variety of libraries that together with its flexibility, allow considering various strategies of approaching this 

project. Accordingly, in some steps the different ways to approach each problem are explained along with 

the final decision.  

5.1.5.1. Accessing to all the DICOM files 

Initially, during the first period of trials in which the development environment is Jupyter Notebook, the files 

are stored in the hard disk of the computer. Then, the access can be done directly from the Notebook using a 

module called glob(). This module allows finding at the specified path all the files whose name and format 

match with the one specified when calling up the function (12). In this case, the template specified is the 

path of the folder, which is a string, and the file extension .dcm, which is also a string. Instead of writing the 

names of each file, which in DICOM standard is very long, the character * can be placed before the file 

format to take all the files whose format is the specified one. Then, the output of the function is a list whose 

elements are strings corresponding to the path of each file. However, after processing the first 10 cases, and 

taking into account that the first element of a list is assigned the position 0, it is seen that the image of 

interest is always at position 2 of the list.  
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In addition, to avoid writing the path each time the notebook is executed in a new patient folder, this 

process can be automatized by using the function getcwd() from the module os, which returns the current 

working directory (cwd) into a string. Finally, as they are both strings, Python allows concatenating them into 

one.  

 

Figure 5.10. Code to access to the .dcm files. (Source: personal creation) 

Thus, if the notebook is placed inside each patient folder, these lines allow taking all the .dcm files of the 

current working directory, which is the patient folder. 

The AS, instead, has to consist only of one notebook to process the 890 cases of the study. Therefore, the 

above method is not valid, since it is now needed that the same Notebook access to each patient folder of 

the main folder. To do so, there is an implementation in the code that can be done which allows keeping the 

previous lines. This can be achieved by using the os.walk() function, which allows accessing to the 

directories, sub-directories and to all the files of a specified path. Besides, there is a method called 

endswith(),that can be used to take only the file of the coronal plane. Since the file of the coronal plane ends 

always with the same numbers ‘4003.1’, this function can be used to take only these files.  

Finally, the code is designed to take each file path that satisfies the endswith() condition and append it into a 

list. 

 

Figure 5.11. Code to access automatically to all the files. (Source: personal creation)  

The above cell is part of a notebook that has been executed in a root with many directories and has been 

asked to print all the files.  Looking at the results output (the area not shaded in grey), it is seen that one of 

the many lists contains the three .dcm files of a patient (framed in red). This is the proof that in the root 
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where the Notebook is located, there are more directories and that through these lines, it is possible to 

access each of them and return the paths of the existing files in a list.  

 

Figure 5.12. Results of the automatic file access code. (Source: personal creation) 

Now the same lines have been executed, but it has been asked to print the final result, which can be seen 

that it is a list containing the file path of the .dcm file. 

5.1.5.2. Accessing to the DICOM metadata attributes 

Now, all the paths of the files to be processed are listed. However, a file path cannot be plotted or 

processed. To do so, the image located in each of the file paths of the list has to be read. This is where the 

Pydicom library and its method dcmread() come into play. Although there are other libraries designed to 

work with DICOM files, Pydicom provides a powerful and updated handful of methods to access and 

manipulate data elements in DICOM while programming in Python (12).  

The first method to be used is the one called dcmread(), which function is to read the image corresponding 

to the file path provided as parameter. For the first trials, where the list contains the file path of each of the 

three images, the way to get each file path is through a for loop. In Python, this is a structure which allows 

iterating a sequence such as lists, tuples, dictionaries or strings, and then executing repeatedly the same 

operations in each iteration.   

In this case, the sequence being iterated is the list containing the file paths. In each iteration, a variable called 

“ds” is created. Then, still in the same iteration, the pixel values from this variable are read with the function 

pixel_array, which stores the pixel values into a 2D-array. Finally, this array is appended to a list which, in the 

end, will contain the three 2D-arrays, one for each image. It is in this moment of appending the image to the 

list, where the data type of the array has to be chosen in order to see correctly the image. Below it is shown 

a comparison between an image read in the correct data type for the DICOM format, which is int16, and an 

image saved in int8 data type. 
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Figure 5.13. Reading images with different data types: int16 (A) and int8 (B) (Source: personal creation) 

Now is time to extract other relevant information from the DICOM metadata. In this case, for the 

development of the project, the PatientID, the PatientSex, and the PixelSpacing attributes have been 

extracted.  Since this information is the same for each of the three images of the patient, it is not necessary 

to store it for each one. Thus, this process is done outside the loop, and as the value of the variable “ds” 

corresponds to the last iteration, the information is extracted from the last image of the list which, by 

chance, is usually the one of the coronal plane.  

 

Figure 5.14. Code to access the DICOM metadata (Source: personal creation) 

In the output of the above image it can be seen the information that will be used during the project, either 

to organize the results (PatiendID), to do some data analysis (PatientSex), and for the image processing itself 

(PixelSpacing). 

The methodology described in this step is also applied in the AS. The only think to take into account is that, in 

the AS, the list created in the previous step contains only the file path of the image of interest for each of the 
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890 patients. Consequently, in each iteration, the iteration variable will contain the file path of the image to 

be processed.  

Having the file path of each patient stored in a variable in each iteration has turned out to be the key piece 

to develop the AS. Since this moment, if the orders are located inside the iteration, the system has the 

power to execute the same code for each image. Therefore, the idea is then dividing the following image 

processing steps into different functions that take the output of the previous one as its input, where the first 

of these functions takes the iteration variable with the file path as input. 

 

Figure 5.15. Bloc diagram of the functions for the AS (Source: personal creation)  

The above image shows how the AS will proceed by iterating the initial list and executing each of the 

functions until saving the results in a csv file for each case. Therefore, the first function of the AS consists of 

the steps explained until now.  

 

Figure 5.16. First function of the AS. (Source: personal creation) 

In case of having an error while processing an image, to ensure a fast inspection, some relevant images of 

each step are saved inside the corresponding patient folder. This way, it is easier to see how the image has 
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been processed and to identify in which step the error has been produced. Therefore, it is necessary to know 

the directory of the patient folder. To do so, the function path.dirname() has been used. Again taking profit 

of having the path of the file, this function returns the path of the directory where this file is located. 

However, cv2 does not support saving images with data type int16. Therefore, the image is converted to a 

data type supported by cv2, which in this case is uint8, and it is finally saved using the function cv2.imwrite() 

of OpenCv library. 

Finally, the function returns the first and only element of the list f, which is the 2D-array corresponding to 

the image. 

5.1.5.3. Segmentation 

The second function of the Automatic System has the main objective of segmenting the structures of 

interest of the original image, which are the infrarenal aorta and the iliac arteries. Accordingly, this function 

takes as input the original image and the path. The latter has to be one of the inputs in all the functions to be 

able to save the image in the correct patient folder.  

Segmentation consists of isolating the zone of interests having similar features and properties, by removing 

the non-interest zones from the image. Therefore, if the objective of an image processing is to extract 

information of a structure, identify or classify objects with similar features or attributes, among many other 

applications, segmentation plays an important part of the whole image processing. As a result, if the system 

does not segment correctly the structure of interest, the information that provides at the end is not valid, 

and hence, it creates a false result.  

As a result, this can be an arduous and challenging process depending on the image composition and it may 

require sophisticated methods to perform a good segmentation. However, taking a look at the images as a 

first analysis, it seems that there is enough difference to segment the arteries since they are lighter than the 

background. On the contrary, in medical image processing there is a component of randomness from one 

patient to another quite important, which is further accentuated with a data set of 890 patients.  

Nevertheless, as a point in favor, being one of the most important steps in image processing means having 

many available techniques to face the problem. In this section, only the methods that have been tested 

throughout the project are explained:  

 Threshold Method: to understand how this method works it is necessary to remember from section 

5.1.4 that the pixels of these DICOM files range from -32768 to +32767. This method consists of 

choosing a pixel value from which all the values that are above become equal to 1 and those that are 

below become 0. In the programming language, this process is known as binarizing the image, that 

is, making all the pixels in the image equal to 1 or 0, and thus obtaining a black and white image. 

Usually, 0 is associated with the background and 1 with the foreground or structure of interest. 



  Report 

30   

To decide on which value to place the threshold, there are automatic techniques, although it can 

also be done manually. Automatic thresholding techniques, base its decision in what is known as a 

"histogram", which is a graph that shows the number of pixels for each gray value in the image, 

where values close to 0 usually correspond to very dark tones and the highest values correspond to 

in lighter tones until reaching white. 

 

With reference to the automatic techniques, the Otsu’s method has been tested during the first 

trials of the project. This method iterates all the values of the image testing which of them is the 

optimal to be the threshold for the binarization. Within each iteration, the system computes what is 

called “within variance”, which represents the degree of dispersion between the data of each class. 

The lower the value of “within variance”, the less dispersed the data in each class is. Therefore, the 

system computes this value for all the pixels and chooses as the threshold the one with the lower 

“within variance”.  

 

 

Figure 5.17. Histogram comparison between a darker (A) and lighter (B) image.(Source: personal creation) 
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The images compared in Figure 4.18 have been chosen because they have a different amount of 

noise. To see how this affects the pixel values distribution, it has been plotted the histograms of 

both images. A histogram of an image is a plot that represents how many pixels are for each pixel 

intensity in the image, also known as the frequency. 

 

In the histogram of image (B), it is seen how the second peak has shifted slightly to the right and that 

it is flatter than the second peak of the histogram of image (A). Jupyter Notebook allows checking 

the value of the pixels with an interactive plot. Therefore, it has been possible to check to which 

pixels the values of the second peak of the histogram (B) corresponded. Accordingly, those values 

correspond to the highest presence of low-intensity noise in the image (B). Besides, the zoom of the 

histograms gives information on how many high-intensity pixels are in the image, and as a 

consequence, it gives an idea of how big is the area of the arteries or it can also represent how well 

the reconstruction has been done. Therefore, the lower the frequencies of higher values, the less 

area of the artery. As a result, in image (A) the threshold has been established in the pixel value 46 

whereas in image (B) in 49. Taking into account that the range of pixel values is compressed 

between 0 and 255, it is not such a relevant difference. 

 

Therefore, this method implies doing what is called an image pre-processing step. To summarise this 

step, which has supposed many trials and a deep investigation, a very good pre-processing in the 

case of medical images consists of removing the noise coming from artifacts of movement and 

enhancing the contrast between the background and the zones of interest. To remove the noise, it 

can be used a Gaussian filter which blurs the high frequencies, and to enhance the contrast there is 

a specific function of Skimage which is very easy to implement. Both methods require specifying a 

kernel to convolve with the image. Due to the great anatomical variety and the large number of 

cases to analyze, it has turned out that when a kernel was good for some cases, it was not for 

others. Consequently, the threshold method to segment the image has been dismissed. 

 

 Clustering Based Methods: These methods group a set of objects in such a way that objects 

belonging to the same group are more similar to each other rather than to those in other groups. 

The existing different methods of clustering determine the conditions that regulate the grouping 

methodology.  Besides, all these methods are divided into Supervised Methods and Unsupervised 

learning methods. Since this project is based on creating an Automatic System, the unsupervised 

methods are the ones of interest. 

 

The best known and easy to use unsupervised methods for image segmentation are K-means 

clustering and hierarchical clustering, both based on statistical methods. K-means requires knowing 

the number of clusters desired whereas hierarchical clustering not. Although there is a method 

called Elbow method to determine the advisable number of clusters, after looking at the first 
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pictures, it has been seen that the pixels of the images can be classified in three groups: background 

(darker zones), noise (intermediate tones) and arteries (lighter zones). However, hierarchical 

clustering does not require a number of clusters but, instead, it requires setting a minimum distance 

to determine if a pixel belongs to a group or not, which is difficult to predict without doing an in-

depth study. As a result, in this project, it has been chosen to use the K-means algorithm (4).  

 

To implement this algorithm in Python, the library Scikit-learn provides a method called Kmeans 

which allows doing it in a very simple way. Specifically, this algorithm divides the total set of pixels of 

the image in the specified number of clusters, each described by the mean of the pixels in the 

cluster(13).  

What this method does is to pick randomly k centroids (average value of a group of pixels) within all 

the pixels and declare them as initial clusters. Then, it assigns each pixel to the nearest centroid and 

moves the centroids to the center of the pixels that were assigned to it. Finally, these two last 

processes are repeated until the cluster assignments do not change or if a defined tolerance or a 

maximum number of iterations is reached.  

 

Figure 5.18. Results of Kmeans algorithm with n=3(Source: personal creation) 

In the above image, it can be seen the results of applying the function Kmeans with n=3 clusters. This 

image has been chosen as a representative case, since in the original image (A) it can be seen that 

the arteries are very well differentiated from the noise and, in turn, from the background. Image (B) 

shows that the algorithm has classified the pixels into these three expected groups, preserving very 

well the infrarenal aortic artery and the common iliac arteries. To achieve a good segmentation it is 

very important to avoid joining the arteries of interest with adjoining vessels or anatomical 

structures that can appear (it is not the case shown in Figure 5.18). It has been thought to divide the 

pixels into 4 clusters, but many images do not present a homogenous pixel value for the main 
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arteries as Figure 5.18, and this has been proved to cause a bad segmentation. Thus, the final 

number of clusters for the whole project is 3. 

 

Figure 5.19. Code executed to implement Kmeans algorithm. (Source: personal creation) 

The above figure shows the whole code created to implement the algorithm. As seen, first of all, it is 

necessary to create a copy of the image, since it is a good habit when processing images to avoid 

losing the original one. Then, the 2D array (the image) is reshaped to a 1D array to be able to 

compute the algorithm for each of the pixels in the image. Afterward, the Kmeans clustering model 

is fitted with 3 clusters using the 1D array created. Subsequently, the predict function is used to 

compute cluster centroids and predict index values for each pixel. Finally, the 1D array containing 

the index labels for each pixel is reshaped to a 2D array (an image) and results can be shown.  

Although the Kmeans method turns out to be very easy to implement, and the results seem to be 

very good, it is true that in some cases where the reconstruction arteries have not been performed 

perfectly, the segmentation of the interest areas cannot be correctly performed. This is due to the 

loose of continuity in the pixel intensity of the zones of interest. Two examples of this phenomenon 

can be seen below. 
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Figure 5.20. Cases where Kmeans has not worked correctly(Source: personal creation) 

Now it is the time to select the cluster corresponding to the aorta. It is then necessary to select the 

cluster with higher centroid, which is the mean value of the cluster since high values correspond to 

lighter tones. To do so, it is enough with implementing the function from numpy np.argmax, which 

returns the indices of the maximum values along an axis. Finally, a new image called “aorta” is 

created by taking only the pixels that have been labeled with the index resulting from the previous 

operation.  

 

Figure 5.21. Code created to select the area of interest (Source: personal creation) 
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This is the method that has been implemented in the Automatic System for the project. Below it is 

seen an example after the whole process is done. 

 

Figure 5.22. Result of taking the cluster with higher centroid. (Source: personal creation) 

However, in the above figure it is seen that there are still more areas that the ones desired for the 

analysis. Figure 5.22 is a good example of what it happens in many images. In this case, it is the internal 

iliac artery and the left-renal artery (pointed in Figure 5.22) but in other cases can be the noise that 

remains attached to the desired structures. Therefore, some process to split the structures and remove 

the remaining areas of non-interest is needed. 

Here is where the morphological operations come into play. Taking into account that these operations are 

executed on binary images, they are specially related to the shape and the organization of the pixels rather 

than their values, which is 1 for the foreground pixels. To do so, these operations probe the input image with 

a structuring element defined specially for each operation. These elements are small binary squared 

matrices, that are defined by the size of the matrix and its pattern of ones and zeros, which define the shape 

of the structuring element.   

The different operations can be classified into those that check whether the structuring element fits within 

the neighborhood of the origin pixel, and those that check whether it intersects the neighborhood of the 

origin pixel. Therefore, the origin pixel it is commonly located at the center of an odd structuring element.  
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Figure 5.23. Representation of structuring elements in fitting and hitting operations(Source: personal creation) 

The morphological operations applied in this project are the following ones: 

 Erosion: it is a fitting operation. The structuring element probes each of the foreground pixels of the 

input image so that its origin falls on the pixel of the input image. If all the pixels underneath the s.e. 

are foreground pixels, the pixel that falls in the origin of the structuring element is retained, else 

deleted. Therefore, this operation reduces the boundaries of a structure.  

 Dilation: it is a hitting operation. The structuring element is superimposed on top of the input image 

so that the origin of the structuring element falls on a background pixel of the input image. If at least 

one pixel of the structuring element hits a foreground pixel of the input image, the pixel located 

underneath the center of the structuring element is set as a foreground pixel(14).  

 Closing: it is an operation that consists of a dilation followed by an erosion. If the structuring 

element used is the suitable one, this operation can be used to fill in holes that can be inside the 

foreground structure segmented. As the dilation is the first operation performed, once the holes are 

filled by the dilation, the erosion cannot split them again, but instead, it returns the shape of the 

boundaries of the structure back to its original one.  

It has been designed a system of morphological operations that are performed successively on the image to 

remove the adhesions that are next to the areas of interest and any remaining noise. 

 

Figure 5.24. Flowchart of the morphological operations process (Source: personal creation) 

In the above figure it can be seen the whole process of morphological operations that the AS performs.  

Besides the morphological operations explained, there is a process performed by extracting the properties 
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from the image regions. Specially, the main property used is the area of each region. Accordingly, the 

process removes all the regions except the one with the largest area.  

 

Figure 5.25. Morphological process (Source: personal code) 

The above figure shows that the process has successfully removed the non-interest regions. With regard to 

the change of the radius of the s.e., it is due to the fact that the last dilation is done to make the contour 

more regular to later on, ensure an skeleton without spurious branches due to irregularities. Therefore, a 

radius of 1 is enough to achieve this effect and to not disrupt the whole structure. Besides, it has been 

chosen the disk shape because it is the one that best fits the binarized structure.  
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Figure 5.26. Code to perform the morphological operations (Source: personal creation) 

As seen in the above lines of code, to extract the area of each region it is necessary to first label each of 

them, which means assigning a number to each region. This operation has been performed with the 

function label from the module measure of Skimage. Once the regions are labeled, it has been used the 

function measure.regionprops, which extracts many properties of each region, such as the area, the 

orientation, and its major axis length, among many other (5). Finally, the code has been designed to take the 

label of the regions to remove and set the pixels of these regions to 0.  

5.1.5.4. Deleting bad reconstructions by region properties 

Among the 890 images it has been seen that there are cases where the reconstruction has not been 

correctly done. These are images with a lot of noise, where it cannot be seen either the aortic artery or the 

iliac arteries. Therefore, the AS has to detect these cases and skip them.  

To do so, taking profit of the regionprops function, it has been introduced in the AS a step where it can 

decide whether the image has been correctly reconstructed or not. This is done by extracting the properties 

major axis length, orientation, and centroid. The former is the length of the major axis of the ellipse that has 

the same normalized second central moments as the region and the latter is the angle between the 0th axis 

(rows) and the major axis of the ellipse that has the same second moments as the region, ranging from -

pi/2 to pi/2 counter-clockwise(15). The centroid property has also been extracted since, although it has been 

difficult to choose the values, in the end, it has been possible to find a suitable range for all cases. All these 

properties belong to the only region that contains the infrarenal aortic artery and the common iliac arteries. 

This is the reason why this step is done after the morphological operation.  

Finally, a conditional step has been implemented where, based on the value of these two properties, a 

variable called quality is generated, which is 0 if the conditions are met and 1 otherwise.  
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Taking up the four functions of the AS mentioned above, all the steps up to this point are part of the second 

function, called Segmentation. The output of this function will be the last image resulting from the 

morphological process and the quality variable, which, depending on the value it has, the system will decide 

whether to continue processing the image or to proceed to the next case to analyze. 

 

Figure 5.27. Example of a bad reconstruction case with the result after the morph.op.(Source: personal creation) 

 

Figure 5.28. Code to perform the conditional step based on the region properties (Source: personal creation) 

In the above figure it has been printed the results for the case of Figure 5.27, showing that indeed, this image 

is a case of bad reconstruction.  
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Figure 5.29. Second function of the AS. (Source: personal creation) 

5.1.5.5. Skeletonization 

Now, the segmented structure has to be skeletonized to be able to extract the necessary information from 

each branch and, in the end, to be able to calculate the tortuosity index. However, the image from the 

segmentation process is not always perfectly segmented, and this results in branches that are not interesting 

and have to be removed. Thus, this section explains all the methods that have been used to try to obtain a 

skeleton as suitable as possible to easily extract its attributes. This is the beginning of the third function of 

the AS.  

To skeletonize a structure means to reduce a structure to 1 pixel wide object, without losing the connectivity 

of the original image (15). That is why, from now on, the research and development of the code become 

more careful, and each pixel will be taken into account to obtain the desired results. 

Implementing the skeletonization process is very easy with the function skeletonize of the module 

morphology of Skimage.  
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Figure 5.30. Skeletonization of a segmented structure. Segmented abdominal Aorta and iliac arteries (A) and the 

resulting skeleton (B) (Source: personal creation) 

For the above representation it has been selected another case that is more suitable for the correct 

comprehension of this step. As seen in image (B), there are more branches than the 3 expected. Despite the 

morphological operations carried out, it is very common among many cases that the structure achieved after 

all the segmentation process has taken part of the beginning of the renal arteries and also of the internal iliac 

arteries. Therefore, a method to remove these branches without losing the connectivity of the remaining 

branches is needed. 

5.1.5.5.1  Pruning by structure 

Now, the objective is to start deleting the branches by its endpoints. To do so, it has been implemented a 

method called hit or miss of the Mahotas library (15). The way this method works is very similar to that of 

erosion. A s.e. (that is a binary matrix) is designed so that its foreground pixels mimic the shape of the 

skeleton sections that want to be removed. Then, the matrix probes the original image and deletes all the 

pixels unless the center of the matrix is over a foreground pixel and all of its neighbors coincide with the 

shape defined by the s.e., then the center pixel of the original image is not removed.  

To implement this method, 3 functions called endPoints1, endPoints2, and endPoints3 have been created. 

Each of these functions creates different structuring elements and applies them into the image given. The 

result of this function is an image with only the center pixels that remained as foreground after the 

operation. Therefore, 3 more functions called pruning1, pruning2, and pruning3 has been created to apply 

these changes on the original image. Each of these functions calls one of the endPoints functions and apply it 

to the input skeleton image. Then, the resulting image is inverted using the logical operation np.logical_not()  

from NumPy (15), and the resulting image is intersected with the original skeleton image using the logical 

A B 
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operation np.logical_and(), to preserve all the original pixels unless the ones removed. Besides, the pruning 

functions are designed in such a way that they allow setting the number of times to apply the hit-or-miss 

operation on the image. Since the shape of the structuring elements is specially designed to only remove 

pixels from endpoints, the connectivity of the main branch is ensured even if the specified number of pixels 

to remove is greater than the pixels of the branch.  

However, before executing these functions, another function has been created in order to remove the top 

pixels of the skeleton. This function has been created after experiencing that a few skeletons had strange 

pixel distributions at the top of the skeleton. At this point, it is introduced the way of working with a 2D 

array, which is necessary to remember from section 5.1.3. that, in this case, they have 660 rows and 660 

columns. Therefore, to access to each pixel, first it is necessary to access to its row and them to its column. 

This has been done by iterating the rows with a for loop, and in turn,  inside each iteration, what means 

inside each row, iterating the columns, what means  iterating each pixel located at this row. Then a new 

variable is set to 0, which is a method known as a counter, and an if condition is set to check if the number of 

pixels to remove is yet less than the desired number. Finally, if the condition is satisfied, it is checked if the 

pixel accessed is equal to 1, what means that it belongs to the skeleton, and if so, the pixel is set to 0, what 

means background, and the counter is increased by one. 

 

Figure 5.31. Code to remove the top part of the skeleton (Source: personal creation) 
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Figure 5.32. endPoints1 function implemented in the code (Source: personal creation) 

In the above figure it is only shown the first endpoint function, but the rest can be found in the Annex A.  

 

Figure 5.33. First structuring elements used in endPoint1 function (Source: personal creation) 

In the above image, the first five structuring elements that have been used in the function endPoints1 are 

shown. As seen, they are specially designed to fit those branches that are parallel to the horizontal direction, 

the branches that diagonally down and to both sides and a specific pixel arrangement that often appears on 

some branches. The diagonal arrangement upwards has not been implemented because in cases where the 

original branch of the iliac artery is short, it ends up removing the whole iliac artery branch. 

After this process, the skeleton is pruned with the pruning1 function. However, during the first trials, it has 

been seen that when the pruning function removes completely a branch, it does not remove the last pixel 
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before reaching the main branch of the skeleton. This is because since the last pixel is very near to the main 

branch, its neighbors are different, and so the s.e. does not fit there. As a consequence, the hit-or-miss 

operation is not performed, and it leaves 2 pixels together. Therefore, it has been seen that it is necessary to 

perform again a skeletonization process with the function skeletonize of Skimage. 

At this point, an overlay of the resulting skeleton on the original image is generated to see the results until 

now. Besides, it is useful for comparing with the final skeleton when the non-interest branches are removed. 

To do so, it has been used the function draw.overlay_skeleton_2d() from the library Skan.  

 

Figure 5.34. Skeleton overlay after first removal actions (Source: personal creation) 

As seen in the above figure, this first removing process has pruned the left renal artery (pointed by the 

arrow). However, since the other branches have a diagonally up direction, the pruning1 function has no 

removed them. 

After this first removal of the branches that fitted the kernels used in endPoints1 function, the first extraction 

of branch attributes is done. Following with the Skan library, a function called skeleton_to_csgraph() is 

implemented (5). This function returns 3 valuable variables for the rest of the process when a skeleton is 

entered as input. First of all, it returns a matrix with the distances between two neighbor pixels of the 

skeleton. Typically, the distance between adjacent pixels is 1 or √2 between diagonally adjacent pixels. 

However, this function allows giving the pixel space attribute of the DICOM file to return the results on this 

scale. The second variable is called coordinates and returns a 2D array containing the coordinates of each 

pixel belonging to the analyzed skeleton. Finally, the last variable is called degrees and it returns an image of 

the skeleton where each pixel value is the number of neighboring pixels. Accordingly, this last variable allows 

finding the endpoints (degrees =1) and the junction points (degrees=3) of the skeleton, which is one of the 

next objectives. 
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Figure 5.35. Overlay of degrees=1 image (A) and degrees=3 (B) on the original DICOM image (Source: personal creation) 

After this process, another function from Skan called Summarize is used to trace the split branches from one 

endpoint to the other, and it returns the information of the branch in the form of a pandas DataFrame, 

which is a structure easy to read and easy to handle. Among the information contained in the table, there is 

the branch-distance, which is the total length of the branch and which is also known as Geodesic Distance, 

and the Euclidean-distance, which is the minimum distance between both endpoints of a branch. It is 

important to point out that this function allows giving as parameter the pixel spacing. Therefore, all the 

distances in the table are in mm, allowing to satisfy the clinical pre-requisites set by the doctors regarding 

the minimum length of the branches.   

 

Figure 5.36. First table created by Summarize function  (Source: personal creation) 

Indeed, the table generated by the Summarize function has returned 9 rows, one for each of the skeleton 

branches seen in Figure 5.34. 

 

A B 
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5.1.5.5.2  Pruning by length 

Now, the idea is to remove the remaining non-desired branches that have not been removed because they 

have a diagonal direction upwards. After a few tests, it has been decided that the best criterion to use to 

eliminate the branches is filtering them by length, taking advantage of the fact that they are usually smaller 

than the branches to be analyzed and, therefore, the latter are not affected. For this, the branches must first 

be separated, labeled again, obtaining their respective summary table with the lengths of each branch, and 

take the index label of those smaller than the limit length. 

Taking profit of the variable degrees, it is easy to split the branches by taking all the pixels with degrees = 2.  

 

Figure 5.37. Split branches taking degrees=2  (Source: personal creation) 

 

Figure 5.38. Code to eliminate the branches smaller than 20mm  (Source: personal creation) 

After a copy of the labeled image is done, the above lines of code show how the label of the branches 

shorter than 26mm is taken from the Pandas Dataframe and append it to a list. Then, if it is the case where 

there is a branch shorter than 20mm, it is removed from the Skeleton2 image, which is the one obtained 

after pruning the initial skeleton with the Pruning1 function.  
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Again, when removing the branches the last pixel of the branch remains attached to the main branch, and it 

is considered as a branch of length one pixel. Therefore, the pruning2 function, which has been created with 

all the possible s.e. to eliminate these pixels, is executed. 

 

Figure 5.39. Final skeleton after removing the branches shorter than 20mm  (Source: personal creation) 

In the above figure the result of the process is seen. In fact, this case is a good example to show how difficult 

it has been to choose the branch length threshold below which it should be remove. In this case, the internal 

iliac artery (pointed with the arrow) is longer than 20mm, and as a result, it is not removed. Even so, a 

detailed analysis of many cases has been done to determine if this could affect the approach being followed 

in the code. However, through this analysis, it has been proven that the initial approach, which is to 

eliminate all the undesirable branches that may be in the section of the infrarenal aorta, is correct. This is 

because now, the branches will be labeled again, and as the program lists from top to bottom and from left 

to right, the branches of interest will be labeled as 1,2 and 3, in case there are no unwanted branches 

attached to them. So, as long as the procedure up to this point manages to eliminate these branches, the AS 

will analyze the appropriate branches. 

 

Figure 5.40. Final code to process the final skeleton  (Source: personal creation) 

The third function of the AS ends at this point and it is called skeletonization. It returns the final_labeled 

image, the degrees2 image with the branches split, and the nbranches variable, which is the number of final 

branches. The whole function is not shown here because of its dimensions, but it can be seen in Annex A. 
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Figure 5.41. Successful branch removal case  (Source: personal creation) 

5.1.5.6. Deleting bad reconstructions by number of skeletons 

The next steps require time and computational capacity, both necessary when 890 cases have to be 

processed. That is why another filter has been introduced to detect if the case that is being processed is a 

case with a lot of noise and, therefore, with many branches in the skeleton. If this is the case, the processing 

of this image ends here, and the system goes on to analyze the following case. 

5.1.5.6.1 Labeling  

To do so, an if condition is included after executing the skeletonization function of the AS. This condition 

checks the nbranches variable to see if the skeleton has more than 15 branches. This threshold has been 

adjusted along the project to determine how many branches are a sign of bad reconstruction. Therefore, if 

the nbranches variable is bigger than 15, the image processing stops here, if not, it continues with the fourth 

and last function  

5.1.5.7. Extraction of attributes 

At this point, if the previous steps have achieved to remove all the non-desired branches of the infrarenal 

segment, the segments of interest are labeled as stated in the previous step.  Therefore, the infrarenal aortic 

segment is labeled as 1, the right common iliac is labeled as 2 and the left common iliac is labeled as 3. 

A B 
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Figure 5.42. Assigning the labels to each branch and creating the image with the original endpoints and junction point 

(Source: personal creation) 

Besides, to have a reference to the original endpoints of each branch and the common junction point, an 

image is created containing these initial landmarks. To create the image with the points, it has been possible 

to access the endpoints and the junction point depending on whether it has been chosen degrees2=1 or 

degrees2=3. Finally, both images have been added to have all the points in one image. 

 

Figure 5.43. Overlay of the initial endpoints and junction point (Source: personal creation) 

One of the clinical requirements set with Dr.Josep Puig is that the analyzed section of the aortic segment has 

a total length of 100mm starting at the bifurcation point, and that the common iliac segments has a total 

length of 60mm. Consequently, the analysis has to be done once these branches are adjusted to these 

measures. Getting to meet this requirement by modifying the initial images of each branch while controlling 

the length of these, taking into account that some pixels are diagonally and others vertically, has been the 

process that has required more time and dedication to get it to work in all cases. That is why this section 

directly explains the final methodology used. 

Therefore, first of all it has been necessary to create three functions, one for each branch, that takes the 

coordinates of the branch pixels until reaching the length established. To do so, it is important to remember 

that the pixel spacing DICOM attribute is the space between the centers of adjacent pixels. Thus, if 2 

adjacent pixels are one below each other, the distance between them is the pixel spacing, but if they are in a 
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diagonal line, the distance between them is the square root of the pixel spacing squared, plus again, the pixel 

spacing squared. Taking profit of this, before taking the coordinates of a branch pixel, the distance with 

respect the previous pixel is computed. Then, if the branch has not reached yet the total length and the 

pixels fits in, their coordinates are taken.  

 

 Figure 5.44. Function that takes the coo  (Source: personal creation) 

 

Figure 5.45. Function that takes the coordinates of the new branch pixels  (Source: personal creation) 

As seen in the above figure, before starting with the function type_of_neighborsaorta, it has been calculated 

the diagonal distance between the centers of two pixels arranged in a diagonal line. Then, the function starts 

first of all by calling another function called getcoordinates, that it has been previously created, and which 

implements the skeleton_to_csgraph of the given branch. This function returns only the coordinates of the 

skeleton in the variable branchcoordinates, which is a 2D array. Then, two void lists are created, called 
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vertical and diagonal, which will be the containers of the pixels coordinates that are taken for the new 

branch, classifying them by its arrangement with respect to the previous pixel. Besides, this function has two 

parameters, the image to process, and the length desired, which is assigned to a variable called l.  

Now, a vector is created that contains all the numbers ordered from highest to lowest from the total number 

of coordinates in the branchcoordinates vector to 1. This is done because the branch has to start from the 

junction point of the aortic segment and the common iliac segments. In this way, the vector is indexed from 

the end, and the distances between pixels are calculated in the horizontal and in the vertical axis. If the 

distance is of 1-pixel unit, the coordinates of these pixels are added to the vertical list, and the distance 

marked by the pixel spacing variable is subtracted to the variable l. On the other hand, if the distance is of 

the square root of 2, it means that the pixels are in a diagonal line, then these coordinates are added to the 

diagonal list and the dstdiagonal variable calculated at the beginning is subtracted to the variable l. In the 

end, this function returns the list vertical, diagonal, and the l variable, which indicates how many millimeters 

have been missing to reach the desired measurement. 

The other two functions for the common iliac sections are designed following the same methodology. 

However, for these cases, the vector of the indices has not been rotated, since it has to start taking pixels 

from the branch point downwards. 

In the end, knowing which pixels to take, a function has been created for the aorta and another for the iliacs 

called setlength_aorta and setlength_iliac, which remove the pixels that are not in the vertical or diagonal 

lists. First of all, the two vectors that serve to index the rows and columns of the images to be processed are 

created. In the case of the aorta, the vectors are rotated to start from the bottom up. Then, the function 

type_of_neighborsaorta or the homologous one for the Iliac is called, specifying the distance of 100 for the 

aortic segment and 60 for the iliac, and the results are stored in 2 different variables, called the same as in 

the other function to maintain cohesion. At this point, a new function called assignment2 is used, which is 

designed to obtain the coordinates of the central pixel of the bifurcation. This is done so that when indexing 

the image, it is only necessary to check whether the coordinates of a pixel, which is above the bifurcation 

point, are in the vertical list or the diagonal list. If they are, then the value of that pixel is set to 1. If they are 

not, then the value of the pixel is set to 0, becoming a background pixel. Finally, the image of the branch is 

returned.  



  Report 

52   

 

Figure 5.46. Function to detect the coordinates of the junction point  (Source: personal creation) 

In the above figure, it is seen the function created to find the coordinates of the junction point. A range of 

possible positions in the vertical and the horizontal directions has been established after processing many 

images. It is important to point out, that the inputs of this image have been thought to be an image 

containing the possible candidates to be junction points and an image of one branch, for those cases where 

there is no junction point, meaning that the iliac arteries have not been correctly segmented. In the end, if 

there are 3 pixels in the junction point area, it is taken the middle one. In case that there are 2 pixels, it is 

taken the first one, and finally, in case there is no pixel that satisfies these conditions, the last pixel of the 

given branch is taken as the junction point for further representations. 

 

Figure 5.47. Function to remove the pixels until reaching the desired length of the branch  (Source: personal creation) 

Finally, it can be seen the function setlength_aorta in the above figure. It is important to point out that, 

although there are only seen 2 for iterations, the function itself calls two other functions that are made up of 

more for iterations. As a result, this is the most time-consuming function in the entire AS. Specifically, on the 

computer used before using Google Colab services, this function takes between 3 and 4 minutes (see 5.1.2.2. 

for the computer specifications). The setlength_iliac works similar, but as the type_of_neighborsiliac, the 

process is performed from top to bottom, so there is no need to rotate the index vectors. The whole code for 

this function can be seen in Annex A.  
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Now, each function can be applied to its corresponding branch image. 

 

Figure 5.48. Executing the setlength_aorta function   (Source: personal creation) 

The process shown above for the image of the aorta is executed the same way for the right iliac artery and 

the left iliac artery. To make the AS more robust, an if condition has been added that checks if the image to 

be processed contains any pixel, which means that there is that branch to be analyzed. If not, the variable 

aortamod is assigned a None data type object, which does not mean that this variable no longer exists or 

that it is worth 0. 

Finally, to calculate the tortuosity of each branch, a single function called summary_table has been created 

that packs the skeleton_to_csgraph, and Summarize functions. Then, from the attributes extracted in the 

Pandas Dataframe, the tortuosity is calculated, and a column with the result is added. The output of this 

function is the table with the calculated value of the tortuosity and the rest of the branch attributes. 

 

Figure 5.49. Function that creates the final results table with the Tortuosity value (Source: personal creation) 
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5.1.5.8. Showing the results 

To have a graphic representation next to the numerical results, 3 functions have been created, one for each 

branch, plus a last one for the three branches at the same time. These functions, called represent1, 

represent2, represent3, and represent4, generate a superposition of the image with the analyzed segment 

over the original DICOM image to have a better reference over the segment. Also, in the image title, the total 

length of the analyzed segment is added to provide a better reference, together with the value of the 

tortuosity for each segment. The last function is designed to receive as input the image of each branch to be 

able to add them to obtain in an image the three analyzed branches. Finally, the titles of each image are 

placed in the image title, showing all the results in one image.   

 

Figure 5.50. Function to generate the overlay image of the analyzed branches with the results (Source: personal 

creation) 

 

Figure 5.51. Showing results whit function represent4 (Source: personal creation) 

As seen in the above figure, the length of the analyzed branches it is neither exactly 100mm for the 

infrarenal aortic section nor 60mm for the common iliac sections. This is for the simple reason that a pixel 

cannot be cut in half or where necessary to meet the specified measurement, thus resulting in these small 

differences. 
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5.1.5.9. Exporting the results into a .csv file 

Finally, still inside the 4th function, to export the information into a .csv file for each case, it is necessary to 

first create a Pandas Dataframe with all the information. Besides the attributes given by the function 

summarize of each branch, the final position of the endpoints and the junction point can also be added, as 

well as an observation to see if the process has been carried out satisfactorily for all the branches or if the 

case needs to be inspected by the clinician. Then, the information to add in the .csv file is the following: 

 [PatientId]-Patient identification: obtained from the DICOM by doing ds.PatientId. 

 [p1x, p1y, p2x, p2y, p3x, p3y, p4x, p4y] - Horizontal and vertical position of the endpoints and 

junction point of the branches: Depending on whether all the branches have been analyzed or not, 

these coordinates are calculated by means of two functions specially designed for this purpose, 

called getstartingpoint, and getfinalpoint. If one branch has not been analyzed because it is missing, 

the AS assigns to these variables the data type None. The functions and the code can be found in 

Annex A. 

 Branch distances: obtained directly from the table resulting from executing the summary_table() 

function for each branch. 

 Tortuosity values: obtained directly from the table resulting from executing the summary_table() 

function for each branch. 

 Observations: obtained through a simple set of conditions that has been written to decide 

automatically if it is a satisfactory case, a case where the iliacs have not been analyzed, or a case of 

bad reconstruction. 

Finally, to create the Pandas Dataframe is enough with the following lines. 

 

Figure 5.52. Creation of the Pandas Dataframe (Source: personal creation) 

In the above figure, it cannot be seen the whole code because of the dimensions, but the first line of code 

continues adding the attributes explained in the same way that is seen.  

To conclude with the 4th function, the value of the tortuosity is highlighted on the Dataframe and the whole 

Dataframe is exported as a .csv file with the function df.to_csv from the Pandas library. Each csv file is 

exported to the same folder and saved with the patient's ID. 
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Figure 5.53. Styling and exporting the Dataframe into a .csv file  (Source: personal creation) 

5.1.5.10. Exporting the Dataframe 

Once all the cases have been processed and all the .csv files are in one folder, they are taken and read into a 

Dataframe using the function glob() and pd.read_csv(). Then, each Dataframe is added to a list, which in the 

end, is iterated, and all the Dataframes are concatenated. Finally, this Dataframe containing the information 

for all the cases is exported to an Excel, to be more readable for the clinicians, and to dump all the results 

into the global research database of the Imagenoma de l’Envelliment. 

 

Figure 5.54. Part of the Excel provided for the clinicians  (Source: personal creation) 

As seen in the above figure, the initial Excel document generated from the .csv file contains the 15 attributes 

for each patient, ordered by the given Patient Identification. However, later on, the columns containing the 

coordinates of the endpoints and the junction point have been removed, since it is outside the scope of the 

analysis done by the clinical research team of Imagenoma de l’Envelliment.  
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5.1.5.11. Relevant case exposition 

5.1.5.11.1 Mild Tortuosity case 

 

Figure 5.55. Results for a mild case of Tortuosity (Source: personal creation) 
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5.1.5.11.2 Moderate tortuosity case 

 

Figure 5.56. Results for a moderate case of Tortuosity (Source: personal creation) 
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5.1.5.11.3 Severe tortuosity case 

 

Figure 5.57. Results for a severer case of Tortuosity (Source: personal creation) 
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5.1.6. Automatic System Validation 

This project has been developed in the clinical environment of the project Imagenoma de l’envelliment. 

Generally, doctors are not used to working on the Jupyter Notebook development environment and they are 

not prepared to deal with programming code either. Even so, many of them are involved in research projects 

where image processing programs that do not require programming skills can be used. Among these 

programs, there is one especially used in research called ImageJ. It has been proven that by using this 

program one can follow the same steps performed in the Automatic System until the skeleton of the 

structure is obtained, though each step has to be done manually. However, it is necessary to validate if the 

same tortuosity indexes are obtained. 

Thus, the aim of this section is to check that the results obtained with the code are the same as those that a 

clinician can obtain by using ImageJ, providing the necessary reliability and validity to the designed AS. 

In other words, in order to validate the reliability and the correct functioning of the AS, the same operations 

have been carried out with the program ImageJ, in particular ImageJ2, which is an open source Java image 

processing program with many available plugins to perform a wide variety of image processing operations. 

The validation process described below is focused in comparing the tortuosity value for the three analyzed 

branches in each case. Both images and calculations will be shown in order to always have a visual reference 

of the results being discussed and thus facilitate the understanding of the validation process that has been 

done. 

In the following sections the software used, the methodology, the results and the conclusion will be covered. 

5.1.6.1. ImageJ 

ImageJ is nowadays used in many scientific programs where image processing plays an important role. As an 

open source program, it is freely available and it is constantly being updated by its user’s community with 

plugins for specific scientific investigation areas.(16) 

 

Figure 5.58. ImageJ logo  (Source: ImageJ.net) 

For this process the most relevant functionalities have been clustering techniques, morphological 

operations, binary operations and extraction of attributes operations. To do so, it has been necessary to 

install extra plugins such as MorpholibJ (17) and AnalyzeSkeleton2D/3D(18). The former provides functions 
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to perform morphological operations controlling the shape and the size of the s.e., which is essential to 

ensure that the validation is being done correctly. The latter creates a detailed analysis of the skeleton 

branches providing relevant information for the validation such as the branch distance, the Euclidean 

distance between endpoint of the branch and the endpoint pixels position on the image. 

5.1.6.2. Methodology 

The methodology followed in the validation implies two different processes. First of all, the same steps as in 

the code have been done to process the image with ImageJ. Below, there is as a summary of these steps: 

 With imageJ: 

1. K-means clustering segmentation 

2. Selection of the cluster with the largest area 

3. Erosion with s.e. disk of radius 3 

4. Dilation with s.e. disk of radius 3 

5. Dilation with s.e. disk of radius 3 

6. Erosion with s.e. disk of radius 3 

7. Removal of spurious regions 

8. Dilation with s.e. disk of radius 1 

9. Closing with s.e. disk of radius 1 

10. Analyze of the skeleton branches under study 

All these operations have been described extensively in sections 0 and 0.. Once the branch information is 

obtained the Tortuosity index is computed and compared to its Automatic System counterpart. 

The results of this initial validation have required a second process to carry out a more in-depth analysis of 

the image. Accordingly, it has been created a pipeline with Jupyter notebook to compare the results of both 

methods after each operation. Below, there is the summary of this step: 

 Jupyter Code: 

1. Compute the Structural Similarity Index (SSIM) between the images obtained by the AS and 

those obtained with ImageJ in each of the steps until skeletonization included. 

5.1.6.3. Validation process and results 

In a first attempt of validation, the described methodology has been followed until obtaining the final 

skeleton analysis. It is important to remember that the lengths of the analyzed branches in the AS have been 

set at 10cm for the infrarenal aortic artery and 6cm for the common iliac arteries, following the clinical 

requirements. Therefore, to ensure that the analyzed sections with both methods start at the same point, it 
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has been necessary to manually crop the branches in ImageJ. Finally, the skeleton is analyzed with the 

AnalyzeSkeleton function and the tortuosity index is calculated for each of the three sections under study.   

Below, it is shown the process. 

 

Figure 5.59. Comparing Initial segmented aorta after K-means clustering (n=3). Code results(A) and ImageJ results (B) 

(Source: personal creation) 

 

Figure 5.60. Final structures comparison after all the morphological operations. Results from the code (A) and from 

ImageJ (B) (Source: personal creation)  
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Note: to obtain the structure shown in  

Figure 5.60 (B) and make it similar to  

Figure 5.60 (A), it has been necessary to remove manually some areas labeled as the aorta after the K-means 

clustering segmentation, whereas in the AS this process is designed to be performed automatically. 

It can be seen that the final segmented structures present some differences that will affect to the skeleton 

and, therefore, to the analyzed structures and the tortuosity index.  

 

 

Figure 5.61. Skeleton comparison. Results from the AS (A) and from ImageJ (B)  (Source: personal creation)  

As expected, the resulting skeletons are different. Then, the branches are analyzed to have a more detailed 

and quantitative measure of this difference.  

 

Figure 5.62. Summary table containing the attributes for each of the 3 analyzed branches with the AS Distances are in 

mm (Source: personal creation)  

 

Figure 5.63. Summary table containing the attributes for each of the 3 analyzed branches with ImageJ. Distances are not 

in mm (Source: personal creation)  
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On the left side of the tables there can be seen one number before each row which refers to the numbers 

seen in Figure 5.61. To avoid misunderstandings, it is necessary to point out that the labels for the common 

iliac arteries are rotated from one image to the other because of how ImageJ sorts the branch information. 

In addition, to correctly understand the information in the table of Figure 5.62, it is necessary to clarify that 

the coordinates of each starting point for each branch are the src-coordinates, where the src-0 corresponds 

to the vertical axis (axis 0) and the src-1 corresponds to the horizontal axis (axis 1). Following the same 

structure, the branch endpoint coordinates are the ones found in the dst-0 and dst-1 labeled columns. With 

respect to the table provided by ImageJ, it is sorted by the V1y coordinate, which is the coordinate of the 

initial point for the infrarenal aortic section and the endpoint for the common iliac sections. Accordingly, it 

can be seen that the junction point in both cases is located almost at the same coordinates [287,268], 

differing only by 1 pixel in the horizontal axis. 

However, the high value of the branch distance for the right iliac in Figure 5.63 shows that ImageJ has 

analyzed the right iliac as one branch, whereas the AS has split it in two branches. Consequently, to perform 

a correct comparison between the results, this difference must be fixed by splitting manually the right iliac 

with ImageJ. To determine which pixel needs to be removed, it is enough with zooming and scrolling through 

the image until finding the pixel that is left over in the image of the code. Below can be seen the results. 

 

Figure 5.64. Final skeleton after manually splitting branch 3(Source: personal creation) 

 

Figure 5.65. Summary table with the attributes after splitting branch 3 (Source: personal creation) 

Now, the only think that remains to do is to adjust branch 1 to be of the same length that its counterpart of 

the AS. Again, this process is done manually with ImageJ. 

2 3 

1 

1) 

3) 
 
2) 
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Figure 5.66. Final skeleton obtained with ImageJ(Source: personal creation) 

 

Figure 5.67. Summary table containing the attributes for each of the 3 analyzed branches with ImageJ after manually 

splitting branch number 2 and 3. Distances are not in mm (Source: personal creation)  

In addition to the modifications on the image, it is also important to multiply the results of the table by the 

pixel spacing attribute since ImageJ results are in pixel units and the AS results in mm. In the case of the 

image being analyzed, this factor is 0.8789 mm both in vertical and in horizontal directions. 

In order to make easier to compare the results of both methods, the attributes of the analyzed branches 

with the Automatic System have been listed under the same label as the ones given by ImageJ. Thus, the 

coordinate system is located again at the top left corner and coordinates of the vertical axis are labeled as 

src-0 or dst-0, depending on whether it is the initial point or the endpoint of the branch. On the contrary, 

coordinates of the horizontal axis are labeled as src-1 or dst-1 following the same criteria described. 

Accordingly to these modifications, the results are shown in the following table: 

Attributes Branch length 

(mm) 
Image-coord-src-0 Image-coord-src-1 Image-coord-dst-0 Image-coord-dst-1 

Euclidean distance 

(mm) 

Infrarenal aorta 109.696 162 311 268 287 95.521 

R-iliac 71.55 321 241 268 287 61.67 

L-Iliac 64.40 311 325 268 287 50.435 

Table 5.1. Attributes for the analyzed branches with ImageJ after applying the pixel spacing factor. Distances are in mm 

(Source: personal creation)  

1) 

3) 
 
2) 

2 3 

1 
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These results must be compared with the ones obtained by the AS at the end of the process. 

 

Figure 5.68. Overlay of the final sections analyzed with the AS (Source: personal creation) 

Attributes Branch length 

(mm) 
Image-coord-src-0 Image-coord-src-1 Image-coord-dst-0 Image-coord-dst-1 

Euclidean distance 

(mm) 

Infrarenal aorta 102.970 166 312 267 288 89.994 

R-iliac 66.81 315 242 267 288 57.830 

L-Iliac 60.53 310 322 267 288 46.257 

Table 5.2. Attributes of the final analyzed branches with the AS. Distances are in mm (Source: personal creation) 

Comparing the results of Table 5.1. with those of Table 5.2. , there is clearly a difference in both the lengths 

of the branches and the Euclidean distances. Consequently, the tortuosities computed with both methods 

are also expected to be different.  

Tortuosity measures are computed automatically by the AS, but for the image of ImageJ they need to be 

computed manually taking the results from Table 5.1.,since the ImageJ plugin used does not have 

implemented the function to calculate the tortuosity directly: 

                                                 

Eq.5.1. Equation used to compute tortuosity values 
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Finally, the values for tortuosity can be listed and compared: 

Attribute  With the Code [mm] With ImageJ  [mm] |∆Tortuosity| [mm] 

Tortuosity Aorta 12.975 14.175 1.200 

Tortuosity R-Iliac 8.979 9.880 0.901 

Tortuosity L-Iliac 14.272 13.965 0.307 

Table 5.3. Tortuosity results for both methods(Source: personal creation) 

As a result, it is seen that the initial differences between both structures after the morphological operations 

have resulted in obtaining slightly different tortuosity indexes, being the biggest one of 1.2mm. In addition, 

there is a small difference between the coordinates of the endpoint of each branch for each method. This is 

because while in ImageJ the branches have been cropped manually, the AS has cropped automatically the 

image following the lengths established. However, these small differences between the endpoints may not 

be substantial to cause these differences in the results.   

Consequently, it remains only to carry out a more detailed investigation on how these structures change 

throughout each operation. The following explanation is part of the second attempt of validation.  

Morphological operations are conducted with a structuring element that is applied to each pixel in the 

image. That is why it is important to take into account each pixel difference when comparing the results of 

these operations in both methods. Accordingly, 4 images are shown to assess the similarity between images 

after each morphological operation. 

The first image shows the areas with pixel differences among the compared images. These areas are seen 

darker than the background. In addition, it is also shown next to the image the similarity index in the range [-

1, 1], where 1 means that the compared images are equal. To obtain these results the Structural Similarity 

Index (SSIM) function from Skimage library has been used.  

The second image shown is an overlay of the two images being compared. In order to understand these 

results it is necessary to understand how they have been obtained.  

 

Figure 5.69. Legend showing the colors for each of the 4 possible pixel values  (Source: personal creation) 
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The above image is the legend that appears in this second image. It shows the 4 possible colors present on 

the image and their reference to the values. 

                                    

Eq.5.2. Equation used to add images being compared 

The Eq.5.2 shows the mathematical operation to put into practice the concept of overlaying both images. In 

words, the overlay has been obtained by adding to the image obtained by the AS the image obtained with 

ImageJ multiplied by 10. It is important to remember that images in Python are handled like matrixes. Thus, 

when performing the addition and the multiplication by a scalar, the expected results are the same as if they 

were matrixes. The addition adds the values of the pixels that are located at the same coordinates and the 

multiplication by a escalar is performed in each pixel of the image.   

 

Figure 5.70. Understanding the effect of the operations (Source: Personal creation) 

As a result, it is possible to know by its value the origin of each pixel. The values shown in Figure 5.69 are 

assigned to: 

 Value 0: Background 
 Value1: Pixel belonging to the image obtained with the Automatic System 
 Value 10: Pixel belonging to the image obtained with ImageJ 
 Value 11: Pixel belonging to both images 

Finally, to have a visual reference,  the original images being compared after each step are shown. Therefore, 

the third and the fourth images provided correspond to the original images resulting from the AS and 

ImageJ, respectively.  

Below the results for each step of the process are shown. 
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Figure 5.71. Structural similarity Index between images of the aorta  (Source: personal creation) 
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Figure 5.72. Overlay of aorta’s structures after K-means clustering segmentation  (Source: personal creation) 

 

Figure 5.73. Comparing Initial segmented aorta with K-means clustering image (n=3)  with the AS (A) and with ImageJ 

(B) (Source: personal creation) 

 

A B 
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After this first operation, despite very little difference due to the lack of possibility to adjust the cluster 

center tolerance parameter, the first three decimals of the SSIM index are nine, which is a very good result. It 

is important that the method used to segment the desired structure produce nearly the same results, since 

from now on the remaining operations are going to be done on this structure. 

 

Figure 5.74. Structural similarity Index between images after the 1st morphological operation  (Source: personal 

creation) 
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Figure 5.75. Overlay of the 1st morphological operation results  (Source: personal creation) 

 

Figure 5.76. Results of the 1st morphological operation . Results from the AS (A) and from ImageJ (B) (Source: personal 

creation) 

A B 
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It is seen that first morphological operation creates more differences between the images. More specifically, 

first image shows that the differences are located along all the edge of the structure, whereas the second 

image clarifies that the differences belong to extra pixels removed by the morphological operation 

performed in ImageJ. Since it is clear the origin of these first differences, this fact will be considered for later 

conclusions.  

 

Figure 5.77. Structural similarity Index between images after the 2
nd

 morphological operation  (Source: personal 

creation) 
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Figure 5.78. Overlay of the 2nd morphological operation   (Source: personal creation) 

 

Figure 5.79. Results of the 2nd morphological operation . Results from the AS (A) and from ImageJ (B) (Source: personal 

creation) 

A B 
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This second operation, which is a dilation of disk of radius 3 pixels, does not generate relevant differences 

between both images. There is only one zone seen as light red in the second image which is located in the 

bifurcation point of the left common iliac section. The SSIM improves compared to the previous operation, 

again reaching almost the first three positions at 9. 

 

Figure 5.80. Structural similarity Index between images after the 3
rd

 morphological operation  (Source: personal 

creation) 
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Figure 5.81. Overlay of the 3rd morphological operation results  (Source: personal creation) 

 

Figure 5.82. Results of the 3
rd

 morphological operation . Results from the AS (A) and from ImageJ (B) (Source: personal 

creation) 

A B 
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This third operation, which is the same of the previous one, shows again that the differences are located 

along all the edge of the structure. However, in this case, the second image reveals that now extra pixels are 

being added in the image of ImageJ with respect to the image of the AS. At this point, it is also important to 

point out the difference that is being created in the junction area of the infrarenal aortic segment and the 

common iliac segments. As it is a zone where both iliac segments are very close, it is expected that the 

closest pixels come together. Nevertheless, it can be inferred that the two operations are not carried out 

equally in both methods. 

 

Figure 5.83. Structural similarity Index between images after the 4th morphological operation  (Source: personal 

creation) 
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Figure 5.84. Overlay of the 4th morphological operation results  (Source: personal creation) 

 

Figure 5.85. Results of the 4th morphological operation . Results from the AS (A) and from ImageJ (B) (Source: personal 

creation) 

A B 
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After this fourth operation, the differences are not concentrated along the edge, but at the bifurcation of the 

left common iliac section. Taking a look at the original images, it is seen that this differences correspond to 

the presence of a hole in the image provided by the AS. The SSIM index is again quite good.  

 

Figure 5.86. Structural similarity Index between images after the 5th morphological operation  (Source: personal 

creation) 
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Figure 5.87. Overlay of the 5th morphological operation results  (Source: personal creation) 

 

Figure 5.88. Results of the 5
th

 morphological operation . Results from the AS (A) and from ImageJ (B) (Source: personal 

creation) 

A B 
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Once again, the differences are found all along the edge and the extra pixels belong to the image of ImageJ. 

Regarding the original images, it is seen that whereas in Figure 5.88 (A) the whole structure remains 

together, in Figure 5.88 (B) the structure has been divided in two. As a consequence, the SSIM index is the 

lowest yet. 

 

Figure 5.89. Structural similarity Index between images after the 6th morphological operation  (Source: personal 

creation) 
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Figure 5.90. Overlay of the 6th morphological operation results  (Source: personal creation) 

 

Figure 5.91. Results of the 6th morphological operation . Results from the AS (A) and from ImageJ (B) (Source: personal 

creation)  

 

A B 
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The differences continue to be located along the edge, and those pixels belong to the image of ImageJ. 

 

Figure 5.92. Structural similarity Index between images of the skeletons(Source: personal creation) 



  Report 

84   

 

Figure 5.93. Overlay of the final skeletons obtained (Source:personal creation) 

 

 Figure 5.94. Results of the skeletonization process. Results from the AS (A) and from ImageJ (B) (Source: 

personal creation) 

 

A B 
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Finally, both the SSIM and the skeleton overlay confirm the differences between the skeletons that lead to 

obtain different tortuosity values.  

5.1.6.4. Validation conclusions 

The results in Table 5.3 show that the bigger differences should be located on the infrarenal aortic section 

and the right common iliac section. It is important to remember that the analyzed section for both methods 

is 10cm above the junction point for the infrarenal aortic section, and 6cm from the junction point or until 

the bifurcation for the common iliac section. Thus, taking a look to Figure 5.92 and Figure 5.93, it is proven 

that there are small differences in these areas, especially next to the junction point. 

Nevertheless, many differences have been seen along the edge during the validation process. In fact, this has 

occurred in 4 of the 8 comparisons. In the first case where it happens, the extra pixels have a value of 1, 

which means that they belong to the image of the AS. But as this case corresponds to an erosion, in fact, it 

means that the erosion in ImageJ is removing more pixels. Likewise, in the next three cases where this 

happens, the morphological operation under comparison is a dilation. As a result, the extra pixels have a 

value of 10, which means that these pixels correspond to the image of ImageJ. In other words, it can be 

inferred that there is a difference between the way both the AS an ImageJ execute these morphological 

operations. 

In fact, there are two relevant parameters to control during this kind of operations and both are related to 

the structuring element that is applied in each pixel of the image. These parameters are the shape of the s.e., 

which in this case is a disk for both rounds of operations, and the size, which specifies the number of pixels 

of the radius and it is 3 and 1, respectively for the two rounds. However, having ensured that the value of 

these parameters is the same in both methods, it only remains representing the structuring element created 

in both methods.  
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Figure 5.95. Comparison of structuring elements of radius 3. Skimage(A), ImageJ (B).  

  

Figure 5.96. Comparison of structuring elements of radius 1. Skimage(A), ImageJ(B).  

As inferred from the results of the second validation method, with Figure 5.95 and Figure 5.96, it is proven 

that the cause of the differences is the structuring element being used in each method. The disk of radius 3 

pixels used in ImageJ adds 8 extra pixels with respect to its counterpart of Skimage. This explains the extra 

pixels that appear in the dilatation overlays, and the extra pixels removed in the erosion overlay, both 

referring to their respective ImageJ image.  

To be able to find the cause of the discrepancy between the tortuosity value, it has been necessary to carry 

out an in-depth investigation. It has been proven that a few extra pixels can lead to significant differences in 

the results.  

A 
B 

A 
B 
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It cannot be stated with certainty that the rates of tortuosity would have been exact if it were not for this 

difference between the structuring elements. However, after analyzing the effect of this on the images, it 

can be said that if it were not for this difference, the results would be at least almost exact. This, in turn, 

reflects the precision that image processing requires, being reduced to controlling the behavior of each pixel, 

without forgetting the added value of knowing that behind the results there is a possible diagnosis of the 

patient. 

With regard to the objective, for the infrarenal aortic section and the right iliac sections the tortuosity index 

differences represent a 25 and 20, respectively, over the mean of the whole study. Therefore, due to these 

differences in the structuring elements, clinicians should work always with the same method in order to 

avoid future discrepancies on the results. Even so, the whole methodology has been demonstrated to 

perform equally for both methods, obtaining the final analysis of the skeleton and the tortuosity value. 

On the other hand, it is important to point out that the execution time for each method is quite different, 

being faster and 100% autonomous the AS designed. On the contrary, ImageJ requires doing all the steps 

manually, controlling that the parameters are well adjusted before each operation. Thus, for larger image 

sets it is highly recommended the use of the AS.  
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6. Results 

This section analyses the results obtained by the Automatic System when processing the 890 cases that 

underwent the MRI study, as well as the methodology that has been followed to analyze them.  

6.1. Analyzing the results of the Excel 

First of all, it is important to note that the Excel obtained by the AS contains 766 rows with results. This 

means that of the 890 cases, 124 have not been analyzed because they have not passed at least one of the 2 

filters of the AS. 

However, of the 766 cases analyzed, not all of them have resulted in a correct image processing. First of all, it 

has to be analyzed if it was because the AS was not robust enough or some other external cause. This has 

involved reviewing the original images and, if applicable, those obtained by the AS, of all those cases in which 

the Excel column of observations indicates that the 3 branches have not been analyzed. 

6.1.1. Performance of the Automatic System 

The results of this first analysis reveal that there have been 59 cases in which the original image has not been 

well reconstructed, and no vascular structure can be seen. On the other hand, it also reveals that there have 

been 49 cases where the measure obtained by the AS does not correspond to the assigned branch. 

Therefore, as a first analysis, without taking into account the cases of bad image reconstruction, the AS 

presents an efficiency of 93.07%. 

Analyzing carefully the 49 cases in which the AS has failed, it has been possible to see certain patterns of 

error: 

 Cases in which the segments of the common iliac arteries are thin and present areas of very 

different intensities, which means that, when segmented with Kmeans, they belong to different 

clusters. As a result, in most cases a very short iliac segment is obtained, less than 20mm, which 

ends up being eliminated with the process of pruning by length. 
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Figure 6.1. 1st pattern of error. Original image(A), Kmeans image(B), image after morph.op.(C), 1st skeleton(D) (Source: 

personal creation) 
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 The above phenomenon also occurs in cases with wide arteries, where some segment is blurred, 

predominantly the iliac segments, and ends up resulting in a narrowing when segmenting with 

kmeans. As a result, these branches end up disappearing when pruning the shorter 20mm branches. 

 

 

Figure 6.2. 2nd pattern of error. Original image(A), Kmeans image(B), image after morph.op.(C), 1st skeleton(D) (Source: 

personal creation)  

Such cases, although caused by poor reconstruction, could be well analyzed if the method of segmentation 

were more robust, since the entire trajectory of the vessels can be seen. 

 

 

 

A B 

C D 
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 Cases with very thin common iliac arteries in which morphological operations, in particular initial 

erosion, end up fragmenting them. As a result, the skeleton does not contain the three branches to 

be analyzed. 

 

 

Figure 6.3. 3rd pattern of error. Original image(A), Kmeans image(B), image after morph.op(C), 1st skeleton(D) (Source: 

personal creation)  

This type of error has been the most frequent among the 49 failed cases. Morphological operations are a key 

step in the process to separate the structures attached to the arteries, but the initial stage of erosion has 

proved to be the cause of error in cases with very narrow vessels, as it split the branch at the narrowest 

areas. 

 

A B 
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6.1.2. Removing cases with scoliosis 

The abdominal cavity is an area that has many adhesions between different anatomical structures. According 

to Dr. Josep Puig, severe scoliosis could directly affect the tortuosity of the abdominal aortic segment, even 

affecting the tortuosity of the common iliac arteries.  

A normal spine has several front-to-back curves between the neck and the pelvis. In scoliosis, the spine 

curves abnormally to the side or twists(19). It can be caused by congenital, developmental or degenerative 

problems, but most cases of scoliosis actually have no known cause called idiopathic scoliosis. The curvature 

of the back may develop as a single curve (shaped like the letter C) or as two curves (shaped like the letter S). 

(19) 

 

Figure 6.4 Comparison between healthy spine and scoliosis (Source: health.harvard.edu)  

The above figure shows a severe case of scoliosis. 

For this reason, it has been necessary to eliminate all those cases that present a degree of severe scoliosis in 

the lumbar area of the vertebrae, from the kidneys to the end, coinciding with the overlapping of the 

abdominal section of the aorta. 

To do so, of the 657 cases in the current Excel, the cuts of the coronal plane acquired in the T2 sequence 

have been analyzed, where this part of the spine to be investigated can be seen. In addition, although it is 

possible to identify the trajectory of the aortic artery in some cases, when it has been necessary to know 

whether the spinal deviation affected the aorta, the results obtained by the AS have been used to verify it. 

Reviewing the acquired slices of the 657 patients is a simple but time-consuming task, so instead of opening 

the images with a code made in Python, a DICOM image viewer called RadiAnt has been used, which allows 

scrolling through the different slices acquired in a comfortable and fast way. 
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In the image above, a cut of the coronal plane in T2 sequence, where the spine can be clearly seen (A), has 

been compared with the superposition of the skeleton over the reconstruction of the abdominal aortic 

artery (B). As a result, it can be seen how clearly the infrarenal segment of the abdominal aortic artery 

acquires the same deviation as the spine, which corroborates that the tortuosity of this artery cannot enter 

the study since it is induced by the shape of the spine.  

        

Figure 6.5. Representative case of severe scoliosis (Source: personal creation)  

In the image above a cut of the coronal plane in T2 sequence (A) has been compared where the spine and 

the reconstruction of the abdominal aortic artery can be clearly seen with the analysed skeleton 

superimposed (B). It can be seen how clearly the infrarenal segment of the abdominal aortic artery acquires 

the same deviation as the spine, which corroborates that the tortuosity of this artery cannot enter the study 

since it is induced by the shape of the spine. 

As a result of this analysis, 25 cases have been removed from the Excel results, leaving a total of 632 cases.  

6.1.3. Minimum requirement for Imagenoma de l'Envelliment research 

Finally, the last requirement established by the doctor to enter the results into the Imagenoma de 

l'Envelliment database, is that at least all cases have analyzed the infrarenal segment of the aorta. This is 

because it is the segment where statistically there is a greater probability of having an aneurysm and, 

therefore, of greater interest to research. According to this, the database ends with a sample of 626 

analyzed cases. 

  

A B 
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6.2. Contribution to the Imagenoma de l'Envelliment project 

Finally, from the Excel given to Dr. Josep Puig, and introduced in the database of the Imagenoma de 

l'Envelliment project, the average of each one of the 6 attributes has been extracted and classified by sex and 

age, in order to add it to the descriptive table seen in section 4.1.3.   

 Male Female 

 < 65 years 

(n=127) 

≥ 65 years 

(n=223) 

< 65 years 

(n=129) 

≥ 65 years 

(n=148) 

Aorta longitude (mm), mean (SD) 95.5 (11.8) 96.3 (12.0) 97.0 (11.5) 97.7 (9.6) 

Aorta tortuosity index (mm), mean (SD) 4.6 (2.9) 5.1 (3.0) 4.3 (2.7) 5.2 (3.6) 

Right Iliac longitude (mm), mean (SD) 59.9 (8.9) 62.4 (6.7) 60.4 (7.0) 61.7 (7.8) 

Right Iliac tortuosity index (mm), mean (SD) 6.2 (3.0) 6.9 (3.2) 5.3 (1.9) 6.3 (2.8) 

Left Iliac longitude (mm), mean (SD) 59.1 (5.9) 57.5 (8.6) 59.6 (6.8) 57.4 (8.7) 

Left Iliac tortuosity index (mm), mean (SD) 6.2 (2.5) 6.8 (3.2) 5.4 (2.1) 6.5 (3.4) 

Table 6.1. Contribution to the descriptive table (Source: Imagenoma de l’Envelliment)  

6.3. Data analysis 

Despite not having more variables with which to correlate the tortuosity values, a data analysis process was 

carried out to see if any relationship could be found between the 6 extracted attributes. 

6.3.1. First attempt of data analysis 

In a first attempt of analysis, it was seen that in some cases it was possible to obtain the age of the metadata 

of each DICOM file and it was decided to attach it to the Excel of results, becoming 7 attributes.  

To do this analysis, a separate code was created in a Colab notebook, independent of the AS designed to 

calculate the tortuosity. Before starting, all the information from the Excel has been passed to a csv, to be 

able to import it in a Pandas DataFrame with the function pd.read_csv(). 
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Figure 6.6. Sample of the initial Pandas Dataframe for the Data Analysis with the age (Source: personal creation)  

The first step has been to analyze some basic statistical parameters about this initial Dataframe. This has 

been done by using the function describe(), which provides the size of the variable, the mean, the standard 

deviation, the minimum, the maximum value and the percentiles 25%, 50% and 57%. 

 

Figure 6.7. Descriptive parameters of the data set (Source: personal creation)  

Some values in the table are worth noting. The first is that the averages of the lengths are quite close to 

those established as requirements for clinical relevance. It should be noted that the one furthest away is the 

aorta. The second value to be highlighted is the standard deviation, which is very high for the length values 

of the Aorta. Together with this value, the minimum length of the Aorta can be associated, which being 

5.52mm denotes that there has been, at least, one more case where the AS has not analyzed the expected 

branch or where the original image was not well reconstructed and has managed to pass the two filters of 

the AS Finally, it is worth noting the clear difference in size of each variable. 

The difference in the size of each variable is given because for the same case, there are attributes that have 

not been obtained. As a consequence, this first analysis is going to be made only with those cases that have 7 

attributes. Therefore, the first step has been to eliminate all those cases in which the age box is empty 

(NaN). To do so, Pandas provides a function called dropna, that removes the rows or columns (as specified) 
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where a cell does not contain a value. In this case, the rows have been deleted resulting in a Dataframe with 

370 cases having the values of the 7 attributes. 

As the ages of the patients range from 51 to 85 years, it has been decided to create, and add to the 

Dataframe, a variable called age_zone with the aim of analyzing whether there are behaviors of the variables 

associated with age. This has 4 possible values in reference to the 4 age zones in which it has been decided 

to classify the patients. The first, less than or equal to 60 years old, is considered zone 1. The second, for 

those over 60 but less than or equal to 70 years old, is assigned zone 2. The third, for those aged over 70 but 

under or equal to 80, is assigned zone 3. Finally, for those over 80 years of age, zone 4 is assigned. 

 

Figure 6.8. Code to create the variable age_zone in the Dataframe (Source: personal creation)  
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Now, to analyze the data, a function from the Seaborn library called pairplot has been used. This function 

returns a graph, called pairplot, that combines histograms on the diagonal and scatterplots on the upper and 

lower triangles on the same graph. The histograms allow seeing the distribution of the same variable while 

the scatterplots show the relationship or not relation between the two variables that form it (20)(21). 

 

Figure 6.9. Pairplot of the 6 attributes grouped by age zones (Source: personal creation)  

In the pairplot obtained in the above figure, each age zone has been represented in a different colour. Taking 

special attention to the diagonal, it can be seen that within each variable there is not a clear difference in 

behavior by age, but a slight dispersion of the tortuosity of the iliac arteries, both left and right, but without 

major relevance.  

To have a better visibility, the pairplot is visualized only of the tortuosity variables, this time adding the linear 

regression of each age zone in the scatterplots. 
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Figure 6.10. Pairplot of the tortuosities with linear regression over the scatterplots  (Source: personal creation)  

Again, age cannot be seen as a clear indicator that groups together behaviours of the tortuosity variables. 

6.3.2. Second attempt of data analysis 

In this second attempt, we wanted to approach the analysis in a different way, with the aim of analyzing the 

behavior of only the attributes of tortuosity. First of all, the attributes and the age zone have been 

eliminated. This can be done with the drop() function provided by Pandas.  

This time we are going to use machine learning clustering techniques. Specifically, we will start by 

implementing the Kmeans method, looking for it to group the data in 3 clusters.  
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Figure 6.11. Pairplot of the tortuosities with linear regression over the scatterplots (Source: personal creation)  

The above figure shows the code executed to fit the kmeans model and create a new column for its values. 

As a result, the data is now categorized according to the cluster to which it belongs, which can be 0, 1 or 2. 

 

Figure 6.12. Pairplot of tortuosities categorized with Kmeans (Source: personal creation)  

As can be seen, although cluster 1 seems to behave differently from the other two for the right iliac section, 

taking into account the other two variables, it cannot be established that there is a clearly differentiated 

behaviour pattern of cluster 1 with respect to the other two. 

The same analysis can be performed but using another well-known clustering method called the Gaussian 

Mixture Model. For this model a number has also to be set, in this case the number of mixture components.  

To know this number, the model has been tested for n from 1 to 10, and it has been taken the n for which a 

lower value is obtained. In this case the result has been n=4, indicating that it is the best number of 



  Report 

100   

components to apply in the model.  Even so, the difference is so small with respect to the result obtained 

with n=3, that the model for the latter case has been applied (10). 

 

Figure 6.13. Code implemented to decide the best number of mixture models (Source: personal creation)  

 

Figure 6.14. Pairplot of tortuosities categorized with Gaussian mixture model (Source: personal creation)  

Looking at the graphic of the upper figure, it is also not possible to establish that there is any cluster that 

behaves differently from the others.  
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Therefore, it has been considered that, due to the confidentiality of the Imagenoma de l'Envelliment project, 

a more exhaustive analysis cannot be done without having more variables that allow the analysis of the 

possible relationships of the tortuosity with other parameters of those included in the descriptive table seen 

in section 4.1.3. 
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7. Budget 

In every project it is necessary to calculate the cost that it will entail, so in this chapter, it is described in 

detail all the economic aspects that affect the development of the Automatic System. To this end, the 

analysis has been divided between the cost of the personnel involved and the cost of the tools used. 

7.1. Budget estimation 

The required budget in order to complete the project will be considered in this section. Expenses are divided 

in different sections, depending on the nature of the resources considered: hardware, software, human and 

services. At the end, all sections are combined in a comprehensive table covering the global cost of the 

project. It is worth noticing that the depreciations presented are computed based on the estimated lifetime 

for each product and the assumption that the project is going to last 5 months. 

This project has been largely developed during the emergency shutdown established by the Government of 

Spain during the Coronavirus pandemic. Despite this, the monitoring and development of the project has 

followed good standards at all times, which has shown that a software development project of these 

characteristics can be done from home, obviously ensuring certain equipment for each participant, which is 

taken into account in this budget.  

7.1.1. Hardware resources  

The budget for the hardware is going to be estimated as if the whole data set has to be processed inside the 

computer, meaning that Google Colab is not going to be used. This is because although the initial services 

offered by Google Colab are free, they do not guarantee to always offer the same features, which depend on 

the global request that there is of these. 

The project itself can be completed using only one computer, and no other machinery is required. The 

computer used has 16GB DDR4-2667 memory and an Intel Core i7-9750H processor. It is important that the 

computer to be used has these specifications in order to ensure that the AS is generated within the 

commented time interval. As for the graphics card, as no 3D renderings have been made, the graphics card is 

not very relevant and with the one that includes the laptop, a GTX 1650 Max-Q from Nvidia, it is enough. A 

computer with these technical specifications can be used for either the research part, the development part 

of the code, the execution, and also for the composition and presentation of this Bachelor’s thesis. 

Besides, the project manager also needs a mid-range computer with which he can follow the project, run 

some lines of code when problems arise and perform organizational tasks. Even so, it is always better than 

the whole weight of the project, the development of the AS itself, does not fall on just one computer, 
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because if it breaks down, it would be difficult to meet the deadlines. For this and other reasons, it was 

decided that the project manager's computer would be the same as the developer's. 

Finally, the research clinician must also have a computer, but this does not have to meet the requirements of 

the previous ones. The tasks of this member of the project involve validating the results that are obtained 

and monitoring them as they arise, so a computer with a Microsoft Office 365 package and an Internet 

connection is enough.   

 

Product Quantity Cost 
Estimated 

lifetime 
Time used Depreciation Real cost 

MSI Laptop 

(mid-range ) 

2 € 1000 48 months 5 months 10.42% € 208.40 

Lenovo 

Laptop 

(low-range) 

1 € 600 48 months 5 months 10.42% € 62.52 

Router 3 € 40 24 months 5 months 20.83 % € 24.30 

Total Cost  € 2720    € 295.22 

Table 7.1. Hardware budget components (Source: personal creation)  
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7.1.2. Software resources  

One of the main purposes of developing the Automatic System in Python is because it is an Open Source 

development environment, meaning free of charge. However, the computers need an operating system, 

which in this case is Windows 10, in addition to the Microsoft office package to be able to create documents 

in Excel. 

 

Product Quantity Cost 
Estimated 

lifetime 
Time used Depreciation Real cost 

Windows 10 

license 
3 € 145 12 months 5 months 20.83 % € 90.61 

RadiAnt 

Viewer 
1 - - - - - 

Python  1 - - - - - 

Google colab 1 - - - - - 

Microsoft 

Office 365 
15 € 7 1 month 5 months 100 % € 105 

Total Cost  € 540    € 195.61 

Table 7.2. Software Budget (Source: personal creation)  

The lifetime for the Windows 10 operating system is extracted from its official website (19) and the price for 

the Microsoft Office 365 too (19). 
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7.1.3. Human resources  

This project can be executed by 3 individuals with differentiated roles. This part has been analysed as if the 

project were entrusted to a team of 2 engineers and a doctor. To calculate each member's fee, the 

professional category, a decent salary for each according to this category, the social security of each member 

and the insurances, among which the liability insurance, necessary to protect the members in case any 

incident arises due to the results provided to the investigation, have been taken into account. 

Concept 
Engineering 

hours (h) 

Rate 

(€/h) 

Cost before 

taxes 

(€) 

IVA 

(21%) 

(€) 

Total Cost 

(€) 

Junior engineer (Developer) 

Analysis 100 

25 

2500 525 3025 

Design 150 3750 787.5 4537.5 

Development 220 5500 1155 6655 

Tests 143 3575 750.75 4324.75 

Execution 100 2500 525 3025 

Results analysis 100 2500 525 3025 

Senior Engineer (Project Manager)  

Technical Coaching 

and assistance  
45 60 2700 567 3267 

Senior clinician (Consultant and assistant)  

Clinical consultant 

and Validation 

assistant 

10 60 600 126 726 

Subtotal 28585.25 

Table 7.3. Human resources Budget  (Source: personal creation) 
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7.1.4. Services 

In this section of the economic analysis of the project takes into account the contracted services of electricity 

and internet associated to the only tool used: computers.  

Service Cost Rate Used Real cost 

Internet  € 30  1 month 5 months € 150 

Electricity 0.1199 €/kWh 1 hour 813 hours € 29.24 

Total - - - € 179.24 

Table 7.4. Services Budget (Source: personal creation)  

For the services, it has been taken into account that the only tool of work has been the computers, so the 

only expenses associated with it are the electricity consumed during its use and the monthly internet fee. In 

addition, it has been taken into account that the only permanent people would be the project manager and 

the developer, with some occasional visits from the clinical researcher. Taking into account the size of the 

premises, the minimum rate has been chosen for these services as it would be more than sufficient in an 

office for 2 people. 

The energy consumption is associated with the cost of the computers, 300W on average for one laptop, 

taking into account the performance required for image processing. In addition, it is taken into account that 

the computer of the junior engineer has been used 6hours a day on working days during the 5 months, plus 

24 hours on those days when the AS has been run on the entire data set, and the computer of the senior 

engineer has been used during the 45 hours ot work, thus: 

                (            
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7.1.5. Total budget 

Finally, the total budget for the project can be seen in the following table: 

Hardware € 295.22 

Software € 195.61 

Human resources € 28585.25 

Services € 179.24 

Total € 29255.32 

Table 7.5. Total budget for the project (Source: personal creation)  
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8. Environmental impact 

In the past, the environmental impact was only understood as to how a project affected the environment in 

a directly contaminating way, such as dumping waste into the sea or by emitting polluting gases from the 

combustion of petroleum products. But today, the studies for the analysis of environmental impacts have 

evolved a lot, and they allow identifying how the use of software has a high consumption of electricity. 

Besides, if the investigations go further, many details such as which operating systems are more polluting 

can be found (19). 

The only tool used in this project has been the computers. It is within general understanding that, after 

completing the project, the computers can be used for a broad range of tasks, thus, deprecating its own cost. 

Since the other resources used are only software, the only non-environmentally friendly resource is the 

electricity needed to run the computer. 

In this project, it has been necessary many hours of code and research using the computer, which implies a 

considerable energetic impact. As a result, an estimation of the CO2 produced based on the electricity 

consumption can be done. This estimation is done through the Electrical energy emission factor, also known 

as The Mix, which is a figure that expresses the CO2 emissions associated to the electricity generation that is 

consumed. Accordingly to governmental sources (10), the energy mix of the peninsular electrical network in 

2019 is estimated in 241g CO2/KWh. As a result, taking into account that a computer consumes 300W and 

the total amount of working hours of the project, the total amount of CO2 generated with this project can be 

calculated as: 

                                                        

Eq 8.1. Computing the total amount of KWh used 

                                           
   

   
                           

Eq 8.2. Computing the total amount of CO2 produced in this project 
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9. Future improvements 

Like any research and development project in any field of research, one should never think that the end has 

been reached. That is why it is believed that there is still a long way to go with this Automatic System, 

although it has been achieved the desired objectives, believe there are several to highlight for future 

updates: 

 In the step of the segmentation, it has been remarked that in some cases in which the portion of the 

iliac arteries presents black spots, the Kmeans algorithm has not been able to segment the whole 

structure. As mentioned, segmentation is the most important process to ensure good image 

analysis. However, there are many more methods and algorithms to be implemented that have not 

been considered in this project due to their complexity, but that could guarantee the segmentation 

of the entire structure in these cases. Therefore, an update of this section could extend the studied 

section of the iliacs in these cases. 

 The functions designed to take the pixels from the branches and not exceed the established clinical 

criteria have proven to be efficient but turn out to be the most time consuming. This is due to the 

way they have been designed. Therefore, using a more advanced level of programming, these 

functions could be edited to make their execution faster. 

 In order to be used in the hospital, although the reason for making the system automatic with an 

Open Source program is to be able to run it easily without the need to know how Python works, it 

would be friendlier for the clinical staff to create an application that can run the AS on the desired 

files. 

 Finally, if the application were made, it would be very interesting to be able to take advantage of the 

large image base available in the Imagenoma de l'Envelliment project to use deep learning 

techniques and make the system capable of finding relationships and patterns between the images, 

which perhaps at first sight, human beings are not capable of interpreting. 
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Conclusion 

To conclude this project, first of all, I would like to emphasize that the main objective set at the beginning of 

the project has been met. It has been managed to calculate the tortuosity of the infrarenal segment of the 

aorta, and the segments of the common iliac arteries from magnetic resonance images. The Automatic 

System created for this purpose has correctly processed 93% of the 707 images suitable for analysis. In 

addition, the validation of this system, which has been done with ImageJ and computing the structural 

similarity index, has been very successful. 

On the other hand, the fact that it is the first Automatic System that performs this measurement together 

with the ease of its execution, may lead to its use on future occasions, even being improved. The 

development environment with which it has been created makes it easy to use and edit for possible 

improvements. 

During the development, the relevance of each pixel has been noted, particularly when dealing directly with 

skeletons. This has proved to be a challenging process and has involved detailing and refining the strategy 

and procedures followed, as well as many hours of research and code design to improve the mastery of 

Python procedures for image processing. Furthermore, it was at this stage that it became clear that we, the 

biomedical engineers, have the capacity to establish the link between the technical part of the project, in this 

case the director of this project, and the clinical part, in this case Dr. Josep Puig. Communication, which has 

been a key factor accentuated by the COVID-19 pandemic during which this project has been developed. 

Regarding the analysis of the results, given that no pattern could be observed, a possible collaboration with 

the Imagenoma de l'Envelliment is currently underway in order to carry out an exhaustive correlation study 

with each of the variables collected in its database. A study of these characteristics requires a very 

exhaustive analysis so it could be the basis for a new project, and of direct application in research too. 

Concerning what this project has meant for me, I would like to emphasize that all the hours of research have 

allowed me to enter the world of artificial intelligence and machine learning, which I have found fascinating 

and of which I am very much looking forward to continuing my training. The application of these 

technologies can bring many benefits to medicine, automating many diagnostic processes and even helping 

to find patterns faster than perhaps a doctor would. The aim is not to end up replacing doctors in these 

tasks, but to help and complement their diagnosis. 

Finally, this project has demonstrated With a laptop, and many hours of dedication, it has been 

demonstrated that it is possible to innovate and contribute to the advancement of medicine through the use 

of emerging technologies. 
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To end a great feeling of pride in the chest. My base was low, and the project demandin level was high. This 

resumed in working on it many hours, but this ended up by providing the first method to compute the 

Tortuosity on the abdominal aortic artery. What has just filled me is to think that this is just the start, and 

that in the end, many patients will receive a diagnosis with this method or a derivative of it.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Analysis of the tortuosity of the Abdominal Aorta as health risk factor   

  113 

Bibliography 

1. Annunziata, R. et al. A fully automated tortuosity quantification system with application to corneal nerve 
fibres in confocal microscopy images. A: . Elsevier B.V., 2016, Vol. 32, p. 216-232. DOI 
10.1016/j.media.2016.04.006.  

2. Sasongko, M.B. et al. Retinal vascular tortuosity in persons with diabetes and diabetic retinopathy. A: . 
2011, p. 2409-2416. DOI 10.1007/s00125-011-2200-y.  

3. Hansari, M.A.M.K. et al. Method for quantitative assessment of retinal vessel tortuosity in optical 
coherence tomography angiography applied to sickle cell retinopathy. A: . 2017, Vol. 8, núm. 8, p. 247-249.  

4. Boonruangsri, P. et al. Aneurysm, Tortuosity and Kinking of Abdominal Aorta and Iliac Arteries in Thai 
Cadavers Aneurisma, Tortousidad y Torsión de la Parte Abdominal de la Aorta y de las Arterias Ilíacas en 
Cadáveres Tailandeses. A: Int. J. Morphol. 2015.  

5. Wolf, Y.G. et al. Impact of aortoiliac tortuosity on endovascular repair of abdominal aortic aneurysms: 
Evaluation of 3D computer-based assessment. A: Journal of Vascular Surgery. Mosby Inc., 2001, Vol. 34, 
núm. 4, p. 594-599. ISSN 07415214. DOI 10.1067/mva.2001.118586.  

6. Dowson, N. et al. Development of an automated measure of iliac artery tortuosity that successfully 
predicts early graft-related complications associated with endovascular aneurysm repair. A: European 
Journal of Vascular and Endovascular Surgery. W.B. Saunders Ltd, 2014, Vol. 48, núm. 2, p. 153-160. ISSN 
15322165. DOI 10.1016/j.ejvs.2014.04.033.  

7. Kara, E. et al. An unusual case of a tortuous abdominal aorta with a common celiacomesenteric trunk: 
Demonstrated by angiography. A: Clinics [en línia]. Hospital das Clinicas da Faculdade de Medicina da 
Universidade de Sao Paulo, 2011, Vol. 66, núm. 1, p. 169-171. ISSN 18075932. DOI 10.1590/S1807-
59322011000100030. [Consulta: 24 juny 2020]. Disponible a: 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3044582/.  

8. Lorthois et al. Tortuosity and other vessel attributes for arterioles and venules of the human cerebral 
cortex. A: [en línia]. ISSN 0026-2862. DOI 10.1016/j.mvr.2013.11.003. [Consulta: 24 juny 2020]. Disponible a: 
http://dx.doi.org/10.1016/j.mvr.2013.11.003.  

9. L’IDIBGI PRESENTA EL PROJECTE DE L’IMAGENOMA DE L’ENVELLIMENT | IdibGi. A: [en línia]. [Consulta: 23 
juny 2020]. Disponible a: https://www.idibgi.org/ca/actualitat/l’idibgi-presenta-el-projecte-de-limagenoma-
de-lenvelliment.  

10. sklearn.mixture.GaussianMixture — scikit-learn 0.23.1 documentation. A: [en línia]. [Consulta: 22 juny 
2020]. Disponible a: https://scikit-
learn.org/stable/modules/generated/sklearn.mixture.GaussianMixture.html.  

11. Colaboratory – Google. A: [en línia]. [Consulta: 30 maig 2020]. Disponible a: 
https://research.google.com/colaboratory/faq.html.  

12. 10.7. glob — Unix style pathname pattern expansion — Python 2.7.18 documentation. A: [en línia]. 
[Consulta: 11 juny 2020]. Disponible a: https://docs.python.org/2/library/glob.html.  



  Report 

114   

13. 2.3. Clustering — scikit-learn 0.23.1 documentation. A: [en línia]. [Consulta: 14 juny 2020]. Disponible a: 
https://scikit-learn.org/stable/modules/clustering.html#k-means.  

14. Gonzalez, R.C., Woods, R.E. i Prentice Hall, P. Digital Image Processing Third Edition Pearson International 
Edition prepared by Pearson Education. A: .  

15. Module: measure — skimage v0.18.dev0 docs. A: [en línia]. [Consulta: 16 juny 2020]. Disponible a: 
https://scikit-image.org/docs/dev/api/skimage.measure.html.  

16. Abràmoff, M.D., Magalhães, P.J. i Ram, S.J. Image processing with imageJ. A: Biophotonics International. 
2004, Vol. 11, núm. 7, p. 36-41. ISSN 10818693. DOI 10.1201/9781420005615.ax4.  

17. Legland, D., Arganda-Carreras, I. i Andrey, P. MorphoLibJ: integrated library and plugins for mathematical 
morphology with ImageJ. A: [en línia]. DOI 10.1093/bioinformatics/btw413. [Consulta: 4 juny 2020]. 
Disponible a: www.epfl.ch/sage/soft/watershed.  

18. Arganda-Carreras, I. et al. 3D reconstruction of histological sections: Application to mammary gland 
tissue. A: Microscopy Research and Technique. Microsc Res Tech, 2010, Vol. 73, núm. 11, p. 1019-1029. ISSN 
1059910X. DOI 10.1002/jemt.20829.  

19. The environmental impact of running software. A: [en línia]. [Consulta: 19 juny 2020]. Disponible a: 
https://blog.se.com/datacenter/2013/05/13/the-environmental-impact-of-running-software/.  

20. seaborn.pairplot — seaborn 0.10.1 documentation. A: [en línia]. [Consulta: 21 juny 2020]. Disponible a: 
https://seaborn.pydata.org/generated/seaborn.pairplot.html.  

21. Visualizing Data with Pairs Plots in Python - Towards Data Science. A: [en línia]. [Consulta: 21 juny 2020]. 
Disponible a: https://towardsdatascience.com/visualizing-data-with-pair-plots-in-python-f228cf529166.  

 

 

 



Analysis of the tortuosity of the Abdominal Aorta as health risk factor   

  115 

Annex A 

In this section the code developed on Google Colab for the design and implementation of the Automatic 

System to compute the tortuosity of the infrarenal aortic artery and the common iliac arteries can be seen. 

A1. Libraries and methods to import 

Library and methods to be imported for the correct functioning of the AS. 

 
%matplotlib inline 
import numpy as np 
import pydicom 
import os 
import medpy.io 
import matplotlib 
import pandas as pd 
import matplotlib.pyplot as plt 
import glob 
import mahotas as mh 
from mpl_toolkits.mplot3d.art3d import Poly3DCollection 
import scipy.ndimage 
import skimage as sk 
import vtkplotter 
import cv2 
from skimage import img_as_ubyte, img_as_int,exposure 
from skimage import segmentation, graph 
from skimage import morphology 
from skimage import measure 
from skimage.measure import label, regionprops 
from skimage.transform import resize 
from skimage.segmentation import clear_border 
from skan import draw 
from scipy.ndimage import gaussian_filter 
from sklearn.cluster import KMeans 
from PIL import Image as img 
from plotly import __version__ 
from plotly.offline import download_plotlyjs, init_notebook_mode, plot, iplot 
from plotly.tools import FigureFactory as FF 
from plotly.graph_objs import * 
from skimage.morphology import skeletonize, disk,binary_dilation,binary_closing 
from skimage import data 
import matplotlib.pyplot as plt 
from skimage.util import invert 
from skimage.filters import median 
from skan import draw 
from skan import skeleton_to_csgraph, summarize, Skeleton 
from tabulate import tabulate 
from tabulate import tabulate 
from sklearn.cluster import KMeans 
from matplotlib import gridspec 
from skimage.morphology import erosion, dilation 
from skimage.morphology import disk 
import matplotlib.pyplot as plt 
from matplotlib import gridspec 
from skimage.filters import threshold_otsu 
from tabulate import tabulate 
from sklearn.cluster import KMeans 
from matplotlib import gridspec 
from skimage import img_as_float 
from scipy import ndimage as nd 
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A2. Mounting the Google Drive to access the content 

from google.colab import drive 
drive.mount('/content/drive') 

A3. Collecting the files 

root_folder = '//content/drive/My Drive/3_Reconstruction' 

l=[] 

for root, dirs, files in os.walk(root_folder, topdown=False): 

  print(files) 

  for name in files: 

      file_path = os.path.join(root,name) 

      #print(file_path) 

      if (name.endswith('3.1.dcm')): 

          l.append(file_path) 

A4. Functions of the Automatic System to compute the tortuosity of the infrarenal 

aortic artery and the common iliac arteries 

def pre_processing(path): 
    f=[]  
    ds = pydicom.dcmread(path) # Read the DICOM file 
    image2D=ds.pixel_array 
    f.append(image2D.astype(np.int16)) # Append all of its pixels to a 2D array 
    print('DICOM DESCRIPTION:')        # Extract patient information from Metadata 
    print(' -Patient Sex: %s' %ds.PatientSex) 
    print(' -Patient ID: %s' %ds.PatientID) 
    print(' -Pixel Spacing: %s' %ds.PixelSpacing) 
    print('\n') 
    pixspac=ds.PixelSpacing[0]  # Save the pixel spacing attribute in a variable for easy use  
    
     
    # Saving the original image 
    folder_dir=os.path.dirname(path) 
    original_image_ubyte=img_as_ubyte(f[0]) 
    cv2.imwrite(os.path.join(folder_dir,'Original image.jpg'),original_image_ubyte) 
     
    I_train=f[0] # Make copy of the original image  
    I_train_float = img_as_float(I_train)  
    # Reshape training image as 1d array, for the Kmeans segmentantion: 
    v_I_train = I_train_float.reshape(I_train_float.shape[0]*I_train_float.shape[1],1).astype(np.float)  
 
    # Fit a Kmeans clustering model with two clusters using training image: 
    kmeans= KMeans(n_clusters=3, random_state=0).fit(v_I_train) 
 
    v_kmeans = kmeans.predict(v_I_train) 
    I_kmeans = np.array(v_kmeans).reshape(f[0].shape[0],f[0].shape[1]).astype(np.uint8) # Shape back result as image  
     
    I_kmeans_16=img_as_int(I_kmeans) 
    cv2.imwrite(os.path.join(folder_dir,'Kmeans.jpg'),I_kmeans_16) 
    # Selection of the cluster corresponding to the aorta  
    index=np.argmax(kmeans.cluster_centers_) 
    aorta=I_kmeans==index 
    return aorta,f[0] 
 
def segmentation(aorta,path):   
    # Start morphological operation process  
    folder_dir=os.path.dirname(path) 
    ds = pydicom.dcmread(path) 
    pixspac=ds.PixelSpacing[0] # Obtain again the attribute pixel spacing from the path 
     
    selem = disk(3)  # Create the structuring element of disk of radius 3 
    eroded = erosion(aorta, selem)       # apply erosion 
    dilated = dilation(eroded, selem)    # apply dilation 
    dilated = dilation(dilated, selem)   # apply dilation 
    eroded = erosion(dilated, selem)     # apply erosion 
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    cv2.imwrite(os.path.join(folder_dir,'morphological_operations.jpg'),eroded*255) 
         
    # Labeling process 
    label_image, nregions = label(eroded,return_num=True) 
 
    # Deleting non-interest regions by its area 
    props=measure.regionprops(label_image)  # Extract the properties of each area 
    va = [] 
    for prop in props: 
        va.append(prop.area) 
    indkeep = np.array(np.argmax(va)) 
    v = np.arange(nregions) 
    vkill = np.setdiff1d(v,indkeep)+1  
    I2 = eroded 
    for kkill in vkill: 
        I2[label_image==kkill]=0     # Set to 0 (background) the non interest areas 
     
    # Making the contour more regular 
    selem = disk(1)       # Structuring element disk of radius 1 
    dilated = dilation(I2, selem)      # Dilation of radius 1 
    closed=binary_closing(dilated,selem)    # Binary closing 
    cv2.imwrite(os.path.join(folder_dir,'final_segmented_structure.jpg'),closed*255) 
 
    closed_int=img_as_ubyte(closed) 
    props1=measure.regionprops(closed_int)   # Extract properties from the remaining structure to pass the 1st filter 
 
    # FIRST FILTER 
    # Removing bad reconstruction cases by its major length, the orientation and the position of the centroid 
 
    if (props1[0].major_axis_length<200) & (np.abs(props1[0].orientation)<1) & (props1[0].centroid[1]<200 or props1[0].centroid[1]>380 or props1[0].centroid[0]>380
): 
        quality=0 
    else: 
        quality=1 
     
    return closed, quality 
 
def skeletonization(closed,path,original): 
    folder_dir=os.path.dirname(path) 
    ds = pydicom.dcmread(path) 
    pixspac=ds.PixelSpacing[0] 
     
    # Skeletonization 
    skeleton=skeletonize(closed)     
    cv2.imwrite(os.path.join(folder_dir,'Original_skeleton.jpg'),skeleton*255) 
 
    # Defining the functions that finds the endpoints where the prunning will start 
    def endPoints1(skel): 
        
        endpoint1=np.array([[0, 0, 0], 
                            [0, 1, 2], 
                            [0, 2, 1]]) 
 
        endpoint2=np.array([[0, 0, 2], 
                            [0, 1, 1], 
                            [0, 0, 2]]) 
 
 
        endpoint3=np.array([[2, 0, 0], 
                            [1, 1, 0], 
                            [2, 0, 0]]) 
 
        endpoint4=np.array([[0, 0, 0], 
                            [2, 1, 0], 
                            [1, 2, 0]]) 
         
        endpoint5=np.array([[0, 0, 0],       
                            [0, 1, 1],       
                            [1, 0, 1]]) 
 
        ep1=mh.morph.hitmiss(skel,endpoint1) 
        ep2=mh.morph.hitmiss(skel,endpoint2) 
        ep3=mh.morph.hitmiss(skel,endpoint3) 
        ep4=mh.morph.hitmiss(skel,endpoint4) 
        ep5=mh.morph.hitmiss(skel,endpoint5) 
        ep = ep1+ep2+ep3+ep4+ep5 
 
        return ep 



  Annexos 

118   

 
    def endPoints2(skel): 
        endpoint1=np.array([[1, 0, 0],  
                            [1, 1, 0], 
                            [2, 0, 0]]) 
 
        endpoint2=np.array([[0, 0, 1], 
                            [0, 1, 1], 
                            [0, 0, 2]]) 
 
        endpoint3=np.array([[0, 1, 0], 
                            [1, 1, 0], 
                            [2, 0, 0]]) 
 
        endpoint4=np.array([[0, 1, 0], 
                            [0, 1, 1], 
                            [0, 0, 2]]) 
         
        endpoint5=np.array([[0, 0, 0], 
                            [1, 1, 0], 
                            [0, 1, 0]]) 
 
        ep1=mh.morph.hitmiss(skel,endpoint1) 
        ep2=mh.morph.hitmiss(skel,endpoint2) 
        ep3=mh.morph.hitmiss(skel,endpoint3) 
        ep4=mh.morph.hitmiss(skel,endpoint4) 
        ep5=mh.morph.hitmiss(skel,endpoint5) 
        ep = ep1+ep2+ep3+ep4+ep5 
        return ep 
     
    def endPoints3(skel): 
        endpoint1=np.array([[1, 0, 0],  
                            [0, 1, 0], 
                            [0, 0, 0]]) 
 
        endpoint2=np.array([[0, 0, 1], 
                            [0, 1, 0], 
                            [0, 0, 0]]) 
 
        endpoint3=np.array([[0, 0, 1], 
                            [0, 1, 1], 
                            [0, 0, 0]]) 
 
        endpoint4=np.array([[1, 0, 0], 
                            [1, 1, 0], 
                            [0, 0, 0]]) 
 
        endpoint5=np.array([[0, 0, 0], 
                            [0, 1, 0], 
                            [0, 0, 1]]) 
 
        endpoint6=np.array([[0, 0, 0], 
                            [0, 1, 0], 
                            [1, 0, 0]]) 
 
        endpoint7=np.array([[0, 0, 0], 
                            [0, 1, 1], 
                            [0, 0, 1]]) 
 
        endpoint8=np.array([[0, 0, 0], 
                            [1, 1, 0], 
                            [1, 0, 0]]) 
 
        endpoint9=np.array([[0, 0, 0], 
                            [0, 1, 1], 
                            [0, 1, 0]]) 
 
        endpoint10=np.array([[0, 1, 0], 
                            [1, 1, 0], 
                            [0, 0, 0]]) 
 
        endpoint11=np.array([[0, 1, 0], 
                            [0, 1, 1], 
                            [0, 0, 0]]) 
 
        endpoint12=np.array([[0, 0, 0], 
                            [1, 1, 0], 
                            [0, 1, 0]]) 
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        endpoint13=np.array([[0, 0, 0], 
                            [0, 1, 0], 
                            [0, 0, 0]]) 
 
        endpoint14=np.array([[0, 0, 1], 
                            [0, 1, 1], 
                            [0, 0, 1]]) 
 
        endpoint15=np.array([[1, 0, 0], 
                            [1, 1, 0], 
                            [1, 0, 0]])  
 
        endpoint16=np.array([[0, 1, 1], 
                            [0, 1, 0], 
                            [0, 0, 0]])  
     
        endpoint17=np.array([[1, 1, 0], 
                            [0, 1, 0], 
                            [0, 0, 0]])  
 
        endpoint18=np.array([[0, 0, 0], 
                            [0, 1, 0], 
                            [1, 1, 0]])  
         
        endpoint19=np.array([[0, 0, 0], 
                            [0, 1, 0], 
                            [0, 1, 1]])  
         
        endpoint20=np.array([[0, 0, 0], 
                            [0, 1, 0], 
                            [1, 1, 0]])  
     
        ep1=mh.morph.hitmiss(skel,endpoint1) 
        ep2=mh.morph.hitmiss(skel,endpoint2) 
        ep3=mh.morph.hitmiss(skel,endpoint3) 
        ep4=mh.morph.hitmiss(skel,endpoint4) 
        ep5=mh.morph.hitmiss(skel,endpoint5) 
        ep6=mh.morph.hitmiss(skel,endpoint6) 
        ep7=mh.morph.hitmiss(skel,endpoint7) 
        ep8=mh.morph.hitmiss(skel,endpoint8) 
        ep9=mh.morph.hitmiss(skel,endpoint9) 
        ep10=mh.morph.hitmiss(skel,endpoint10) 
        ep11=mh.morph.hitmiss(skel,endpoint11) 
        ep12=mh.morph.hitmiss(skel,endpoint12) 
        ep13=mh.morph.hitmiss(skel,endpoint13) 
        ep14=mh.morph.hitmiss(skel,endpoint14) 
        ep15=mh.morph.hitmiss(skel,endpoint15) 
        ep16=mh.morph.hitmiss(skel,endpoint16) 
        ep17=mh.morph.hitmiss(skel,endpoint17) 
        ep18=mh.morph.hitmiss(skel,endpoint18) 
        ep19=mh.morph.hitmiss(skel,endpoint19) 
        ep20=mh.morph.hitmiss(skel,endpoint20) 
 
 
        ep = ep1+ep2+ep3+ep4+ep5+ep6+ep7+ep8+ep9+ep10+ep11+ep12+ep13+ep14+ep15+ep16+ep17+ep18+ep19+ep20 
        return ep 
     
    # Function used to prune by applying the first endPoints function     
    def pruning1(skeleton, size): 
        '''remove iteratively endpoints "size"  
           times from the skeleton 
        ''' 
        for i in range(0, size): 
            endpoints = endPoints1(skeleton) 
            endpoints = np.logical_not(endpoints) 
            skeleton = np.logical_and(skeleton,endpoints) 
        return skeleton 
 
    # Function used to prune by applying the second endPoints function  
    def pruning2(skeleton, size): 
        '''remove iteratively endpoints "size"  
           times from the skeleton 
        ''' 
        for i in range(0, size): 
            endpoints = endPoints2(skeleton) 
            endpoints = np.logical_not(endpoints) 
            skeleton = np.logical_and(skeleton,endpoints) 
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        return skeleton 
     
    # Function used to prune by applying the third endPoints function  
    def pruning3(skeleton, size): 
        '''remove iteratively endpoints "size"  
           times from the skeleton 
        ''' 
        for i in range(0, size): 
            endpoints = endPoints3(skeleton) 
            endpoints = np.logical_not(endpoints) 
            skeleton = np.logical_and(skeleton,endpoints) 
        return skeleton 
 

    # Function that eliminates possible abnormalities in the upper part of the skeleton 
    def cleaningtop(branch): 
        c=1 
        for i in range(len(branch)): 
                for j in range(len(branch)): 
                    if c<10: 
                        if branch[i][j]==1: 
                            branch[i][j]=0 
                            c+=1 
        return branch 
 
    skeleton=cleaningtop(skeleton) # cleaning the top of the skeleton  
    skeleton1 = pruning1(skeleton,40) # First pruning function 
     
    # Skeletonization again 
    skeleton2=skeletonize(skeleton1)  
    cv2.imwrite(os.path.join(folder_dir,'prunned_skeleton.jpg'),skeleton2*255) 
     
    # Showing the overlay of the skeleton on the original image 
     
    folder_dir=os.path.dirname(path) 
    fig, ax = plt.subplots(figsize=(10,10)) 
    draw.overlay_skeleton_2d(original, skeleton2, dilate=1,axes=ax) 
    plt.show() 
    fig.savefig(os.path.join(folder_dir,'superposition_skeleton_original.jpg')) 
    plt.close() 
    
    # Analyze the skeleton to find the 3 branches 
    pixel_graph, coordinates, degrees = skeleton_to_csgraph(skeleton2,spacing=pixspac) 
    branch_data_initial = summarize(Skeleton(skeleton2, spacing=pixspac)) 
     
    # Separate the branches for the labeling 
    i=degrees==2 
    labeled_branch, nbranches = label(i,return_num=True) 
     
    # Removing the small branches in order to remove the attached branches to the main structure  
    labeled_branch2=labeled_branch 
    index_label=branch_data_initial[branch_data_initial['branch-distance']<26].index.tolist() 
         
    if len(index_label)!=0: 
        for i in index_label: 
            skeleton2[labeled_branch2==i+1]=0 
     
    skeleton3=pruning3(skeleton2,3) 
     
    cv2.imwrite(os.path.join(folder_dir,'Clean_skeleton.jpg'),skeleton3*255) 
     
    pixel_graph2, coordinates2, degrees2 = skeleton_to_csgraph(skeleton3,spacing=pixspac) 
    branch_data_final = summarize(Skeleton(skeleton3, spacing=pixspac)) 
    branch_data_final 
     
    branches_of_interest=degrees2==2 
    final_labeled, nbranches_final= label(branches_of_interest,return_num=True) 
 
    return final_labeled,degrees2,nbranches 
 
def caracterization(final_labeled,original,path,degrees2): 
    folder_dir=os.path.dirname(path) 
    ds = pydicom.dcmread(path) 
    pixspac=ds.PixelSpacing[0] 
     
    # Assign a label to each branch 
    aorta=final_labeled==1 
    iliac1=final_labeled==2 
    iliac2=final_labeled==3 
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    # Identification of the original endpoints and junction points 
    endpoints=degrees2==1 
    junctionpoint=degrees2==3 
    points=endpoints+junctionpoint 
     
    folder_dir=os.path.dirname(path) 
    fig, ax = plt.subplots(figsize=(10,10)) 
    draw.overlay_skeleton_2d(original, points, dilate=3,axes=ax) 
    plt.show() 
    fig.savefig(os.path.join(folder_dir,'Initial_endpoints_and_junction_point.jpg')) 
    plt.close() 
     

    # Get the coordinates of the pixels belonging to each branch 
    def getcoordinates(branch): 
        pixel_graph, coordinates, degrees = skeleton_to_csgraph(branch,unique_junctions=False) 
        return coordinates 
    
    # Function to count how many pixels belong to a branch 
    def howmanypixels(branch): 
        l=0 
        for i in range(len(branch)): 
            for j in range(len(branch)): 
                if branch[i][j]==1: 
                    l+=1 
        return l 
 
    # Create a table with the computed Tortuosity measure 
    def summary_table (branch): 
        pixel_graph, coordinates, degrees = skeleton_to_csgraph(branch,unique_junctions=False) 
        branch_data = summarize(Skeleton(branch, spacing=pixspac))     
        branch_data['Tortuosity'] = branch_data.apply(lambda row: row['branch-distance'] - row['euclidean-distance'], axis=1) 
        return branch_data 
     
    # Location the main bifurcation point 
    def assignment2(img,branch): 
 
        position=[] 
        for i,e in enumerate(img): 
            if 170<i<385: 
                for t,r in enumerate(img): 
                    if 260<t<380: 
                        if img[i][t]==True: 
                            position.append([i,t]) 
                            return position 
        if len(position)==3: 
            position=position[1] 
            return position 
        elif len(position)==2: 
            position=position[0] 
            return position 
        elif len(position)==0: 
            position.append(getcoordinates(branch)[-1].tolist()) 
            return position 
     
    # Function that classifies the pixels of the segment under study in 2 lists, according to whether they are  
    # diagonally or vertically to their previous neighbours. The exact desired distance of the branch can be also set   
 
    # For the infrarenal aortic artery 
    dstdiagonal=np.sqrt((pixspac**2)+(pixspac**2)) # # diagonal distance in mm between the pixels of the image where pixspac is the space between the centers of nei
ghboring pixels  
    def type_of_neighborsaorta(branch,c): 
        branchcoordinates=getcoordinates(branch) 
        vertical=[] 
        diagonal=[] 
        l=c 
        index=np.arange(len(branchcoordinates)-1,1,-1) # Turn around the index vector to star the process at the bottom. 
        for i in index: 
            dx1=(branchcoordinates[i-1][0]-branchcoordinates[i][0])**2 
            dx2=(branchcoordinates[i-1][1]-branchcoordinates[i][1])**2 
            dst=np.sqrt(dx1+dx2) 
            round(dst,4) 
 
            if dst==np.sqrt(2): #if it is square root of 2 it means boths pixels are into a diagonal line 
                if l>0: 
                    l-=dstdiagonal 
                    diagonal.append([branchcoordinates[i-1][0],branchcoordinates[i-1][1]]) 
                    diagonal.append([branchcoordinates[i][0],branchcoordinates[i][1]]) 
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            elif dst==1: #if it is 1 it means 1 pixel is above the other 
                if l>0: 
                    l-=pixspac 
                    vertical.append([branchcoordinates[i-1][0],branchcoordinates[i-1][1]]) 
                    vertical.append([branchcoordinates[i][0],branchcoordinates[i][1]]) 
        return vertical,diagonal,l 
 
    # For the Iliac arteries 
    def type_of_neighborsiliac(branch,c): 
        branchcoordinates=getcoordinates(branch) 
        vertical=[] 
        diagonal=[] 
        l=c 
 

        for i in range(1,len(branchcoordinates)): 
            dx1=(branchcoordinates[i-1][0]-branchcoordinates[i][0])**2 
            dx2=(branchcoordinates[i-1][1]-branchcoordinates[i][1])**2 
            dst=np.sqrt(dx1+dx2) 
            round(dst,4) 
 
            if dst==np.sqrt(2): #if it is square root of 2 it means boths pixels are into a diagonal line 
                if l>0: 
                    l-=dstdiagonal 
                    diagonal.append([branchcoordinates[i-1][0],branchcoordinates[i-1][1]]) 
                    diagonal.append([branchcoordinates[i][0],branchcoordinates[i][1]]) 
 
            elif dst==1: #if it is 1 it means 1 pixel is above the other 
                if l>0: 
                    l-=pixspac 
                    vertical.append([branchcoordinates[i-1][0],branchcoordinates[i-1][1]]) 
                    vertical.append([branchcoordinates[i][0],branchcoordinates[i][1]]) 
            elif 2<dst<3: 
                if l>0: 
                    l-=dstdiagonal 
                    diagonal.append([branchcoordinates[i-1][0],branchcoordinates[i-1][1]]) 
                    diagonal.append([branchcoordinates[i][0],branchcoordinates[i][1]]) 
        return vertical,diagonal,l 
     
   # Function that adjusts the length of the branch by removing the pixels that have not been selected in the previous functions  
 
    # For the Aorta 
    def setlength_aorta2(branch): 
        indexi=np.arange(branch.shape[0]-1,0,-1) # Start checking the image from the botom of the image to get the first 10 cm 
        indexj=np.arange(branch.shape[0]-1,0,-1) 
        vertical=type_of_neighborsaorta(branch,100)[0] # Set the desired branch length to 100 mm 
        diagonal=type_of_neighborsaorta(branch,100)[1] 
        limit=assignment2(junctionpoint,aorta)[0][0] 
        for i in indexi: 
            for j in indexj: 
                    if [i,j] in vertical: 
                        if i<limit: 
                            branch[i][j]=1 
                    elif [i,j] in diagonal: 
                        if i<limit: 
                            branch[i][j]=1 
                    else: 
                        branch[i][j]=0 
        return branch 
 
    # For the Iliac 
    def setlength_iliac2(branch): 
        vertical=type_of_neighborsiliac(branch,60)[0] # Set the desired branch length to 60 mm 
        diagonal=type_of_neighborsiliac(branch,60)[1] 
        for i in range(len(branch)): 
            for j in range(len(branch)): 
                if [i,j] in vertical: 
                        branch[i][j]=1 
                elif [i,j] in diagonal: 
                        branch[i][j]=1 
                else: 
                    branch[i][j]=0 
        return branch 
     
    # Function to plot the analyzed segment with the Tortuosity measure 
    def represent1(branch): 
        folder_dir=os.path.dirname(path) 
        fig, ax = plt.subplots(figsize=(10,10)) 
        draw.overlay_skeleton_2d(original, branch, dilate=1,axes=ax) 
        plt.title('Tortuosity:{}, Length:{} mm'.format(round(summary_table(branch)['Tortuosity'][0],4),round((branch)['branch-distance'][0],2)), fontsize=20) 
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        plt.show() 
        fig.savefig(os.path.join(folder_dir,'Tortuosity_aorta.jpg')) 
        plt.close() 
     
    def represent2(branch): 
        folder_dir=os.path.dirname(path) 
        fig, ax = plt.subplots(figsize=(10,10)) 
        draw.overlay_skeleton_2d(original, branch, dilate=1,axes=ax) 
        plt.title('Tortuosity:{}, Length:{} mm'.format(round(summary_table(branch)['Tortuosity'][0],4),round(summary_table(branch)['branch-distance'][0],2)), fontsize=
20) 
        plt.show() 
        fig.savefig(os.path.join(folder_dir,'Tortuosity_R-iliac.jpg')) 
        plt.close() 
     
    def represent3(branch): 
        folder_dir=os.path.dirname(path) 
        fig, ax = plt.subplots(figsize=(10,10)) 
        draw.overlay_skeleton_2d(original, branch, dilate=1,axes=ax) 
        plt.title('Tortuosity:{}, Length:{} mm'.format(round(summary_table(branch)['Tortuosity'][0],4),round(summary_table(branch)['branch-distance'][0],2)), fontsize=
20) 
        plt.show() 
        fig.savefig(os.path.join(folder_dir,'Tortuosity_L-iliac.jpg')) 
        plt.close() 
     
    def represent4(image1,image2,image3): 
      final_image=image1+image2+image3  
      folder_dir=os.path.dirname(path) 
      fig, ax = plt.subplots(figsize=(10,10)) 
      draw.overlay_skeleton_2d(original, final_image, color=(1, 0, 0), dilate=1,axes=ax) 
      fig.suptitle('Tortuosity Aorta:{}, Length:{} mm \n Tortuosity R-Iliac:{}, Length:{} mm \n Tortuosity L-Iliac:{}, Length:{} mm '.format(round(summary_table(image1)['
Tortuosity'][0],4),round(summary_table(image1)['branch-distance'][0],4),round(summary_table(image2)['Tortuosity'][0],4),round(summary_table(image2)['branch-di
stance'][0],4),round(summary_table(image3)['Tortuosity'][0],4),round(summary_table(image3)['branch-distance'][0],4),2), fontsize=20) 
      plt.show() 
      fig.savefig(os.path.join(folder_dir,'Tortuosity representation.jpg')) 
      plt.close() 
 
    # Aorta 
    if howmanypixels(aorta)!=0: 
        aortamod=setlength_aorta2(aorta)   
    else: 
        aortamod=None 
         
    # Iliac     
    if howmanypixels(iliac1) !=0: 
        iliac11=setlength_iliac2(iliac1)   
    else: 
        iliac11=None 
         
    # Iliac 
    if howmanypixels(iliac2) !=0: 
        iliac22=setlength_iliac2(iliac2) 
    else: 
        iliac22=None 
     
    represent4(aortamod,iliac11,iliac22) 
     
    # Overlay of each analyzed branch 
    represent1(aortamod) 
    plt.close() 
    try: 
        represent2(iliac11) 
        plt.close() 
    except: 
        pass 
        plt.close() 
    try: 
        represent3(iliac22) 
        plt.close() 
    except: 
        pass   
        plt.close() 
     
    # The observations are done according to the branches analyzed 
    observacions='' 
    if aortamod is not None and iliac11 is not None and iliac22 is not None: 
        observacions='Ok' 
    elif aortamod is not None and iliac11 is None and iliac22 is None: 
        observacions="No s'han analitzat les ilíaques.Revisar possible anomalia o mala reconstrucció"  
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    elif aortamod is None and iliac11 is None and iliac22 is None: 
        observacions="Mala reconstrucció"     
         
    ### EXTRACTION OF THE FINAL POINTS INFORMATION                     
    # Now that the the branches have the desired length, the new endpoints and its coordinates are found  
 
    def getstartingpoint(branch): 
        l=0 
        p=[] 
        for i in range(len(branch)): 
            for j in range(len(branch)): 
                if l==0: 
                    if branch[i][j]==1: 
                        l+=1 
                        p.append(i) 
                        p.append(j) 
                else:   
                    branch[i][j]=0     
        return branch,p 
 
    def getfinalpoint(branch): 
        indexi=np.arange(branch.shape[0]-1,0,-1) # Start checking the image from the botom  
        indexj=np.arange(branch.shape[0]-1,0,-1) 
        l=0 
        p=[] 
        for i in indexi: 
            for j in indexj: 
                if l==0: 
                    if branch[i][j]==1: 
                        l+=1 
                        p.append(i) 
                        p.append(j) 
                else:   
                    branch[i][j]=0     
        return branch,p 
 
    analysis_points=original*0 
 
    # Set the values of the coordinates of each point  
 
    if aortamod is None: 
        p1x='NaN' 
        p1y='NaN' 
        imagepoint1=None 
    else: 
        _,_,degrees3 = skeleton_to_csgraph(aortamod,spacing=pixspac) 
        endpoints1=degrees3==1 
        p1x=getstartingpoint(endpoints1)[1][0] 
        p1y=getstartingpoint(endpoints1)[1][1] 
        imagepoint1=getstartingpoint(endpoints1)[0] 
        analysis_points+=imagepoint1 
    if iliac11 is None: 
        p2x='NaN' 
        p2y='NaN' 
        imagepoint2=None 
    else:  
        _,_,degrees4 = skeleton_to_csgraph(iliac11,spacing=pixspac) 
        endpoints2=degrees4==1 
        p2x=getfinalpoint(endpoints2)[1][0] 
        p2y=getfinalpoint(endpoints2)[1][1] 
        imagepoint2=getfinalpoint(endpoints2)[0] 
        analysis_points+=imagepoint2 
    if iliac22 is None: 
        p3x='NaN' 
        p3y='NaN' 
        imagepoint3=None 
    else: 
        _,_,degrees5 = skeleton_to_csgraph(iliac22,spacing=pixspac) 
        endpoints3=degrees5==1 
        p3x=getfinalpoint(endpoints3)[1][0] 
        p3y=getfinalpoint(endpoints3)[1][1] 
        imagepoint3=getfinalpoint(endpoints3)[0] 
        analysis_points+=imagepoint3 
         
    # It will be the junction point in the case that it exists and if not, it will be the endpoint of the aorta 
    if aortamod is None and iliac11 is None and iliac22 is None: 
        p4x='NaN' 
        P3y='NaN' 
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        imagepoint4=None 
    else: 
        p4x=assignment2(junctionpoint,aorta)[0][0] 
        p4y=assignment2(junctionpoint,aorta)[0][1] 
        imagepoint4=original*0 
        for i in range(len(imagepoint4)): 
            if i==p4x:  
                for j in range(len(imagepoint4)): 
                    if j==p4y: 
                        imagepoint4[i][j]=True 
        analysis_points+=imagepoint4 
 

    # Overlay of the finaly endpoints and junction point 
 
    folder_dir=os.path.dirname(path) 
    fig, ax = plt.subplots(figsize=(10,10)) 
    draw.overlay_skeleton_2d(original, analysis_points, dilate=3,axes=ax) 
    plt.show() 
    fig.savefig(os.path.join(folder_dir,'OVerlay of the final Endpoints and junction point.jpg')) 
    plt.close() 
     
    # Set the values for the variables that will fit the final Dataframe with the results 
     
    if aortamod is not None: 
        s1l=round(summary_table(aortamod)['branch-distance'][0],2) 
        s1_t=round(summary_table(aortamod)['Tortuosity'][0],2) 
    else: 
        s1l='NaN' 
        s1_t2='NaN' 
    if iliac11 is not None: 
        s2l=round(summary_table(iliac11)['branch-distance'][0],2) 
        s2_t=round(summary_table(iliac11)['Tortuosity'][0],2) 
    else: 
        s2l='NaN' 
        s2_t='NaN' 
    if iliac22 is not None: 
        s3l=round(summary_table(iliac22)['branch-distance'][0],2) 
        s3_t=round(summary_table(iliac22)['Tortuosity'][0],2) 
    else: 
        s3l='NaN' 
        s3_t='NaN' 
         
    # Creation of the Pandas DataFrame 
    data={'Patient ID':[ds.PatientID],'p1x':[p1x],'p1y':[p1y],'p2x':[p2x],'p2y':[p2y],'p3x':[p3x],'p3y':[p3y],'p4x':[p4x],'p4y':[p4y],'Aorta-l':[s1l],'Aorta_t2':[s1_t],'R-Iliac-l':[s
2l],'R-Iliac_t2':[s2_t],'L-Iliac-l':[s3l],'L_Iliac_t2':[s3_t],'Obs':[observacions]} 
    df = pd.DataFrame(data) 
    df.index+=1 
     
    # Styling the dataframe 
    def tortuosity_red(x): 
        r = 'background-color: yellow' 
        df1 = pd.DataFrame('', index=x.index, columns=x.columns) 
        df1.iloc[:, 11] = r 
        df1.iloc[:, 14] = r 
        df1.iloc[:, 17] = r 
        return df1     
     
    df.style.apply(tortuosity_red, axis=None) 
     
    # Creation of the CSV. Saving it in the folder with the rest of CSV files to later on generate the final Excel 
    identifier=ds.PatientID 
    csv_path= "/content/drive/My Drive/CSV"+'/'+identifier+".csv" 
    df.to_csv(csv_path,sep=str(','),index=False,header=True,encoding='utf-8') # The header is not exported, only the values 
    return df 

A5. Running the Automatic System on the collected files 

# Exuction of the Automatic System in all the files loaded 
for case in l: 
    aorta, original_image = pre_processing(case) 
    closed, cualitat = segmentation(aorta,case) 
    if cualitat==0: 
        print('Bad reconstruction file: {}'.format(case)) 
        continue 
    else: 
        final_labeled, degrees2,nbranches = skeletonization(closed,case,original_image) 
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        if nbranches>15: 
            print('Bad reconstruction file: {}'.format(case)) 
            continue 
        else: 
            results = caracterization(final_labeled,original_image,case,degrees2) 
            print(results) 

 

 

 


