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Escuela Técnica Superior de Ingenieros de Telecomunicación
Universidad Politécnica de Madrid
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Abstract

Computed tomography (CT) is the reference image modality for the study of lung
diseases and pulmonary vasculature. Lung vessel segmentation has been widely
explored by the biomedical image processing community, however, differentiation
of arterial from venous irrigations is still an open problem. Indeed, automatic
separation of arterial and venous trees has been considered during last years as
one of the main future challenges in the field.

Artery-Vein (AV) segmentation would be useful in different medical scenarios
and multiple pulmonary diseases or pathological states, allowing the study of
arterial and venous irrigations separately. Features such as density, geometry,
topology and size of vessels could be analyzed in diseases that imply vasculature
remodeling, making even possible the discovery of new specific biomarkers that
remain hidden nowadays. Differentiation between arteries and veins could also
enhance or improve methods processing pulmonary structures.

Nevertheless, AV segmentation has been unfeasible until now in clinical
routine despite its objective usefulness. The huge complexity of pulmonary
vascular trees makes a manual segmentation of both structures unfeasible in
realistic time, encouraging the design of automatic or semiautomatic tools to
perform the task. However, this lack of proper labeled cases seriously limits
in the development of AV segmentation systems, where reference standards
are necessary in both algorithm training and validation stages. For that
reason, the design of synthetic CT images of the lung could overcome these
difficulties by providing a database of pseudorealistic cases in a constrained and
controlled scenario where each part of the image (including arteries and veins) is
differentiated unequivocally.

In this Ph.D. Thesis we address both interrelated problems. First, the
design of a complete framework to automatically generate computational CT
phantoms of the human lung is described. Starting from biological and image-
based knowledge about the topology and relationships between structures, the
system is able to generate synthetic pulmonary arteries, veins, and airways
using iterative growth methods that can be merged into a final simulated lung
with realistic features. These synthetic cases, together with labeled real CT
datasets, have been used as reference for the development of a fully automatic
pulmonary AV segmentation/separation method. The approach comprises a
vessel extraction stage using scale-space particles and their posterior artery-vein
classification using Graph-Cuts (GC) based on arterial/venous similarity scores
obtained with a Machine Learning (ML) pre-classification step and particle-
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connectivity information.

Validation of pulmonary phantoms from visual examination and quantitative
measurements of intensity distributions, dispersion of structures and relationships
between pulmonary air and blood flow systems, show good correspondence
between real and synthetic lungs. The evaluation of the Artery-Vein (AV)
segmentation algorithm, based on different strategies to assess the accuracy of
vessel particles classification, reveal accurate differentiation between arteries and
vein in both real and synthetic cases that open a huge range of possibilities in the
clinical study of cardiopulmonary diseases and the development of methodological
approaches for the analysis of pulmonary images.
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Resumen

La tomograf́ıa axial computerizada (TAC) es la modalidad de imagen médica
preferente para el estudio de enfermedades pulmonares y el análisis de su
vasculatura. La segmentación general de vasos en pulmón ha sido abordada
en profundidad a lo largo de los últimos años por la comunidad cient́ıfica que
trabaja en el campo de procesamiento de imagen; sin embargo, la diferenciación
entre irrigaciones arterial y venosa es aún un problema abierto. De hecho, la
separación automática de arterias y venas está considerado como uno de los
grandes retos futuros del procesamiento de imágenes biomédicas.

La segmentación arteria-vena (AV) permitiŕıa el estudio de ambas irriga-
ciones por separado, lo cual tendŕıa importantes consecuencias en diferentes
escenarios médicos y múltiples enfermedades pulmonares o estados patológicos.
Caracteŕısticas como la densidad, geometŕıa, topoloǵıa y tamaño de los vasos
sangúıneos podŕıan ser analizados en enfermedades que conllevan remodelación
de la vasculatura pulmonar, haciendo incluso posible el descubrimiento de
nuevos biomarcadores espećıficos que aún hoy en d́ıpermanecen ocultos. Esta
diferenciación entre arterias y venas también podŕıa ayudar a la mejora y el
desarrollo de métodos de procesamiento de las distintas estructuras pulmonares.

Sin embargo, el estudio del efecto de las enfermedades en los árboles arterial
y venoso ha sido inviable hasta ahora a pesar de su indudable utilidad. La
extrema complejidad de los árboles vasculares del pulmón hace inabordable una
separación manual de ambas estructuras en un tiempo realista, fomentando aún
más la necesidad de diseñar herramientas automáticas o semiautomáticas para
tal objetivo. Pero la ausencia de casos correctamente segmentados y etiquetados
conlleva múltiples limitaciones en el desarrollo de sistemas de separación AV, en
los cuales son necesarias imágenes de referencia tanto para entrenar como para
validar los algoritmos. Por ello, el diseño de imágenes sintéticas de TAC pulmonar
podŕıa superar estas dificultades ofreciendo la posibilidad de acceso a una base de
datos de casos pseudoreales bajo un entorno restringido y controlado donde cada
parte de la imagen (incluyendo arterias y venas) está uńıvocamente diferenciada.

En esta Tesis Doctoral abordamos ambos problemas, los cuales están
fuertemente interrelacionados. Primero se describe el diseño de una estrategia
para generar, automáticamente, fantomas computacionales de TAC de pulmón
en humanos. Partiendo de conocimientos a priori, tanto biológicos como de car-
acteŕısticas de imagen de CT, acerca de la topoloǵıa y relación entre las distintas
estructuras pulmonares, el sistema desarrollado es capaz de generar v́ıas aéreas,
arterias y venas pulmonares sintéticas usando métodos de crecimiento iterativo,
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que posteriormente se unen para formar un pulmón simulado con caracteŕısticas
realistas. Estos casos sintéticos, junto a imágenes reales de TAC sin contraste,
han sido usados en el desarrollo de un método completamente automático de
segmentación/separación AV. La estrategia comprende una primera extracción
genérica de vasos pulmonares usando part́ıculas espacio-escala, y una posterior
clasificación AV de tales part́ıculas mediante el uso de Graph-Cuts (GC) basados
en la similitud con arteria o vena (obtenida con algoritmos de aprendizaje
automático) y la inclusión de información de conectividad entre part́ıculas.

La validación de los fantomas pulmonares se ha llevado a cabo mediante
inspección visual y medidas cuantitativas relacionadas con las distribuciones
de intensidad, dispersión de estructuras y relación entre arterias y v́ıas aéreas,
los cuales muestran una buena correspondencia entre los pulmones reales y los
generados sintéticamente. La evaluación del algoritmo de segmentación AV está
basada en distintas estrategias de comprobación de la exactitud en la clasificación
de vasos, las cuales revelan una adecuada diferenciación entre arterias y venas
tanto en los casos reales como en los sintéticos, abriendo aśı un amplio abanico
de posibilidades en el estudio cĺınico de enfermedades cardiopulmonares y en
el desarrollo de metodoloǵıas y nuevos algoritmos para el análisis de imágenes
pulmonares.
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Introduction and Context
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Introduction and Context

This part contains introductory information. We present the motivations and
goals of this Ph.D. thesis, describing in detail the clinical context and the medical
needs that we will deal with. We also include the description of the document
structure.

Additionally, we present a short clinical explanation of concepts related
with the medical problem addressed in this thesis, regarding anatomical and
physiopathological details about the lung and other organs involved with the
objectives of the project. We continue with an overview of the role of
biomedical imaging nowadays, describing the increasing interest in employing
image processing in the biomedical field, together with a description of imaging
modalities used in radiological studies of the lung, and tools used for analysis of
pulmonary cases.

We finish with the technical background, describing the state of the art in
the image processing field addressed, specially in segmentation and classification
algorithms of generic vasculature and focusing on pulmonary vasculature, and
the generation of synthetic models of the lungs.
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Chapter 1

Introduction

In this chapter we introduce the clinical needs found in pulmonary imaging field
that motivated this Ph.D. Thesis, and the objectives we pursue.

1.1 Motivation

Computed Tomography (CT) technology has been growing during the last
decades, becoming the CT the reference image modality for the radiological study
of the lungs. When the original CT scanner was invented in 1972, it literally took
hours to acquire one slice of image data and more than 24 hours to reconstruct
that data into a single image. Today, this acquisition and reconstruction occurs
in less than a second. Current CT technology allows for near isotropic, sub-
millimeter resolution acquisition of the complete chest in a single breath hold.
These thin-slice chest scans have become indispensable in thoracic radiology,
but have also substantially increased the data load for radiologists [Rubin, 2000].
Automating the analysis of such data is, therefore, a necessity and this has created
a rapidly developing research area in medical imaging.

Pulmonary imaging is maybe the most benefited field from these advances
in technology, becoming CT the most appropriate source of medical imaging for
the study of pulmonary diseases. Compared to other modalities, CT excels in
the imaging of the lungs, making possible the display of the whole structure
avoiding partial volume effects and breathing artifacts (Figure 1.1) and allowing
the radiological study of complex biological structures as pulmonary vessel trees
[Hsieh, 2009; Sluimer et al., 2006].

Vessel segmentation in chest CT images has become a leading task over the
last years, being addressed by numerous researchers [Van Rikxoort and Van Gin-
neken, 2013]. Pulmonary vasculature is involved in multiple cardiovascular and
pulmonary diseases and therefore segmentation can be useful in diagnosis of
Pulmonary Hypertension (PH), nodule detection, Pulmonary Embolism (PE),
lung volumetry, guide registration methods and segmentation of surrounding lung
structures, for instance. The importance and attention over this problem has been
demonstrated after the VESSEL12 Challenge [Rudyanto et al., 2014].
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CHAPTER 1. INTRODUCTION

Figure 1.1: Thorax examination in a patient with pulmonary embolism, illustrating the
increased clinical performance from (a) single-slice CT (8-mm slices) to (b) 4-slice CT (1.25-mm
slices), and (c) 64-slice CT (0.75-mm slices). Rows show 2 different intensity window levels.
Compared with single-slice CT scanners, four-slice CT systems brought about considerably
improved longitudinal resolution in equivalent examination times (30 s to cover the thorax).
Sixty-four-slice CT scanners provide significantly reduced examination times (5 s to cover the
thorax) in combination with isotropic sub-millimeter resolution. Extracted from Flohr and
Ohnesorge [2009].

Although general vessel segmentation in lungs has been widely explored,
differentiation of arterial from venous irrigations is still an open problem. Indeed,
automatic separation of arterial and venous (AV) trees is considered as one of
the main future challenges [Sluimer et al., 2006].

Artery-Vein (AV) segmentation would be useful in different medical scenarios
and multiple diseases or pathological states. It would allow the study of arterial
and venous irrigations separately, displaying the complex anatomical relationship
between pulmonary lesions and vasculature, critical in oncology studies and
management of cancer treatments, for example. Moreover, it would provide
additional valuable information for surgeons to evaluate arterial and venous
conduits for vascular surgery.

Features such as density, structure and size of vessels could be studied in
diseases that imply vasculature remodeling (Figure 1.2). This is the case of
Pulmonary Hypertension (PH) and Pulmonary Arterial Hypertension (PAH),
where processes such as growth, cellular apoptosis, inflammation and fibrosis
contribute to changes in arterial –but not venous– structure. The study of these
features allow the physicians to diagnose and follow the pathological state of
patients, and lead the decision making for treatment. Additionally, vasculature
information would ease and speed up the design and test of drugs in clinical trials
(monitoring the effects and efficiency) for this kind of diseases.

A segmentation of the vessel trees can be also of interest for matching follow-
up scans and to remove False Positives (FP) detections of Computer-Aided
Diagnosis/Detection (CAD) systems. For instance, in the case of nodule detection
or PE, AV segmentation can provide a Volume of Interest (VOI) for abnormalities
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Figure 1.2: Example of vasculature remodeling and malformations in the hand, showing an
annulaire angiome where vessels have an atypical shape, size and structure. By Michel Royon
(Own work) [CC BY-SA 3.0 (http://creativecommons.org/licenses/by-sa/3.0)], via Wikimedia
Commons

that occur inside or proximal to vessels [Saita et al., 2004]. In the particular case
of CAD-PE, embolisms can only occur in the arterial subtrees, so the removal of
the whole venous tree would decrease dramatically the number of FP (erroneous
detections).

In addition, AV segmentation could be useful as a preprocessing step in
multiple scenarios: enhance airway tree segmentation (based on artery/airway
relationship), extract landmarks for data registration, generate an atlas relating
AV tree geometry, topology and branching patterns.

Nevertheless, AV segmentation has been unfeasible until now in clinical
routine despite its objective usefulness. The huge complexity of pulmonary
vascular trees makes a manual segmentation of both structures unapproachable
in realistic time. Thus, the interest in the design of automatic or semiautomatic
tools is undeniable. At this moment, the number of algorithms created for this
purpose is very small, and all approaches need interactive user intervention and/or
they were not properly evaluated.

All these reasons entail that the number of studies using pulmonary AV
information is very limited, so a lot of knowledge about diseases remain hidden:
the relationship between cardiopulmonary diseases and vessel geometry, topology,
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branching patterns, etc. The potential opportunity to fill this gap by creating new
biomarkers or extracting measurements from analysis or statistics is promising,
and it would be accessible through an automatic AV segmentation tool.

The impracticability of getting manual AV segmentations or annotations in
CT scans has huge consequences in the design of automatic algorithms. The need
of a reference standard is irrefutable in both algorithm training and validation
stages. Ground truth cases will lead the selection of modules/parameters/design
of the approach, and a different set of labeled cases will be used to evaluate the
algorithm performance. We conclude that the access to labeled images remains
necessary, and the search of new data sources replacing real cases is also clear.

The design of synthetic images has been growing during the last decades in
order to support the development of new image processing algorithms by training
and evaluating them in a constrained, simplified and controlled scenario (Figure
1.3). However, the extraordinary complexity of pulmonary structure has been
an impediment to obtain realistic enough synthetic images (or phantoms) to
be useful for this task. Thus, the generation of pulmonary phantoms that can
replace real cases keeping pseudo-realistic structures is another open problem to
be addressed in order to achieve improvements in AV segmentation.

(a)

(b) (c) (d)

Figure 1.3: Examples of simulated biomedical images. (a) Synthetic images of a brain using
a standard spin-echo pulse sequence with a long repetition time (2000ms) with echo time
acquisition parameter of 20ms, 30ms, 40ms, 80ms (from left to right). (b) Synthetic PET
image of a brain phantom [Aubert-Broche et al., 2006]. (c) Synthetic tree vessel generation using
Vascusynth [Hamarneh and Jassi, 2010]. (d) Simulated image/video displaying fluorescently
labeled nuclei of the HL60 cell line migrating on a flat 2D surface [Maška et al., 2014].
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These synthetic images or phantoms of the lung could be useful not only for
the development of methods for processing internal structures (vessels, airways,
lung parenchyma), but also for any other image processing approaches that
require pulmonary images, where these phantoms could be usable to evaluate
robustness of the algorithms versus structural changes in the lung and the
internal structures. Some examples could be registration algorithms (generic or
specifically design for internal structures registration), lung segmentation, heart
segmentation... On the other hand, the complexity of structures such as vessels
and airways imply limitations on the generation of reference standards (ground-
truth) for the evaluation of methods on these organs. Information about the whole
tree through the use of phantoms would improve validation schemes, currently
constrained in most of the cases to a limited amount of points with no connectivity
or size information [Rudyanto et al., 2014].

1.2 Objectives

The main objective of this Ph.D. Thesis is the design, development and
validation of a completely automatic Artery-Vein (AV) segmentation
method for pulmonary vessels in CT images, addressing the clinical need of
vascular information in the study of cardiopulmonary diseases. This automated
approach should allow to pull out critical information from the massive amount
of data produced by new biomedical imaging technologies, that is unfeasible to
extract during the daily clinical routine. The output could become a potential
new source of knowledge for prognostic, diagnostic and treatment decisions in
cardiopulmonary pathologies.

In order to achieve the principal objective, the collaboration of diverse fields
turns necessary in a multidisciplinary environment. Biomedical information such
as physiopathological knowledge and biological models, and technical background
including computer vision, image processing, machine learning and classification
techniques provide complimentary tools to face the separation of arterial and
venous blood irrigations in the lungs.

We can divide the main objective in three subobjectives:

(a) design and implementation of a pulmonary AV segmentation system

(b) design and implementation of a synthetic pulmonary CT image generator
system

(c) validation and application of the proposed systems

1.2.1 Design and Implementation of an AV
Segmentation System

The principal objective of this Thesis is the development of a tool for arterial and
venous trees segmentation in CT images. The approach includes a preliminary
step regarding segmentation of pulmonary vessels and the posterior differentiation
between arteries and veins.
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Pulmonary Vessel Segmentation

The first step in order to deal with the AV separation is the segmentation of the
structures and organs involved. The location of vessels and the differentiation
from the rest of the image allows the methods to focus on the objects of interest,
simplifying and constraining the search.

The accuracy of vessel extraction in the lungs is critical to avoid artery-
vein classification errors due to segmentation mistakes. Therefore, a robust and
reproducible algorithm becomes necessary.

Moreover, a suitable representation of the vascular trees would simplify and
ease the development of the approach, the classification task and the validation
of the method.

In summary, the goal of this section is to build a segmentation system that
improves the algorithms presented in the state of the art, overcoming the typical
drawbacks and finding a way to represent the complexity of arterial and venous
trees that facilitates the design and implementation of the rest of the modules.

Figure 1.4: Scheme of 3D vessel segmentation process in pulmonary CT images.

Artery-Vein Separation

The core of this thesis is the AV Segmentation/Separation. Once the pulmonary
vessels are segmented from the rest of the image, the objective is to differentiate
between vessels belonging to arterial system and those belonging to venous
system.

Biological and physiological knowledge become necessary to settle the basis
of the approach: prior knowledge about vessel irrigations, including structural
and topological information, could lead the strategy to follow up. However,
this information also reveals the main constrains this kind of approaches will
need to tackle. Furthermore, all these problems become more relevant when we
transpose the biological information into a biomedical imaging environment. For
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that reason, prior knowledge will be carefully managed, using it to solve the
problem but avoiding sources of errors.

Moreover, the need of a robust and reproducible method is one of the most
important goals. The system must be generic enough to work properly in different
cases. The extreme variability and complexity of vessel structure go against this
principle, so the selection of prior knowledge will be even more constrained by
this reason, allowing just the use of information that all cases shared. In our case,
the main prior knowledge the approach is going to use is the relation between
arterial and venous irrigations and the bronchial system.

Figure 1.5: Scheme of AV segmentation process in pulmonary CT images. Starting from
general vessel segmentation, the objective is to differentiate between arteries and veins.

A proper representation of the results is also necessary in order to allow a
comfortable and flexible visualization, but also making possible the handling
and correction of the output to deal with the errors. Therefore, final users
such as clinicians and radiologist would have the possibility of improve the AV
segmentation and use the results for decision making, measurements, biomarkers
computation...

In summary, the goal of this section is to build a robust completely automatic
AV segmentation system that ease the clinicians to study the arterial/venous
blood trees separately, filling the current clinical and methodological gaps existing
for this purpose.

1.2.2 Design and Implementation of a Synthetic
Pulmonary CT Image Generation System

In order to develop and improve the AV segmentation method either to perform
a posterior evaluation, a database of labeled cases that can be used as reference
standard remains necessary.

The difficulty of getting precise manual annotations of arteries and veins in
real cases performed by experts led us to find alternatives to collect reference
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standard data. By creating synthetic images or phantoms ourselves, we would
have the control over the data to obtain labeled cases.

For our purpose, just tubular structures in the lung (arteries, veins and
airways) are needed to be generated. Starting from biological knowledge about
the topology and relations between these structures our goal is to develop a
system able to create synthetic vessels (arteries and veins independently) and
airways that simulate a broncopulmonary segment. These data would be useful
for preliminary stages of vessel or AV segmentation methods development. By
applying the same strategy, an additional goal would be the generation of these
phantoms at a higher pulmonary scale, covering the whole lung area. These
phantoms should be quite similar to real cases and they could be used as
alternative and simplified reference standard.

However, the idea of getting realistic synthetic pulmonary CT images turns
out to be highly interesting in many scenarios. Therefore, an additional objective
of this section is the generation of realistic phantoms that merge synthetic
vessels and airways together with the rest of lung and surrounding structures,
following physiological and structural patterns, and adapting intensities and
textures properly.

Since a useful reference standard requires a wide dataset, it is important
to include the possibility of generate different phantoms from the same set of
parameters, introducing a pseudo-random component in the system. Moreover,
flexibility is also a desirable property for the phantoms, allowing the possibility of
introducing some feature modifications whose purpose could be the simulation of
external image components such as contrast media, or internal image components
such as pathologies, inter-subject and intra-subject variability, etc.

Figure 1.6: Scheme of generation of synthetic pulmonary CT images. Starting from real
images, and segmented arteries, veins and airways, the objective is to create simulated versions
of structures to generate realistic synthetic images.

In summary, the goal of this section is to build a flexible system for creating
multiple synthetic lung tubular structures and include them in the generation of
realistic synthetic CT images that could be used as reference standard.
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1.2.3 Validation of the Tools and Definition of Potential
Applications

To achieve clinical impact, new image processing methods such as the ones
presented in this Thesis, need to demonstrate their potential by evaluation on
data. Exhaustive validation is not only a prerequisite for a reproducibility study
but also for the integration of tools into radiological standard software or image
analysis platforms, and by those means, for enabling broad availability. However,
a biomedical image processing tool that is available, accurate and reproducible, is
completely useless if there is no application in the clinical routine and/or clinical
research. Therefore, the applicability of the tools into clinical studies and different
scenarios and problems need to be evaluated too.

For these reasons, the proposed systems will need to be exhaustively validated
in order to check the performance and behavior of the proposed algorithms,
evaluate the accuracy of the results and demonstrate the usefulness for the future
applicability in specific scenarios.

Validation of the synthetic pulmonary CT images will be mainly a qualitative
analysis, where a visual comparison between real and synthetic cases will be
performed. However, some quantitative measurements will be extracted to probe
the similarity of both type of images.

The AV segmentation system will be evaluated like an artery-vein classifica-
tion problem, providing statistics of accuracy, precision and recall. It will be
performed over the generated phantoms and real cases annotated by experts to
construct a real reference standard.

A study of different applications and possible improvements of the system
will be performed to define the future research lines that can be addressed after
the complete development of the tools. We will detail a set of pathological
states, medical scenarios and potential applications that can be benefited from the
validated methods developed in this Thesis. Finally, the integration of the tools
into a biomedical image processing platform designed for lung analysis will be
also considered, which would encourage the actual applicability in real scenarios
and clinical studies.
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1.3 Document Structure

This Ph.D. Thesis is organized in five main parts.

Part I introduced the context analysis. It encompasses the first three chapters.
Chapter 1 is an introduction to the project, explaining the particular motivations
and objectives addressed in this Thesis. Chapter 2 presents the biomedical
context, including concepts of pulmonary physiology and pathology, nature of
image modalities used for radiological studies of the lung and important concepts
in the image analysis in lungs. Chapter 3 contains the technical background.
It comprises the state of the art on vessel segmentation, AV separation and
generation of synthetic pulmonary images.

Part II contains the core of the Thesis: the methodological contribution
in biomedical image processing. Chapter 4 presents the data used during
development and validation of the following proposed methods, including the
generation of pulmonary synthetic CT images. Chapter 5 propose a vessel
segmentation method optimized for pulmonary vessels. Chapter 6 describes
the algorithms developed to address the AV segmentation/separation in pul-
monary CT images, including contributions on lung vessel segmentation and
discretization, classification of vessels into arteries and veins, and optimization of
parameters.

Part III presents the results. Chapter 7 includes a validation of the generated
pulmonary CT phantoms, Chapter 8 display the pulmonary vessel segmentation
results and Chapter 9 highlights the evaluation results of the AV segmentation
method over real and synthetic images.

Finally, part IV includes the final conclusions of this Thesis in Chapter 10, a
summary of main contributions (Chapter 11), the future research lines that this
Ph. D. Thesis leave open (Chapter 12), the set publications bounded to this work
(Chapter 13) and references.
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Chapter 2

Biomedical Context

In this chapter, we present a short explanation of clinical and biomedical concepts
related with the field of this thesis, including pulmonary anatomy, physiology and
pathology, biomedical imaging used to study the lungs and current image analysis
procedures and measurements computed in the field.

2.1 Lungs: Anatomy and Physiology

Lungs are the essential organs of the human respiratory system. Although their
main function is the gas exchange between the air and the blood (respiration),
transporting oxygen from the atmosphere into the bloodstream and releasing
carbon dioxide from the bloodstream into the atmosphere, they contribute in
other basic functions such as ventilation, assistance in the regulation of blood
volume and blood pressure, protection of respiratory surfaces from dehydration
and temperature changes, metabolism of some components, filtration of abnormal
particles from circulation, etc.

They are located within the thoracic cavity, near the backbone on either side
of the heart. Left and right lungs take up most of the space inside the chest, lying
within their pleural sac and are only attached by their roots, to the mediastinum
which contains the heart, trachea, great vessels and other organs; so they are
fairly free inside the thoracic cavity. The upper tip of the lungs is their cranial
point and below them is the diaphragm, a thin muscle that separates the chest
cavity from the abdomen.

Lungs essentially consist of blood vessels (arteries, veins and capillaries)
airways (bronchi, bronchioles and alveolar ducts) and connective tissue [Miller,
1947; Netter, 2014]. Vessels and airways both divide into smaller and smaller
branches, finally becoming microscopic, creating tree structures. The normal
human lungs weight about 900 to 1000 g, of which 40% to 50% is blood and
contain about 2.5 L of air at end expiration and 6 L of air at full inflation, with
a total surface area for gas exchanged between 50-100 m2.

Lungs are divided into lobes by the bronchial tree, separated by pleural
membranes. Usually, there are two lobes on the left lung (cranial and caudal
lobes) and three or more in the right one (cranial, caudal middle and accessory
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lobes). Figure 2.1 shows a summary of structures on the lung and surroundings.

Figure 2.1: Anatomy of the lungs.
[Available for free at http://loopele.com/anatomy-of-the-lungs/]
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2.1.1 Airways

The airways form the connection between the outside world and the terminal
respiratory units [Netter, 2014; West, 2011]. Air is inhaled through the nose
and mouth through the airways, passing from the larynx and trachea and thence
into a rapidly dividing series. The trachea divides into two main airways called
bronchi upon reaching the lungs; one bronchus serves the right lung and the other
the left. The bronchi subdivide several times into smaller bronchi, which then
divide into smaller and smaller branches called bronchioles. These bronchi and
bronchioles are called the bronchial tree because the subdividing that occurs is
similar to the branching of an inverted tree. After a total of about 23 divisions,
the bronchioles end at alveolar ducts (Figure 2.2). At the end of each alveolar
duct, are clusters of alveoli (microscopic air sacs).

Figure 2.2: Structure of airways: subdivisions of pulmonary airways and structure of alveoli.
Edited from ”Respiratory Tract Histological Differences” by Holly Fischer under CC BY 3.0
and ”Bronchial anatomy” by Patrick J. Lynch under CC BY 2.5.
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Each alveolus is a small, thin-walled, cup-shaped sac that protrudes from the
smallest air ducts. In the alveoli, oxygen from the air is absorbed into the blood.
Carbon dioxide, a waste product of metabolism, travels from the blood to the
alveoli, where it can be exhaled. This exchange is performed by simple diffusion
from higher to lower partial pressure areas. The barrier separating the pulmonary
capillaries from the alveolar air is composed of endothelial cells, an attenuated
interstitial space, and pulmonary epithelial cells (pneumocytes). Most of the lung
volume is made of small clusters of alveoli (∼ 300 million per lung) that creates
the huge amount of surface area needed for the gas exchanged.

The trachea, main bronchi, and approximately the first dozen divisions of
smaller bronchi have either rings or patches of cartilage in their walls that keeps
them from collapsing or blocking the flow of air. They constitute the conducting
part of the airways where no exchanged is performed, but the total volume is only
about 150 mL. The remaining bronchioles and the alveoli do not have cartilage
and are very elastic. This allows them to respond to pressure changes as the lungs
expand and contract, and they constitute the respiratory part of the airways.

The complexity of airways was analyzed by Weibel [1963]. He established a
theoretical anatomical model for airway bifurcations based on generations (Figure
2.2) that is still used nowadays. The thickness of the airway walls was studied
in Montaudon et al. [2007], where a correlation between the size of the airways
and the thickness of their walls was extracted through an analysis of CT images
from patients with different pathological states.

2.1.2 Pulmonary Vessels

Two vasculatures irrigate the lung, the high-pressure bronchial circulation and the
low-pressure pulmonary circulation [Peacock et al., 2011; West, 2011]. The first
supplies airways and lung parenchyma with nutrients, and the second is devoted
to gas exchange at alveolar level. Since the main function of the lung is the gas
exchange, the pulmonary circulation is the principal in size and importance.

Pulmonary circulation is the part of the cardiovascular systems which moves
deoxygenated blood from the heart, through the arteries to the lungs, and returns
oxygenated blood back through the veins to the heart (Figure 2.3). Pulmonary
arteries and veins develop in close connection with the airways. The arterial
tree extends down to 15-17 generations [Townsley, 2012] upstream from terminal
bronchioles to give rise to capillary networks that drain into pulmonary veins. At
the level of terminal bronchioles, small arteries branch into arterioles (100-150µm)
and they divide into thin-walled arterioles that form the pulmonary capillary bed
in the acinus. The latter drains into pulmonary venules and veins and eventually
lead into the left atrium of the heart to be pumped to the systemic circulation.

The pulmonary artery branches and travels adjacent to each airway generation
down to the level of the respiratory bronchiole. The anatomic arrangements of the
pulmonary arteries and the airways are a continual reminder of the relationship
between perfusion and ventilation that determines the efficiency of normal lung
function. Although the pulmonary veins also lie in loose connective tissue sheaths
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Figure 2.3: Circulation of pulmonary vessels as it passes from the heart showing pulmonary
trunk, arteries, veins and bronchial system. Oxygen-rich blood is shown in red; oxygen-depleted
blood in blue. Illustration from Anatomy & Physiology, ”Pulmonary Circuit” by OpenStax
College under CC BY 3.0.

adjacent to the main-stem bronchus and pulmonary artery at the hilum, once
inside the lung, they follow Miller’s dictum that the veins will generally be found
as far away from the airways as possible [Miller, 1947].

In the human body, the main pulmonary artery (pulmonary trunk) begins at
the right ventricle of the heart and branches into right and left pulmonary arteries.
There are two types of pulmonary arteries: conventional and supernumerary ar-
teries [Crystal et al., 1997; Elliott and Reid, 1965; Horsfield, 1978]. Conventional
arteries accompany airways and branch together with them. They supply the
lung parenchyma and airways down to acini. Supernumerary arteries branch off
the conventional ones and supply adjacent spaces to the bronchovascular tree.

Table 2.1: Quantitative Data on Intrapulmonary Blood Vessels in Humans. Reprinted from
[Miller, 1947].

Vessel Class Volume (mL) Surface Area (m2)

Arteries (> 500µm) 68 0.4
Arterioles (13− 500µm) 18 1.0
Capillaries (10µm) 60-200 50-70
Venules (13− 500µm) 13 1.2
Veins (> 500µm) 58 0.1
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Considerable quantitative data about the pulmonary circulation are available
for the human lung (Table 2.1). Although most of the intrapulmonary blood
volume is in the larger vessels down to approximately 500µm diameter, nearly
all of the surface area is in the smaller vessels. For example, the surface area of
arterioles 20 to 500µm diameter exceeds that of the larger vessels by a factor of
two, and the maximal capillary surface area is 20 times that of all other vessels.
In adults, supernumerary arteries represent up to 40 % of the cumulated cross-
sectional area of all the side branches although their individual size use to be quite
small compared to that of the parent pulmonary artery. The supernumerary vein
number is even greater than supernumerary arteries.

Figure 2.4: Comparison of pressures in pulmonary and systemic circulations in mmHg.
Reprinted from [West, 2011].

The pulmonary circulation differs in many ways from the systemic one. Blood
pressure in the pulmonary circulation is lower than in the systemic circulation.
The walls of the pulmonary capillaries are thinner than those of similar vessels in
the systemic circulation. Normally the right ventricle develops a pressure of about
25 mmHg during its systole, and this is transmitted to the pulmonary arteries.
When systole ends, right ventricle pressure falls to atmospheric (0). Since
the pulmonary valves are now closed blood pressure in pulmonary circulation
decreases gradually during diastole to a low of about 8 mmHg as blood flows
through the pulmonary capillaries. The mean pulmonary artery pressure is about
14-15 mmHg. Left arterial pressure is about 5 mmHg (Figure 2.4).

Blood flow depends on vascular pressure. Total pressure drop from pulmonary
artery to left atrium is about 10 mmHg while in the systemic circulation it is about
100 mmHg. Therefore, the pulmonary vascular resistance is only one tenth of
that of the systemic circulation. The low vascular resistance in the pulmonary
circulation relies on remarkably thin vascular walls. The low vascular resistance
and high compliance of the pulmonary circulation allows the lung to accept the
whole of the cardiac output at all times. On the other hand, because of their
high compliance, the pulmonary vessels are liable to collapse.
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2.1.3 Bronchopulmonary Segment

Despite the huge complexity of vessel irrigations in the lung, there is a vascular
pattern that keeps unaltered in most of the people: the bronchopulmonary
segment. A tertiary bronchi defines and limits its respective bronchopulmonary
segment that conforms a discrete anatomical and functional unit of the lung.
Each segment is supplied by a segmental bronchus, and two arteries (pulmonary
and bronchial) which run together and almost parallel through the center of the
bronchopulmonary segment. Veins and lymphatic conducts lie in the intervals
between segments (Figure 2.5).

Figure 2.5: Structure of Bronchopulmonary Segment. Diagram shows 2 bronchopulmonary
segments and their airway and vessel irrigations. Reprinted from [Mekada et al., 2006].

Segments are separated by a layer of connective tissue. There are 8 segments
on the left lung (4 in the upper lobe and 4 in the lower) and 10 in the right lung
(3 in the superior lobe, 2 in the middle and 5 in the inferior).

The division of the lung into segments is essential due to the specific and
repetitive morphological organization and distribution of inner structures, that
confer functional and anatomical independence from the rest of the segments.
In that way, a single segment can be surgically removed without affecting the
function of the rest of the lung.

2.2 Lung Diseases

Lungs are internal organs constantly exposed to the external environment. With
each breath, a host of strange substances enters our bodies. Lung disease is any
disorder where lung function is impaired resulting from problems in any part of
the respiratory system. Lung diseases can be caused by long-term and immediate
exposure to smoking (active and passive), air pollution (indoor and outdoor),
occupational exposures such as asbestos and silica dust, carcinogens that trigger
tumor growth, infectious agents, overreactive immune system defenses or genetics.
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2.2.1 Lung Diseases Overview Classification

There are many types of lung diseases and multiple classifications. Just as there is
no single cause for lung disease, there is no single symptom of lung disease. Some
conditions may send disease-specific signals, such as the characteristic wheezing
sound made as the asthma sufferer attempts to exhale. Some lung disorders,
such as emphysema, may be evidenced mainly by increasing shortness of breath,
eventually upon the slightest physical effort, as tired muscles fail to receive
sufficient oxygen. Other forms of lung disease may be signaled by persistent
cough, chest pain, shortness of breath, abnormal sputum production, bloody
sputum or a combination of these symptoms. When an infectious agent causes
a lung disease, there may also be fever and/or chills. Any suspicion that the
lungs might not be functioning properly means that a person should seek medical
attention.

Depending on the structure affected by the disease we can divide lung diseases
into those affecting airways, air sacs, interstitium, blood vessels, pleura and chest
walls [Mason et al., 2010].

Lung diseases affecting the airways

� Asthma: The airways are constantly inflamed, and may occasionally spasm,
causing wheezing and shortness of breath. Allergies, infections, or pollution
can trigger the symptoms.

� Chronic Obstructive Pulmonary Disease (COPD): Lung conditions defined
by an inability to exhale normally, which causes difficulty in breathing. The
term COPD includes emphysema, chronic bronchitis, in some cases asthma
and/or a combination of these conditions.

� Emphysema: Lung damage allows air to be trapped in the lungs in this
form of COPD. Difficulty blowing air out is its hallmark.

� Chronic bronchitis: A form of COPD characterized by a chronic productive
cough and inflammation of bronchial tubes.

� Acute bronchitis: A sudden infection of the airways, usually by a virus.

� Cystic fibrosis: A genetic condition causing poor clearance of mucus from
the bronchi. The accumulated mucus results in repeated lung infections.

Lung diseases affecting the air sacs (alveoli)

� Pneumonia: An infection of the alveoli, usually by bacteria.

� Tuberculosis: A slowly progressive pneumonia caused by the bacteria
Mycobacterium tuberculosis.
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� Emphysema results from damage to the fragile connections between alveoli.
Smoking is the usual cause. This disease also limits airflow, affecting the
airways as well.

� Pulmonary edema: Fluid leaks out of the small blood vessels of the lung
into the air sacs and the surrounding area. One form is caused by heart
failure and back pressure in the lungs’ blood vessels; in another form, direct
injury to the lung causes the leak of fluid.

� Lung cancer has many forms, and may develop in any part of the lungs.
Most often this is in the main part of the lung, in or near the air sacs. The
type, location, and spread of lung cancer determines the treatment options.

� Acute Respiratory Distress Syndrome (ARDS): Severe, sudden injury to the
lungs caused by a serious illness. Life support with mechanical ventilation
is usually needed to survive until the lungs recover.

� Pneumoconiosis: A category of conditions caused by the inhalation of a
substance that injures the lungs. Examples include black lung disease from
inhaled coal dust and asbestosis from inhaled asbestos dust.

Lung diseases affecting the blood vessels

� Pulmonary Embolism (PE): A blood clot breaks off, travels to the heart,
and is pumped into the lungs. The clot lodges in a pulmonary artery, often
causing shortness of breath and low blood oxygen levels.

� Pulmonary Hypertension (PH): Various conditions can lead to high blood
pressure in the pulmonary arteries. This can cause shortness of breath and
chest pain. When no cause is identified, the condition is called idiopathic
Pulmonary Arterial Hypertension (PAH).

Lung diseases affecting the interstitium

The interstitium is the microscopically thin lining between the alveoli. Tiny blood
vessels run through the interstitium and allow gas exchange between the alveoli
and the blood. Various lung diseases affect the interstitium:

� Interstitial lung disease (ILD): A broad collection of lung conditions
affecting the interstitium. Sarcoidosis, idiopathic pulmonary fibrosis, and
autoimmune disease are among the many types of ILD.

� Pneumonias and pulmonary edemas can also affect the interstitium.

Lung diseases affecting the pleura

The pleura is a thin lining that surrounds the lung and lines the inside of the
chest wall. A tiny layer of fluid allows the pleura on the lung’s surface to slide
along the chest wall with each breath. Lung diseases of the pleura include:
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� Pleural effusion: Fluid collects in the normally tiny pleura space between
the lung and the chest wall. Pneumonia or heart failure is usually
responsible. If large, pleural effusions can impair breathing, and should
be drained.

� Pneumothorax: Air may enter the space between the chest wall and the
lung, collapsing the lung. To remove the air, a tube is typically inserted
through the chest wall.

� Mesothelioma: A rare form of cancer that forms on the pleura. Mesothe-
lioma tends to emerge several decades after asbestos exposure.

Lung diseases affecting the chest wall

The chest wall also plays an important role in breathing. Muscles connect the
ribs to each other, helping the chest to expand. The diaphragm descends with
each breath in, also causing chest expansion.

� Obesity hypoventilation syndrome: Extra weight on the chest and abdomen
makes it difficult for the chest to expand. Serious breathing problems can
result.

� Neuromuscular disorders: Poor function in the nerves controlling the res-
piratory muscles causes difficulty breathing. Amyotrophic lateral sclerosis
and myasthenia gravis are examples of neuromuscular lung disease.

2.2.2 Prevalence and Incidence of Lung Diseases

Ischaemic heart disease, stroke, lower respiratory infections and chronic obstruc-
tive lung disease have remained the top major killers during the past decade
[Who.int, 2015]. Figure 2.6 shows that three lung disease categories appear in
the global top 10 causes of mortality.

Respiratory disease causes an immense worldwide health burden, causing one
sixth of all deaths worldwide [ELF, 2015; Gibson et al., 2013; Marciniuk et al.,
2014; Who.int, 2015]. It is estimated that 235 million people suffer from asthma,
more than 200 million people have COPD, 65 million endure moderate-to-severe
COPD, more than 100 million people experience sleep disordered breathing, 8.7
million people develop Tuberculosis (TB) annually, millions live with PH and
more than 50 million people struggle with occupational lung diseases, totalling
more than 1 billion persons suffering from chronic respiratory conditions. At least
2 billion people are exposed to the toxic effects of biomass fuel consumption, 1
billion are exposed to outdoor air pollution and 1 billion are exposed to tobacco
smoke. Each year, 4 million people die prematurely from chronic respiratory
disease.

Infants and young children are particularly susceptible. Nine million children
under 5 years of age die annually and lung diseases are the most common causes of
these deaths. Pneumonia is the world’s leading killer of young children. Asthma

24



2.2. LUNG DISEASES

(a) (b)

Figure 2.6: Top 10 causes of death worldwide in 2000/2012 (a) and by percent-
age in 2012 (b). Extracted from World Health Organization (WHO), May 2014
[http://www.who.int/mediacentre/factsheets/fs310/en/]

is the most common chronic disease, affecting about 14% of children globally and
rising.

Each year in the EU, one in eight of all deaths are due to respiratory diseases
and are projected to cause 1 in 5 deaths worldwide. Over half of these deaths are
due to lung cancer or COPD. Lung conditions cause at least 6 million hospital
admissions. In USA, every year almost 400,000 Americans die from lung disease,
being the number three killer behind heart disease and cancer.

Lung diseases afflict people in every country and every socioeconomic group,
but take the heaviest toll on the poor, the old, the young and the weak. In
high-income countries, 7 in every 10 deaths are among people aged 70 years
and older. People predominantly die of chronic diseases: cardiovascular diseases,
cancers, dementia, chronic obstructive lung disease or diabetes. Lower respiratory
infections remain the only leading infectious cause of death. Only 1 in every
100 deaths is among children under 15 years. In low-income countries, nearly 4
in every 10 deaths are among children under 15 years, and only 2 in every 10
deaths are among people aged 70 years and older. People predominantly die of
infectious diseases: lower respiratory infections, HIV/AIDS, diarrhoeal diseases,
malaria and tuberculosis collectively account for almost one third of all deaths in
these countries.

Lung diseases cause disability and premature death. They have a huge cost
related to primary care, hospital care and treatments, as well as the loss of
productivity of those who cannot work and people who die early because of their
condition.
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The calculation of the economic burden is very difficult due to lack of
information and data, and major gaps in cost estimates. However, the total
cost of respiratory disease in the EU exceeds 380 billion euro, and the greatest
burden is from COPD and asthma (over 200 billion euro), and the total cost of
lung cancer is 100 billion euro. In US, lung disease costs the country economy
$95 billion in direct health-care expenditures every year, plus indirect costs of
$59 billion (a total of $154 billion).

2.2.3 Lung Diseases Susceptible to Improve their
Clinical Routine through AV Segmentation

From the extensive set of respiratory diseases, in this Thesis we are going to focus
on a small subset that could get a benefit from the AV segmentation for diagnosis,
prognosis, follow-up or treatment procedures. An automatic AV segmentation
would be useful in all lung pathological scenarios, as explained in section 1.1.
However, some disorders become more interesting due to the prevalence of the
disease and/or the importance of the information that could be extracted from
segmentation and separation of arteries and veins.

COPD is one of the diseases to focus. Its high prevalence in the population
and the importance of the remodeling of structures inside the lung makes this
disease a priority in clinical research. Moreover, the current ”de facto” image
modality to study COPD cases is the regular CT, not using contrast media.
Separation of arteries and veins is even more difficult in this scenario comparing
with images where contrast agents are injected to the patients and differentiation
between arteries and veins can be aided if a proper trigger for acquisition is used.

Diseases that involve a restructuring of vessel irrigation are also meaningful.
This is the case of PH and PAH, where remodeling of arteries and/or veins are one
of the consequences of the disease, and brand-new features from both irrigations
could be extracted through AV separation.

PE could also take advantage of AV segmentation. An embolism in lungs
can only occur in arteries and most of CAD-PE systems suffer from high false
positive rates (FPR) and many of these misdetections are located in veins. A
differentiation between arteries and veins would improve the performace of these
algorithms by avoiding the false detections in the venous tree of the lungs.

In lung cancer, just like in most of oncology diseases, angiogenesis around the
lesions is one of the physiological consequences. The remodeling of the vascular
trees and relation between vessels and tumors could bring critical information for
the study of the disease.

Finally, the permanent enlargement of parts of the airways caused by disorders
such as bronchiectasis can be study through the computation of the broncho-
arterial (BA) ratio. It is defined as the diameter of the bronchial lumen divided by
the diameter of its accompanying artery. It is usually measured in the segmental
to subsegmental artery level, and in the clinical routine it is computed just in a
couple of specific locations in the lung. The AV segmentation could automated
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this task and extend it to compute the BA ratio in the whole arterial and bronchial
trees, providing more complete information about this biomarker.

Most of information about these diseases was extracted from the European
Lung White Book [Gibson et al., 2013] and reports from the European Respira-
tory Society, European Lung Foundation and World Health Organization [ELF,
2015; Marciniuk et al., 2014; Who.int, 2015].

2.2.3.1 Chronic Obstructive Pulmonary Disease (COPD)

COPD is a term referring to chronic bronchitis, emphysema and sometimes
asthma. First two conditions cause obstruction of airflow that interferes with
normal breathing. Both frequently exist together, so physicians prefer the term
COPD (Figure 2.7). It is preventable and treatable.

Figure 2.7: Pulmonay diseases: COPD. Figure A shows the location of the lungs and airways
in the body. The inset image shows a detailed cross-section of the bronchioles and alveoli.
Figure B shows lungs damaged by COPD. The inset image shows a detailed cross-section of the
damaged bronchioles and alveolar walls. By National Heart Lung and Blood Institute [Public
domain], via Wikimedia Commons

Chronic bronchitis is the inflammation and eventual scarring of the lining of
the bronchial tubes. When the bronchi are inflamed or infected, less air is able to
flow to and from the lungs and a heavy mucus is coughed up. Once the bronchial
tubes have been irritated over a long period of time, excessive mucus is produced
constantly, the lining of the bronchial tubes thickens, an irritating cough develops,
air flow may be hampered and the lungs become scarred, eventually obstructing
airflow. The bronchial tubes then make an ideal breeding place for bacterial and
viral infections. Symptoms of chronic bronchitis include chronic cough, increased
mucus, frequent clearing of the throat and shortness of breath.

Emphysema begins with the destruction of air sacs (alveoli) in the lungs where
oxygen from the air is exchanged for carbon dioxide in the blood. Damage to the
air sacs is irreversible and results in permanent “holes” in the tissues of the lower
lungs. As air sacs are destroyed, the lungs can transfer less and less oxygen to
the bloodstream, causing shortness of breath. The lungs also lose their elasticity,
which is important for keeping airways open. In advanced emphysema cases,
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patients are extremely short of breath. Symptoms of emphysema include cough,
shortness of breath and a limited tolerance for exercise.

COPD affects more than 200 million people, is the third leading cause of
death in the world and is the only major disease that is increasing in prevalence
worldwide and on all continents. Furthermore, studies show that underdiagnosis
ranges 72–93%, which is higher than that reported for hypertension, hypercholes-
terolemia and similar disorders. Misdiagnosis is also common.

The most important factor leading to the development of COPD is tobacco
smoking. Tobacco smoke causes destruction of lung tissue and obstruction of
the small airways, leading to emphysema and bronchitis. Genetic syndromes,
pollution and occupational exposures pose risks for COPD globally.

2.2.3.2 Pulmonary Embolism (PE)

PE is a condition that results when a portion of a blood clot breaks off and travels
through the blood stream, typically the deep venous system. This clot passes
through the right atrium and the right ventricle of the heart, and becomes lodged
in a pulmonary artery, causing its partial or complete obstruction (Figure 2.8).
This obstruction affects a portion of the lung that does not receive blood flow,
and, consequently, does not participate in its primary function of bringing oxygen
to the blood and removing carbon dioxide. Because of the malfunction of the
lungs, some vital organs may obtain less oxygen than they need and subsequently
present a severe dysfunction.

Figure 2.8: Pulmonay diseases: PE. Embolism from detached thrombus. By BruceBlaus (Own
work) [CC BY 3.0 (http://creativecommons.org/licenses/by/3.0)], via Wikimedia Commons

Patients may be asymptomatic or present with various signs and symptoms:
breathlessness, chest pain, haemoptysis, cough, fever, tachycardia (rapid heart
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rate), tachypnoea (rapid breathing).

Mortality is thought to be caused mainly by pressure overload of the right
ventricle due to pulmonary arterial hypertension caused by the obstruction of
a pulmonary artery as a result of PE. Pulmonary hypertension initially results
in right-sided heart dysfunction, which may progress to right ventricular failure,
circulatory collapse, ischemia, and death. Delay or lack of treatment results in
increased morbidity and mortality.

European incidence estimates of PE range from 6–20 cases per 10 000
inhabitants per year with a fatality rate of 7–11%. Recurrent episodes are much
more likely in individuals who have had a previous PE than after an initial
deep vein thrombosis alone (about 60% after PE versus 20% after deep vein
thrombosis). According to the Ministry of Health in Spain, there are an estimated
number of 60,000 people hospitalized in Spanish hospital a year because of PE
[Moragues and Ayúcar, 2002]. Moreover 19,000 patients of hospitalized people
to PE die, most of them before a diagnosis.

2.2.3.3 Lung Cancer

Lung cancer is the uncontrolled growth of abnormal cells in one or both of the
lungs. While normal lung tissue cells reproduce and develop into healthy lung
tissue, these abnormal cells reproduce faster and never grow into normal lung
tissue (Figure 2.9). Lumps of cancer cells (tumors) then form and disturb the
lung, making it difficult for it to work properly.

Figure 2.9: Pulmonay diseases: Lung Cancer. Three-dimensional (3D) CT with volume
rendering of a male’s thorax shows a tumor in the peripheral airway of the left lung. The white
mass in the lung on left is a bronchogenic carcinoma, the leading cause of cancer deaths in both
men and women in industrialized nations. By The original uploader was Lange123 at German
Wikipedia [CC BY-SA 3.0 (http://creativecommons.org/licenses/by-sa/3.0)], via Wikimedia
Commons
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There are two major types of lung cancer: Small Cell Lung Cancer (SCLC)
and Non-Small Cell Lung Cancer (NSCLC). Sometimes a lung cancer may have
characteristics of both types, which is known as mixed small cell/large cell
carcinoma. NSCLC is much more common and accounts for 87 percent of all lung
cancer cases. It usually spreads to different parts of the body more slowly than
small cell lung cancer. There are three main types of non-small cell lung cancer.
They are named for the type of cells in which the cancer develops: squamous
cell carcinoma, adenocarcinoma and large cell carcinoma. SCLC accounts for the
remaining 13 percent of all lung cancers. This type of lung cancer grows more
quickly and is more likely to spread to other organs in the body.

Lung cancer symptoms may include a persistent cough, sputum streaked
with blood, chest pain, and recurring pneumonia or bronchitis. Unfortunately,
symptoms often do not appear and diagnosis is not made until the disease is in
an advanced stage.

Smoking is the main cause of small cell and non-small cell lung cancer,
contributes to 80 percent and 90 percent of lung cancer deaths in women and men,
respectively. Men who smoke are 23 times more likely to develop lung cancer.
Women are 13 times more likely, compared to never-smokers. Nonsmokers have
a 20 to 30 percent greater chance of developing lung cancer if they are exposed
to secondhand smoke. Lung cancer also can be caused by exposure to radon and
other occupational exposures.

2.2.3.4 Pulmonary Hypertension (PH) and Pulmonary Arterial
Hypertension (PAH)

PH refers to high blood pressure in the arteries of the lungs. PAH is one form of
PH in which the pulmonary arteries that carry blood from the heart to the lungs,
where it picks up oxygen, constrict abnormally, forcing the heart to work faster
and causing blood pressure within the lungs to rise. There are several types of
PAH. It can occur in response to a variety of associated disorders and taking
certain medicines. There also is a form with no known cause, called Idiopathic
Pulmonary Arterial Hypertension (IPAH).

The difference between PH and PAH is that PH simply means elevated
pulmonary pressures as seen by the Right Ventricle (RV). The pressure elevation
can be due to any etiology rangion from arterial stiffness/tightness, occlusion
of the veins, or elevated pressures in the left atrium. PAH is a subset which
is resulting from direct remodeling of the arterial (but not venous tree). This
distinction is critical for classifying and making decisions on treatment.

PH is progressive and life-threatening because the pressure in a patient’s
pulmonary arteries rises to dangerously high levels, putting a strain on the
heart. At rest, blood pressure in a normal pulmonary artery is 15 mmHg, and
rises during exercise. In a person who has PH, the average blood pressure in a
pulmonary artery is more than 25 mmHg at rest and more than 30 mmHg during
exercise.
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PAH affects men and women of all ages and all ethnic and racial backgrounds.
While the true incidence of PAH is unknown, it is a relatively rare disease,
affecting 1 in 100,000 to 1,000,000 people. In 2004, 314 deaths were caused
in the United States by IPAH.

The most common symptoms of PH include shortness of breath, excessive
fatigue, dizziness, fainting, weakness, ankle swelling, chest pain and bluish lips,
hands or feet.

Certain factors appear to increase the chances of developing PAH. They in-
clude use of appetite suppressant drugs, chronic use of cocaine or amphetamines,
HIV infection, liver disease and connective tissue diseases such as scleroderma or
lupus erythematosus. PH common causes include left heart disease, COPD, blood
clots in the lungs and other blood disorders, systemic disorders and metabolic
disorders.

2.2.3.5 Bronchiectasis

Bronchiectasis means dilation of the airways and is usually associated with
mucosal thickening, mucus plugging and a variable degree of lung over-inflation
(Figure 2.10). Bronchiectasis causes cough, usually productive of sputum.
Individuals may feel more breathless and some systemic symptoms of infection,
such as fever, fatigue and general malaise.

Figure 2.10: Pulmonay diseases: Bronchiectasis. Figure A shows a cross-section of the lungs
with normal airways and widened airways. Figure B shows a cross-section of a normal airway.
Figure C shows a cross-section of an airway with bronchiectasis. By National Heart Lung and
Blood Institute (National Heart Lung and Blood Institute) [Public domain], via Wikimedia
Commons
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It may complicate and/or result from a number of infective and acquired
conditions, including asthma, COPD, immune system problems, tuberculosis,
pneumonia, cystic fibrosis, PE, etc. In these conditions, bronchiectasis is then
not considered the primary disease. However, when it occurs alongside these
conditions, it is associated with a higher incidence of infective pulmonary exacer-
bations and some of the management strategies used for primary bronchiectasis
may be effective.

The prevalence and incidence of bronchiectasis are not known accurately. It
has been estimated to be from 0.013 cases per 100 000 population in 1954 in the
UK and 0.5 per 100 000 in Finland in 1998, to 4 per 100 000 in people aged 18–34
years, rising to 272 per 100 000 in over those over 75 years of age in the USA in
2005. In Europe, age-standardised hospital admission rates vary from less than
2 to more than 6 per 100 000 population. In USA, numbers are higher, with 16.5
hospitalizations per 100 000 population and an increase of 2.4% among men and
3.0% among women between 1993 and 2006. A study from the UK suggests that
the number of deaths due to bronchiectasis is increasing at 3% per year.

2.3 Biomedical Image Processing

Biomedical imaging addresses the capture and process of images for clinical
analysis and medical intervention. Pictures of in vivo anatomy and physiological
processes can be achieved through advances in both hardware and software
technologies. The introduction of advanced imaging techniques has improved
drastically the quality of medical care for patients, allowing physicians to make
more accurate and precise studies for prognostic, diagnostic and treatment
purposes.

Nowadays, biomedical images are a common tool used in clinical routine.
In 2010, an estimated 5 billion medical imaging studies had been conducted
worldwide Roobottom et al. [2010]. Furthermore, radiation exposure from
medical imaging in 2006 made up about 50% of total ionizing radiation exposure
in the United States Hendee and O’Connor [2012].

A multitude of imaging modalities are available currently to assist the medical
field, based on different principles and using a variety of technologies and
sources: X-rays –Radiography, CT–, sound –Ultrasound (US)–, light –Optical
Coherence Tomography (OCT), Microscopy–, magnetism –Magnetic Resonance
Imaging (MRI), radioactive pharmaceuticals –Positron Emission Tomography
(PET), Single-photon Emission Computed Tomography (SPECT)–, elastic or
tactile properties –Elastography, Tactile Imaging—... Each modality provides
different and complementary information to assess the current condition of organs
or tissues.

The engineering and science behind the instrumentation and software used to
obtain biomedical imaging has been evolving continuously since the X-ray was
first invented in 1895. Modern X-ray devices require just milliseconds of exposure
time, drastically reducing radiation dose, improving also the image quality, with
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enhanced resolution and contrast detail providing more reliable measurements.
No longer limited to simple anatomical imaging, current research is focusing on
what can be discovered about physiological processes through functional imaging.

2.3.1 Steps of Image Processing

Biomedical image processing includes the extraction, enhancement, display
analysis and management of these images Deserno [2011] (Figure 2.11).

Figure 2.11: Principal steps of digital image processing include extraction, enhancement,
visualization analysis and management Deserno [2011].

Image formation includes all the steps from capturing the image to forming
a digital image matrix. Digital images are composed of individual pixels with
discrete brightness or color values assigned.

Image visualization refers to the manipulation of this matrix to obtain an
optimized output of the image than can be reviewed by a user for an objective
evaluation.

Image analysis sums up all the steps of processing, which are used for
quantitative and qualitative measurements and interpretations of biomedical
images. These processes need a priori knowledge on the nature and content of the
image modality and problem, which must be integrated into the algorithms on
a high level of abstraction. Image processing software helps to automatically
identify and analyze the image information. Computerized algorithms can
provide temporal and spatial analysis to detect patterns and characteristics
indicative of healthy/pathological states.

Image management includes all techniques that provide the efficient storage,
communication, transmission, archiving, and access of digital data in order to
make it available at many places at the same time by means of appropriate
communication networks and protocols, such as Picture Archiving and Com-
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munication Systems (PACS) and the Digital Imaging and Communications in
Medicine (DICOM) protocol, respectively.

2.3.2 Drawbacks in Biomedical Imaging

The complex nature of biomedical imaging makes almost impossible to formulate
medical prior knowledge such that it can be integrated directly and easily into
automatic algorithms of image processing. There is a huge discrepancy between
the cognitive interpretation of a diagnostic image by the physician and the simple
structure of discrete pixels, which is used in computer programs to represent an
image.

In the medical domain, there are several main aspects that become critical
when applying image processing Sonka et al. [2014], coming from inherent
properties of medical images:

� Heterogeneity of images: Medical images represent living tissues and
organs. Even if captured with the same modality, using a unique device
and following a standardized acquisition protocol, shape, size, and internal
structures of these objects can vary remarkably. These changes came not
only from inter-subject variability (patient to patient) but also from intra-
subject variability (among different instances or views of a single patient
at different moments). Thus, universal formulation of a priori knowledge is
impossible.

� Noise: It is an inherent feature of images, coming from both nature
of the matter in real world and physical effects; and the manipulation
of the data in capture, transmission or processing steps. Furthermore,
it can be dependent or independent of the image content. Its existence
calls for mathematical tools which are able to overcome uncertainty, such
as probability theory. Frequently, this noisy sources imply unknown
delineation of objects. Even if definable objects are observed in biomedical
images, their segmentation or analysis is problematic because the shape or
borderline itself is represented fuzzily or only partly.

� Interpretation of images: The interpretation of medical images is
something that an expert do almost unconsciously, and computer vision
tries to approach in a precise and efficient way. When a human tries to
understand an image, previous knowledge and experience is brought to the
current observation. Human ability to reason allows representation of long-
gathered knowledge, and its use to solve new problems. Although artificial
intelligence and computer vision have progress massively in attempts to
provide computers with the capability to understand observations, its
current ability remains very limited. They usually try to simplify the task
by mapping the image into a model, and use concepts from mathematics,
logic, linguistics, semantics, etc. to constraint the observed world in a
place where automatic analysis can be performed for these complicated
problems. However, sometimes biological structures cannot be separated
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from the background because the diagnostically or therapeutically relevant
object is represented by the entire image.

� Robustness of algorithms: Special requirements of reliability and
robustness of medical procedures are also demanded in image processing
algorithms used in clinical routine. Automatic analysis of images in
medicine should not provide wrong measurements. Images which cannot
be processed correctly, must be automatically classified as such (rejected
and withdrawn from further processing), or they will need to be supervised
by professionals.

� Size of information: Images and video sequences are huge. It becomes
a problem for storage and processing steps, making necessary the use of
modern devices and efficient algorithms to process them, specially if real-
time analysis is desired.

Medical imaging processing techniques need to deal with all these problems
and pay special attention to overcome them and develop a feasible and usable
tool that implies an impact in the medical field.

2.4 Pulmonary Imaging

There are two main diagnostic tools frequently used to evaluate lung diseases:
chest imaging and pulmonary function tests. Chest images traditionally provides
structural information, however the improvement of imaging techniques and
new biomedical image modalities have allowed the assessment of functional and
physiological information [Beers and Research Laboratories, 2006]. Pulmonary
function tests, including procedures such as the forced expiratory volume in one
second (FEV1) and forced vital capacity (FVC) quantify how well the lungs
are working, measuring lung capacity and revealing patterns characteristic of
particular diseases. In this Thesis we focus on the first group: chest imaging.

Thoracic (chest) imaging constitutes a substantial portion of the radiological
data used in clinical studies. Currently, a multitude of imaging modalities are
available to assist the pulmonary medical field, but CT excels in the imaging of
the lungs in the study of many disorders. CT makes possible a picture of whole
lung structures in short time, avoiding artifacts such as breathing or cardiac
motion and partial volume effects, and allowing the radiological study of very
complex structures like pulmonary vessels. Although in many situations CT has
assumed a preeminent role, other imaging modalities are sometimes essential to
the radiological assessment of patients with suspected pulmonary disease.

Current and cutting-edge lung imaging [Reinhardt et al., 2009] includes X-ray
techniques (chest X-ray, lung angiogram, CT, Computed Tomography Pulmonary
Angiography (CTPA)), magnetic resonance imaging (MRI), ultrasonography
and nuclear scanning techniques (V/Q scanning, PET, SPECT). There are no
absolute contraindications to undergoing noninvasive imaging procedures except
for MRI. The presence of metallic objects in the patient’s eye or brain precludes
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MR imaging. Presence of a permanent pacemaker or internal cardioverter-
defibrillator is a relative contraindication. Additionally, gadolinium, when used
as a contrast agent for MRI, increases risk of nephrogenic systemic fibrosis in
patients with stage 4 or 5 chronic kidney disease.

X-ray Techniques

X-radiation is a form of electromagnetic radiation. It is energetic enough to
interact with atoms having the potential of liberating electrons bind to them.
When an atom or molecule is stripped of an electron, an ion pair is formed,
consisting of the negatively charged electron and the positive atom or molecule.
This feature makes X-rays a type of ionizing radiation and thereby harmful to
living tissue. Due to their penetrating ability and the different absorption rates of
different materials, X-rays are widely used to image the inside of objects, e.g. in
medical radiography [Gotwaym and Elicker, 2010; Shanks and Kerley, 1957]. The
range of wavelengths corresponding to diagnostic imaging spans from about 0.1
nm to 0.01 nm and the range of X-ray energies incident upon patients runs from
a low of 10keV to about 150keV. X-rays interact with matter in different ways:
photoelectric effect, Rayleigh scattering, Compton scattering, pair production
and triplet production. The strength of these interactions depends on the energy
of the X-rays and the elemental composition of the material.

When a photon collides with the patient’s atoms it is completely or partly
absorbed depending on the type of tissue that it goes through. Structures that
are dense (such as bone) will absorb most of the V-ray particles, and will appear
white in the X-ray film. Whereas structures containing air will be black, and

Figure 2.12: Chest X-rays. By Nevit Dilmen (Own work) [GFDL
(http://www.gnu.org/copyleft/fdl.html) or CC BY-SA 3.0], via Wikimedia Commons.
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muscle, fat, and fluid will appear as shades of gray.

Plain chest X-rays [Simon, 1971] provide images lungs and surrounding
structures and are most useful for identifying abnormalities in the heart, lung
parenchyma, pleura, chest wall, diaphragm, mediastinum, and hilum (Figure
2.12). They are usually the initial test done to evaluate the lungs. The standard
chest X-ray is taken from back to front (posteroanterior view) to minimize X-ray
scatter that could artifactually enlarge the cardiac silhouette and from the side of
the thorax (lateral view). Oblique views can be obtained to evaluate pulmonary
nodules or to clarify abnormalities that may be due to superimposed structures;
lateral decubitus views may be used to distinguish free-flowing from pleural
effusion; end-expiratory views can be used to detect small pneumothoraxes.
Screening chest X-rays are often done but are almost never indicated; one
exception is in asymptomatic patients with positive tuberculin skin test results.

Chest fluoroscopy [Jankowski, 1972] is the use of a continuous X-ray beam to
image movement. It is useful for detecting unilateral diaphragmatic paralysis.

CT is a technology that extends the original plain X-rays to 3D [Beutel et al.,
2002]. It uses computer-processed X-rays to produce tomographic images of the
scanned object (Figure 2.13a), defining intrathoracic structures and abnormalities
more clearly than a chest X-ray avoiding the superposition of over- and under-
lying structures. Actually, CT is the ”de facto” image modality in most of
scenarios related with lung disorders. Advances in hardware and software
have achieve important improvements in CT technologies and nowadays lung
imaging devices use High-Resolution CT (HRCT) that provides 1-mm–thick
cross-sectional images and Helical (spiral) CT that provides multiplanar images
of the entire chest as patients hold their breath for few seconds being moved
continuously through the CT gantry [Beutel et al., 2000; Goldman, 2007; Philips,

(a) (b)

Figure 2.13: Examples of CT (a) and CTPA (b) where the contrast media is visible in
the pulmonary artery and the arterial tree inside the lungs. Hounsfield Units (HU) [Level,
Window]=[-1000, 1500]
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2014; Ramı́rez Giraldo et al., 2008]. These modalities are particularly helpful
in evaluating interstitial lung diseases and bronchiectasis. Chest CT is normally
done at full inspiration. Aeration of the lungs during imaging provides the best
views of the lung parenchyma, airways, and vasculature, as well as abnormal
findings such as masses, infiltrates, or fibrosis.

CTPA [Remy-Jardin and Remy, 1999] is an extension of CT where a bolus
of radiopaque media to highlight the pulmonary arteries (Figure 2.13b), which is
useful in studies over pulmonary vasculature such as in the diagnosis of PE. Dye
load is comparable to that with conventional angiography, but the test is quicker
and less invasive.

Since the objective of this Thesis involves CT and CTPA images, section 2.4.1
will go deep in this image modality.

Magnetic Resonance Imaging (MRI)

In general terms, MRI is an image modality that uses powerful magnets and
radio waves to picture the anatomy and physiology of the body [Ernst et al.,
1987]. It makes use of the magnetic properties of certain atomic nuclei such as
the hydrogen nucleus, present in water molecules and therefore in all body tissues.
The hydrogen nuclei behave like compass needles that are partially aligned by
a strong magnetic field in the scanner. The nuclei can be rotated using radio
waves, and they oscillate in the magnetic field while returning to equilibrium. At
the same time, they emit radio signals that can be detected using antennas or
coils in order to create the images of the structures and tissues in the body.

MRI has a relatively limited role in pulmonary imaging [Beers and Re-

Figure 2.14: Thoracic MRI: Thorax, T2 TSE, GRAPPA 2, with BLADE TR 1600, TE 91,
TA 4x13 s, SL 6 mm, slices 25, FOV 400x400 mm, matrix 320x320; by Siemens
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search Laboratories, 2006]. Advantages include absence of radiation, good
visualization of vascular structures, lack of artifact due to bone, and excellent soft-
tissue contrast. Disadvantages include respiratory and cardiac motion artifacts,
duration of the procedure, and the occasional presence of absolute or relative
contraindications.

However, it is preferred over CT in specific circumstances, such as assessment
of superior sulcus tumors, possible cysts, and other lesions that abut the chest
wall. In patients with suspected pulmonary embolism in whom contrast media
cannot be used, MRI can sometimes identify large proximal emboli but usually
is limited in this disorder. The use of MRI to evaluate PH is being studied, and
this practice may become more common.

Ultrasound (US)

Ultrasonography is an US-based imaging modality for visualizing internal body
structures [Hassani, 1974]. It uses nonionizating, high-frequency sound waves
to generate the image by sending a pulse of ultrasound into the tissue using
a transducer and recording the echoes (sound reflections) from part of the
tissue to generate the final picture. Advantages include real-time images,
absence of ionizating radiation, portability of the equipment and very low cost
compared to other image modalities. Disadvantages include the high inter-
operator dependence and limitations in field of view, contrast and resolution.

There are many different types of images and operational modes to be used
in US, being able to provide information about the anatomy of a body region,
acoustic impedance of tissue, blood flow, stiffness of tissue, motion of tissue,
location of blood, presence of specific molecules... Traditionally, US is employed
in the visualization of muscles, tendons and pathological lesions with real time
tomographic images, and blood velocities in vascular and cardiac structures using
the Doppler technique.

(a) (b)

Figure 2.15: Pulmonary US showing biopsy of a lung mass with Endoscopic ultrasound (EUS)
(a) and mediastinal lymph node with Doppler (b) By Ktg usa (Own work) [CC BY-SA 3.0]
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Ultrasonography in pulmonary imaging [Beers and Research Laboratories,
2006] is only used in very specific scenarios to facilitate procedures such as
thoracentesis and central venous catheter insertion. Endoscopic ultrasound
(EUS) and Endobronchial ultrasonography (EBUS) use special probes from
standard flexible endoscopic ones that are passed through the esophagus and
trachea respectively (Figure 2.15). It is increasingly being used in conjunction
with fiberoptic bronchoscopy to help localize masses, endobronchial lesions and
enlarged lymph nodes. Diagnostic yield of transbronchial lymph node aspiration
is higher using EBUS than conventional unguided techniques. Ultrasonography
is also very useful for evaluating presence and size of pleural effusions and is now
commonly used at the bedside to guide thoracentesis.

Nuclear Imaging

Nuclear scanning involves the injection of radionuclides or radiotracers (in small
quantities with no pharmacological effect) and the detection of their activity
with an imaging device [Early and Sodee, 1995]. This tracer is distributed,
metabolized, and excreted according to their chemical structure. The ionizing
radiations that accompany the decay of the administered radioactivity can be
quantitatively detected, measured, and imaged in vivo with specific instruments.
When the isotopes decay they emit gamma rays (photons that are much higher
in energy than visible light and can pass out of the body) that can be collected
using detectors placed around the patient. The main difference between nuclear
imaging and other radiologic tests is that nuclear imaging assesses organs function
instead of anatomy and the radiation is emitting from within the body rather than
from a external source.

Two modalities are the most important in nuclear imaging: Single-photon
Emission Computed Tomography (SPECT) and Positron Emission Tomography

Figure 2.16: Ventilation-perfusion scintigraphy in a woman taking oral contraceptives and
valdecoxib. (A) After inhalation of 20.1 mCi of Xenon-133 gas, scintigraphic images showed
uniform ventilation to lungs. (B) After intravenous injection of 4.1 mCi of Technetium-
99m-labeled macroaggregated albumin, scintigraphic images showed decreased activity in the
following regions: apical and anterior segments of right upper lobe, superior and posterior basal
segments of right lower lobe, anteromedial basal and lateral basal segments of left lower lobe.
By Westgate EJ, FitzGerald GA [CC BY 2.5], via Wikimedia Commons
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(PET). In SPECT photons emitted from the radiotracer in the body are detected
by the system as independent events. In PET, the two photons from the
annihilation of positirons originally emitted from the radiotracer are the basis
of image formation as these are detected by the system in coincidence.

Current clinical applications of nuclear medicine include the ability to
diagnose diseases such as cancer, neurological disorders (e.g., Alzheimer’s and
Parkinson’s diseases), and cardiovascular disease in their initial stages; provide
molecularly targeted treatment of cancer, and certain endocrine disorders
(including thyroid disease and neuroendocrine tumors); non-invasively assess a
patient’s response to therapies, reducing the patient’s exposure to the toxicity of
ineffective treatments, and allowing alternative treatments to be started earlier.
The use of nuclear hybrid imaging such PET-CT or PET-MRI is expanding
rapidly and improves the power of diagnostics and treatment through medical
imaging due to the combination of anatomical and functional information at the
same time.

Nuclear scanning techniques used to image the chest include ventilation/perfusion
(V/Q) scanning and PET [Beers and Research Laboratories, 2006].

Ventilation-perfusion scintigraphy or V/Q scanning uses inhaled radionuclides
to detect ventilation and IV radionuclides to detect perfusion (Figure 2.16).
Areas of ventilation without perfusion, perfusion without ventilation, or matched
increases and decreases in both can be detected with 6 to 8 views of the lungs.
V/Q scanning is most commonly used for diagnosing PE but has largely been
replaced by CTPA. Split-function ventilation scanning, in which the degree of
ventilation is quantified for each lobe, is used to predict the effect of lobar or
lung resection on pulmonary function.

PET in lungs uses radioactively labeled glucose (fluorodeoxyglucose) to
measure metabolic activity in these tissues. It is used in pulmonary disorders
to determine whether lung nodules or mediastinal lymph nodes harbor tumor
(metabolic staging) and whether cancer is recurrent in previously irradiated,
scarred areas of the lung (Figure 2.17). PET is superior to CT for mediastinal
staging because PET can identify tumor in normal-sized lymph nodes and at
extrathoracic sites, thereby decreasing the need for invasive procedures such
as mediastinoscopy and needle biopsy. Current spatial resolution of PET is
7 to 8 mm; thus, the test is not useful for lesions smaller than 1 cm. PET
reveals metastatic disease in up to 14% of patients in whom it would not
otherwise be suspected. The sensitivity of PET (80 to 95%) is comparable
to that of histologic tissue examination. False-positive results can occur
with inflammatory lesions, such as granulomas; slowly growing tumors (eg,
bronchoalveolar carcinoma, carcinoid tumor, some metastatic cancers) may cause
false-negative results. Newer combined CT-PET scanners may become the most
cost-effective technology for lung cancer diagnosis and staging.
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Figure 2.17: FDG-PET initial study solitary pulmonary nodule Non-Hodgkin lymphoma. A
71-year-old lady was incidentally found to have a coin lesion on a chest X-ray. Thoracic CT
confirmed the presence of a 1.0 cm solitary pulmonary nodule. The initial FDG-PET study
shown here (Philips Allegro system) reveals a small retrocardiac focus of increased FDG uptake
within the left lower lobe nodule (thin arrow) suggestive of a malignant process. In addition,
the study demonstrates abnormal increased activity at the gastro-oesophageal junction (thick
arrow). The patient was found to have non-Hodgkin’s lymphoma at both sites.

2.4.1 CT and CTPA

Computed Tomography (CT) is a medical imaging modality in which measure-
ments obtained from narrow beam X-rays, made at several different angles around
patient body, are used to produce tomographic images within the body. A final
3D image is reconstructed from a set of its X-ray projections, a principle dated
back to 1917 when the mathematician Johan Radon proposed Radon transform.
However, this principle did not result until 1971 when the first clinically useful
CT system was pioneered by Godfrey Hounsfield of EMI Ltd. in England [Beutel
et al., 2000]. Early CT scanners acquired images obtaining a single slice at a
time, spending hours to obtain the final image.
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(a) (b)

(c) (d)

(e) (f)

Figure 2.18: Evolution on CT scanners. (a) First-generation scanner employs translate-
rotate mechanical motion and a single detector. (b) Second-generation scanner has the
same mechanical motion but few detectors. (c) Third-generation scanner utilizes a fan-beam
geometry involving a large number of detectors, arranged in an arc, designed to rotate. (d)
Fourth-generation scanner with a detector array forming a stationary circle. (e) Helical scanner
in which the X-ray tube rotates continuously in one direction and the table on which the patient
is lying is moved through the X-ray beam. (f) Multislice scanner utilizes the principles of the
helical scanner but incorporates multiple rows of detector rings. Images extracted from [Beutel
et al., 2000; Philips, 2014; Ramı́rez Giraldo et al., 2008]

During the 1980s significant advancements in technology heralded the devel-
opment of different types of CT scanners, which use combination of motions,
geometric design, and detector types to speed the acquisition and increase the
spatial resolution of the images. The first generation used a single detector and
a single X-ray source, using a single scanning beam which was translated across
the body and rotated until full coverage was achieved (Figure 2.18a). Second
generation also used the same translate-rotate mechanism, but increasing the
number of beams and detectors from 8 to 30 (Figure 2.18b). However, these
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initial scanners were very slow, because of the double motion architecture [Beutel
et al., 2000; Goldman, 2007]. For that reason, third and fourth generation designs
use single-motion machines. The third generation system utilizes a fan-beam
geometry involving a large number of detectors, arranged in an arc, designed to
rotate in synchrony with the source (making the detectors stable and calibrated to
avoid artifacts) in a single rotational motion (figure 2.18c). In fourth-generation
systems the detector array is a stationary circle, and only the X-ray tube rotates
through a circle within the array (figure 2.18d) [Goldman, 2007; Philips, 2014].

An important advance in the last generations was the development of helical
or spiral scanners [Goldman, 2007], where the X-ray source rotates continuously
in one direction and the table on which the patient is lying is moved through the
X-ray beam, creating a spiral shape acquisition around the scanned volume of the
patient (Figure 2.18e). The last generation of CT scanners are multislice machines
which use the principles of the helical scanner but incorporating multiple rows of
detector rings [Philips, 2014]. Thus, they can acquire multiple slices per rotation
increasing the area of the patient that can be covered in a given time (figure
2.18f).

The main advantage of last generation scanners is that they allow covering
larger anatomical regions of the body during a single breath hold, thereby
reducing the possibility of artifacts caused by patient movements and cardiac
motion. Moreover, because of the high-contrast resolution of CT, differences
between tissues can be distinguished even when they differ less than 1% in
physical density. However, despite the huge amount of advantages over the
traditional X-rays, the high values of radiation used in CT is its major drawback.
Low dose technologies and better reconstruction algorithms can reduce the
ionizating radiation, so a lot of research and resources are using nowadays in
this field.

The final image obtained from a CT scanner is a discrete matrix of elements
named voxels. Each voxel represents an intensity value dependent on the X-
radiation absorbed for the tissue located in that location, according to Hounsfield
scale [Beutel et al., 2000]. This scale was developed by Sir Godfrey Hounsfield,
who set the radiodensity of water at 0 Hounsfield Units (HU), and air at -1000
HU. The scale extends in the positive direction to about +4000 HU following the
equation:

HU = 1000
µx − µwater
µwater

(2.1)

where µwater is the linear attenuation coefficient of water, and µx is the average
of linear attenuation coefficient of the voxel under review. Using this formula,
each human tissue has associated an approximate fix HU value (Table 2.2).

In that way, tissues are represented in CT images by their density. For that
reason, tissues and structures with similar composition and density are barely
distinguishable in CT, so different strategies have been followed in order to
improve the contrast between these tissues. One of the principal approaches
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Table 2.2: Hounsfield units for different body tissues

SUBSTANCE HU

Air -1000
Lung -500
Fat -84
Water 0
Blood +30 to +45
Muscle +40
Soft Tissues +100 to +300
Bone +700(trabecular bone) to +3000 (compact bone)

is the use of contrast media.

Contrast agents mostly contain substances with a high molecular weight and
thus enhance the contrast of structures or fluids within the body in the medical
imaging. Iodine and barium are the most common types of contrast medium
for enhancing X-ray-based images. A bolus of radio-opaque contrast media is
injected into a patient via a cannula. The amount injected (mL) and the rate
of injection (mL/s) depends on the size of the patient and the nature of the
CT scanner employed, being the best multislice CT scanner [Castañer et al.,
2009]. This administration is always timed, and it could be done manually or
automatically. In fact, there are some CT systems that integrate injector and
scanner and allow planing when the CT acquisition commences after the injection
has started [Philips, 2014].

In CTPA a systemic intravenous injection of an iodine-containing contrast
agent is inoculated into the patient body. Using bolus tracking, images are
acquired with the maximum intensity of the radio-opaque contrast in the

Figure 2.19: Example of Computed Tomography Pulmonary Angiography (CTPA) for PE
diagnosis showing two embolus marked with green circles. The white area around the big circle
is the pulmonary artery, opacified by radiocontrast; and inside it, the grey matter corresponds
to a huge blood clot. The other green circle points out a smaller clot in the left lung.
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pulmonary arteries, emphasizing them. This enhancement of pulmonary vessels
may aid in differential diagnosis.

For instance, CTPA is the reference image modality for pathological states
such as PE, supplanting previous methods like pulmonary angiography. Using
a proper gray-scale window, a CTPA scan would display the contrast filling the
pulmonary vessels, appearing as bright white, and defects, such as an embolus,
will appear dark (Figure 2.19). If the blockage of the vessel due to the embolus
is significant the brightness may appear decreased down stream. Furthermore,
contrast opacification of the heart allows visualization of right ventricular and
left ventricular endocardial borders [Schoepf et al., 2004].

2.5 Image Analysis in Lung

The idea under biomedical image analysis is the study of digital images as N-D
matrix of measured intensities named voxels. In CT analysis, these intensities
correspond to HU in a 3D matrix. The examination and interpretation of the
voxels and the relations between them are the basis of the image analysis and
processing. Typically, image analysis can be subdivided in the following non
disjoint tasks:

� Enhancement: The improvement of image features in order to ease
visualization, interpretation or differentiation between structures. Usually,
it is used as a pre- or post-processing step inside a bigger and more complex
procedure. Some examples are denoising (noise reduction), intensities
adjustment, filtering...

� Registration: The process of transforming different sets of data into the
same coordinate system. It allows the fusion of images, making possible to
establish correspondences between regions or objects from multiple scans
that can be from diverse image modalities or acquired at different times
or from different perspectives. In medical image processing, registration
usually is applied to images acquired in follow up examinations, time series
or videos and complementary images from different modalities or protocols
(for example, different sequences of MRI).

� Segmentation: The subdivision of an image into multiple objects iden-
tifying voxels depicting them. In most of cases, it performs a binary
separation between the object of interest and the background. In biomedical
image processing the task usually consists on segmentation of organs or
pathological structures in order to improve their visualization or to apply
a further analysis inside the region of interest.

� Classification: The assignment of voxels or sets of voxels (for instance,
objects) to different classes. Segmentation and classification are closely
related, since most of segmentation problems can be transformed into
classification ones. In medical image processing, it is commonly used to
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label different parts in the image, to differentiate between pathological
states, diagnostic or prognostic outputs, to assign semantic labels to
subregions with common features, etc.

� Quantification: The process of extracting quantitative measures from the
whole image, segmented objects or classified regions. These values and
measurements can be used as parameters for diverse purposes: a) clinical
decisions (diagnosis, prognosis, treatment decision, evolution of diseases),
b) structures description (definition of properties that characterized and
differentiate them) or c) other processing approaches (quality controls,
segmentation and classification procedures using these features, etc.).
Typical examples are intensity-based measurements (histograms, average,
standard deviation), shape and structural features (size, volume, curva-
ture, derivative-based measures, preferential directions), texture properties
(chaos/parallelism, density, complexity, patterns), quality-based values
(signal to noise ratio (SNR), focus), dynamic features (variance in time,
flow), etc. Recently, the word biomarker (a composition of ”biological
marker”) has been adopted to define a broad subcategory of medical signs
or objective indications of medical state observed from outside the patient,
which can be measured accurately and reproducibly. The tendency of
medical research is the quest of new biomarkers that could facilitate or
improve medical care or clinical routine, and image analysis is not an
exception.

The most important specific tasks in CT image analysis of the lung include
enhancement of tubular structures (vessels, airways); registration of inspira-
tion/expiration, follow-up or dynamic scans in pathological cases; segmentation
of lungs, lobes, heart, vessels, airways, fissures, pathological structures (nodules,
tumors); classification of lesions (malignant/benignant), lobes, vessels (arter-
ies/veins), regions (normal, emphysematous, fibrotic, tumorous), etc. Regarding
quantification from CT, apart from typical intensity-based values, other useful
measurements include morphology and shape measures in lesions, internal
structures as vessels or airways in almost every disease (volume, curvature,
directions...), density and texture (e. g. attenuation coefficient in emphysema or
vessel density in cardiopulmonary diseases) and dynamic information (velocities,
deformation).

The methodical developments proposed in this Ph.D. Thesis are concerned
primarily with either enhancement, segmentation, classification and quantifi-
cation. A combination of several of these analysis techniques are necessary
to achieve the objectives of this work. Enhancement processes are needed to
reduce noise, improve image quality and enhance vessels for further analysis.
Segmentation of lungs and internal structures (vessels and airways) are initial
steps in order to differentiate organs that will be used in the generation of
synthetic pulmonary structures and to perform AV separation from the detected
vessels. A classification algorithm is the core task of the AV segmentation.
Finally, quantification is used to extract features for segmentation purposes
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and classification algorithms using machine learning. Additionally, a future
objective to achieve from the output of this work is the development of new
biomarkers related with arterial-venous irrigations that can ease or improve
medical diagnosis, prognosis, follow-up or treatment in pulmonary disorders.
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Chapter 3

Technical Background

In this chapter, we present the technical background of the image processing
field addressed in this Thesis. Although multiple image analysis techniques are
involved in this work, following sections will focus on the specific objectives:
a) vessel segmentation and artery-vein separation; b) generation of synthetic
pulmonary images and phantoms.

3.1 State of the Art on Vessel Segmentation

Vascular irrigations are important not only in lung diseases, but in many other
organs and pathological states. Moreover, vascular disease is one of the leading
causes of death worldwide, as presented in section 2.2.2. Blood vessels cover the
whole body and their function is critical for the proper operation of all organs.
Therefore, the study of the cardiovascular system is one of the most important
clinical tasks, and in medical imaging, the delineation and analysis of blood
vessels provides an essential information for clinicians.

In the following subsections, a summary of segmentation techniques for vessel
extraction and methods to distinguish between arteries and veins are presented.
First, a study of the state of the art on general vessel segmentation is introduced,
including a more specific description of approaches designed for delineation of
lung vasculature. Secondly, we present an outline of methods for segmentation of
arterial or venous irrigations independently as well as approaches for separation
of vessels in each category, paying special attention to those specifically designed
for pulmonary vasculature.

3.1.1 Vessels Segmentation Background

The delineation of blood vessels is particularly valuable for prognosis and
diagnosis assistance, treatment and surgery planning. Medical imaging is the
most important source of information about vascular structures, and maybe the
only one that is noninvasive.

Although some image modalities are specifically designed for vessel visual-
ization (conventional angiography, computer tomography angiography, magnetic
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resonance angiography, Doppler ultrasounds), frequently visual examination
remains insufficient and image processing becomes necessary to analyze these
structures. The complexity of the vasculature structure, geometry and variability,
just like the increasing amount of biomedical imaging data acquired, support even
more the need of automatic or semiautomatic tools for the challenging study of
vessels.

Segmentation methods vary depending on the imaging modality and di-
mensionality, application domain, and other specific factors. However, we can
categorize vessel algorithms attending to three general high-level components: a)
features, b) models and c) optimization schemes.

Features represent the information that can be measured to distinguish vessels
from the rest of the image. Models embed prior knowledge that is assumed for
the vasculature, using proper features to estimate the fitness of structures to
these assumptions. Extraction schemes represent the algorithmic approach used
for the segmentation, describing how models, guided by features, are optimized
to perform the segmentation task. Existing algorithms usually combine different
features to fit a model that will lead the segmentation process using a specific
extraction or optimization scheme.

A complete review of state of the art methods for vessel segmentation can be
found in [Kirbas and Quek, 2004] and [Lesage et al., 2009].

Features

Vessel features enhancement methods aim at extracting information and prior
knowledge from the whole image or selected regions in order to compute
characteristics that distinguish or enhance vascular structures. We can classify
these features in intensity-based, geometry-base, or a mixture of both. Moreover,
some other features are not focus on vessels themselves, but in the detection of
special structures appearing in vessels, such as bifurcations or anomalies.

Although these features can be used directly to perform segmentations, most
of them are included in preprocessing steps to enhance vessel structures or are
incorporated as parameters or measurements in more complex methods that
involves models or optimization procedures.

� Intensity-based : Simplest features are intensity-based, assuming different
local intensity values from surrounding structures [Lee et al., 2007; Szym-
czak et al., 2006] or detecting boundaries though ridge detectors [Aylward
and Bullitt, 2002; Fridman et al., 2003]. They are only useful in very specific
scenarios and they use to be insufficient for a proper segmentation.

� Geometry-based : More sophisticated methods use geometry measurements.
Taking advantage of the local tubular-like structure of the vessels, these
features try to enhance objects that fit these geometry requirements.
Most of these features are based on derivatives, using information about
gradients, curvatures and preferential directions. Other measurements used
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also derivative information through the analysis of image gradient vectors.
Different geometrical features use integrative information.

– Derivative features : The most popular approaches are based on the
Hessian matrix (second-order derivative information), trying to dif-
ferentiate between tubular, blob and planar structures (or equivalent
structures in 2D) by analyzing the eigenvalues and eigenvectors of
the matrix [Frangi et al., 1998; Sato et al., 1998]. An alternative
to the Hessian is the Weingarten matrix [Armande et al., 1996;
Prinet et al., 1996]. These kind of techniques commonly rely on
multiscale frameworks to cope with different vessel sizes. The
main drawback is that they may suffer from sensitivity to local
deformations. Aneurysms, stenoses and bifurcations are generally
reported to produce false negative responses as such situations sensibly
deviate from the assumption of a single strong orientation. Noise and
nearby non-vascular structures may also perturb the response of such
filters.

– Gradient vector features : Other geometrical methods exploit image
gradient vectors through gradient vector field (GVF) diffusion [Xu
and Prince, 1998], optimal oriented flux (OOF) [Law and Chung,
2008], anisotropy diffusion [Krissian et al., 1997] or spatial covariance
of gradient vectors [Agam and Wu, 2005].

– Integrative features : Different approaches are based on integrative
features such as second-order inertia moments [Hernández-Hoyos et al.,
2000]

– 2D cross-sectional geometrical features restrict the search of 3D local
features to 2D planes, fitting generalized ellipses through Hough trans-
form [Behrens et al., 2001], circular medialness measures [Aylward
et al., 1996], steerable filters [Koller et al., 1995] or ray-casting features
[Gülsün and Tek, 2008; Tek et al., 2001; Wesarg and Firle, 2004].

� Specific internal structure features : Some features try to extract specific
characteristics from special structures inside vessels such as bifurcations
[Carrillo et al., 2007], anomalies such as stenoses/aneurysms [Kawata et al.,
1996; Lin, 2001]; or calcifications [Wink et al., 2000].

Models

Model-based segmentation methods include prior information about the target
structure. A model is created using proper features to estimate the desired
characteristics and specific assumptions. We can divide the models in 4 different
classes: appearance models, geometric models, hybrid models and specific
internal structures models.

� Appearance models : are based on prior assumptions on the intensity
distribution of the vessels and the backgrund [Chung et al., 2004; Florin
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et al., 2005] or acquisition-dependant aspects such as noise [Hassouna et al.,
2003] or point spread function (PSF) [Boskamp et al., 2004].

� Geometric models : use features based on geometrical measurements (shape,
size, structure, direction) to construct the model. Surface models use local
tubularity assumptions for vessel surface [De Bruijne et al., 2003; Frangi
et al., 2000]. Other approaches model vessels through a curve centered
inside the lumen (centerline) [Bouix et al., 2005; Flasque et al., 2001].
Generalized cylinders use a combination of centerline and cross-sectional
models to define vessels [O’Donnell et al., 1994; Ponce et al., 1989].

� Hybrid models : combine both appearance and geometric prior knowledge
of the vasculature. Some approaches exploit local tubular shape plus a
radial intensity profile [Hoogeveen et al., 1998; Rohr and Worz, 2006], ridges
[Eberly et al., 1994], or template-based shape spaces [Friman et al., 2008;
Tyrrell et al., 2007].

� Specific internal structure models : Besides regular vessel segments, bifur-
cations [Antiga and Steinman, 2004; Murray, 1926] and medical anomalies
such as calcifications, aneurysms, stents and stenoses [Lin, 2001] can also
benefit from dedicated modeling. They construct the model using specific
features created to measure these structures.

Optimization Schemes

Different extraction schemes can be used to effectively perform segmentation of
vasculature. These optimization frameworks rely on models exploiting features
as described in the previous subsections.

First, we describe approaches used more in preprocessing steps, as enhance-
ment filters and presegmentations; and mathematical morphology that does
not perform firmly optimizations. After that, a classification into five general
optimization schemes is presented: region growing, active contours, stochastic
frameworks, tracking-based and machine learning approaches.

� Preprocessing : Pseudosegmentations or improvement of image quality
can be achieved through vessel enhancement filters [Frangi et al., 1998;
Sato et al., 1998], anisotropic diffusion, [Krissian et al., 1997] and pre-
segmentation of regions and points of interest [Wu et al., 2004a].

� Mathematical morphology : The study of object forms and shapes can
be performed using morphological operators derived from two simple
operations: dilation and erosion [Eiho and Qian, 1997; Thackray and
Nelson, 1993].

� Region Growing : Classical region-growing incrementally recruits neighbour-
ing voxels or objects by using some criteria [Metz et al., 2007; Yi and Ra,
2003]. Variations of the classical approach are: wave (front) propagation
techniques [Kirbas and Quek, 2002; Zahlten et al., 1995], where the
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growing is performed coherently in space; and adaptative heuristics [Lorenz
et al., 2003; Sekiguchi et al., 2005] which dynamically adjust parameters
depending on topology changes when growing (e.g. bifurcations).

� Active Contours : This framework deals with delineation of objects by
evolving a curve guided by external image forces and influenced by internal
constraint forces. This framework tries to minimize an energy function
associated with these forces. Two general types of active contours exist:
parametric (snakes) and implicit (level-sets). Vessel-dedicated parametric
active contours include topology-adaptive snakes (t-snakes) [McInerney
and Terzopoulos, 2000] and eigen-snakes that use directionality of vessels
[Toledo et al., 2000; Yim et al., 2001]. Vessel-dedicated implicit active
contours include curves that evolves a 1D curve on a 3D domain [Lorigo
et al., 2001; Luboz et al., 2005], and high-order active contours that include
more sophisticated information in energies such as flows [Vasilevskiy and
Siddiqi, 2002] or capillary forces [Yan and Kassim, 2005].

� Stochastic Frameworks : Stochastic methods apply bayesian theory to
integrate models and data-based information. Two main frameworks
have been successfully adapted to vessel segmentation: particle filters and
markov marked point processes. Particle filters handle non-linear processes
through stochastic, population-based sampling schemes [Allen et al., 2008;
Florin et al., 2005; Schaap et al., 2007]. Markov marked point processes
model vessels locally as piece-wise linear segments of varying locations,
lengths, widths and orientations that evolve in a Monte-Carlo scheme
[Lacoste et al., 2005].

� Tracking-based : Tracking-based approaches apply local operators on a focus
known to be a vessel and track it. Most of these techniques apply a direct
centerline tracking based on vessel direction and other geometric features
[Flasque et al., 2001; Tyrrell et al., 2007], and minimal path techniques
that optimize a cumulative and monotonic cost metric integrated along
the vessel [Benmansour et al., 2009; Li and Yezzi, 2007], including fuzzy
connectedness techniques and graph-based schemes [Wink et al., 2004; Yim
et al., 2000].

� Machine Learning : Artificial intelligence-based [Goldbaum et al., 1996;
Stansfield, 1986] and neural network-based approaches [Cronemeyer et al.,
1992; Nekovei and Sun, 1995] use automatic learning of vessel properties to
perform the segmentation.

3.1.1.1 Pulmonary CT Vessel Segmentation Background

In CT and CTPA, pulmonary vasculature presents a natural contrast with the
lung parenchyma. However, the use of intensity information to segment vessels
is not so straightforward due to the huge complexity of the structures, the
conjunction of arteries and veins usually intertwined and touching each other,
and the presence of other structures with similar intensity values such as tumor
nodules, dense lesions, airway walls and pulmonary fissures.
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Vessel segmentation in the lungs has been addressed by many researches using
variants of the techniques described in the overview of general vessel segmentation
methods presented above [Agam et al., 2005; Fetita et al., 2009a; Kaftan et al.,
2008; Shikata et al., 2004; Xiao et al., 2011]. Nevertheless, some strategies tend to
be discarded because of the exceptionally complex tree structure of the pulmonary
vessels. This is the case of tracking-based algorithms or some optimization
frameworks with very high computational cost.

A detailed study of state-of-the-art pulmonary vessel segmentation methods
in computed tomography has been carried out recently in the scope of the
International Symposium on Biomedical Imaging (ISBI) VESSEL12 challenge
framework 1 [Rudyanto et al., 2014]. Existing and novel solutions were compared
using the same test data and the same evaluation metrics, providing a fairer and
more direct framework for comparison. Dataset included CTPA, CT, low-dose
(LD) CT and high-resolution (HR) CT (Siemens, Philips and Toshiba scanners) of
healthy patients as well as patients suffering from different pathologies as alveolar
inflammation, Interstitial lung disease (ILD), emphysema, PAH, PE, nodules
and diffuse abnormalities. The validation consisted on binary classifications of
individual voxels as vessel/non-vessel from different categories: principal vessels,
large vessels, medium vessels, small vessels, airway walls, dense lesions, mucus-
filled bronchi and nodules.

The methods compared can be categorized in four groups attending to the
principal technique used: hessian-based algorithms, region growing approaches,
thresholding-base methods and machine-learning algorithms. Hessian-based
algorithms represent the majority of the methods presented, enhancing tubular-
like objects through a ”vesselness” function based on different filters [Bauer et al.,
2010; Frangi et al., 1998; Krissian et al., 2000; Sato et al., 1997; Zhou et al.,
2007] adding some modifications as vessel-oriented level-sets [Zhu et al., 2009],
graph-cuts [Helmberger et al., 2013], scale-space particles [Estépar et al., 2012b],
airway wall penalty [Jimenez-Carretero et al., 2013], region-growing [Wang et al.,
2013], bi-gaussian kernels [Xiao et al., 2013], histogram equalization and post-
processing [Xiao et al., 2011], training algorithms [Oksuz et al., 2013], optimal
local thresholding plus airway wall removal [van Dongen and van Ginneken,
2010], and pre/post-processing steps. Classical region growing approaches use
intensity values and hessian-based features [Rose et al., 2009], combinations with
thresholding or airways wall removal; and advanced versions as variational region-
growing methods [Orkisz et al., 2014] including hessian-based and airway walls
information, or probabilistic schemes. Thresholding-base methods go from the
classical one to hysteresis thresholding [Fetita et al., 2009a] with 3D connectivity
criterion and nodules and airway wall removal [Fetita et al., 2009b; Peters et al.,
2007]. Machine-learning approaches use K-means clustering and mathematical
morphology; or stack multiscale feature learning [Coates and Ng, 2012].

Although a common evaluation framework and test dataset provide a
great scenario for reviewing and comparing algorithms with the same purpose,
VESSEL12 challenge used a relatively low amount of positive and negative points

1http://vessel12.grand-challenge.org/
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(compared with number of voxels involved), so the validation was somehow
limited. Furthermore, evaluation metrics regarding connectivity and radii of
vessels were missing, so broader exhaustive studies could be necessary to improve
comparisons and extract definitive conclusions. To achieve this objective, more
complete reference standard would be needed, but generation of whole labeled
cases is extremely time-consuming. Thus, an additional challenge remains open:
complete annotation of vessels in 3D CT and CTPA images.

3.1.2 Artery-Vein Separation Background

The automatic segmentation and labeling of the arterial and venous irrigations
independently is motivated by the clinical desire for quantitative measurements
about patient’s vascular physiology and anatomy. Separation of arteries and
veins is critical in the cerebrovascular system in, e. g., brain arteriovenous
malformations (AVM) and dural arteriovenous fistulas (DAVF); and in the
cardiopulmonary system in pulmonary hypertension and pulmonary embolism.
It is also potentially useful in coronary artery disease, hepatic cirrhosis, portal
vein thrombosis, renal hypertension, lower extremity occlusive disease, and lower
extremity deep venous thrombosis.

Some examples of applications in clinical routine include the evaluation of
venous conduits by the surgeons for coronary or peripheral vascular surgery
[Canver, 1995; Eisenlohr, 2007], the management of angiogenesis-related disorders
such as cancer by displaying the complex anatomic relationship between arteries,
veins and lesions [Jain, 1988]; and the relation of diseases with AV geometry,
topology and branching patterns. Technical applications embrace the extraction
of landmarks for data registration, the reduction of false positives in pulmonary
embolism, the enhancement of neighbor structures, etc.

Two general strategies have been used to perform artery-vein separation in
biomedical imaging: a) acquisition methods and b) processing techniques.

The acquisition approaches include phase-contrast methods, that use blood-
flow direction information [Bluemke et al., 1999; Foo et al., 1999]; and time-
resolved acquisition methods, that use the pass of contrast agent in time to
characterize each voxel in an image as arterial, venous, or background [Mazaheri
et al., 1999]. However, the main drawbacks of these methods are that they require
specific acquisition protocols consisting on several images needed to be registered,
the use of a quite sensitive gating during acquisition, high noise levels in phase
images or they are only suitable for situations where the blood-flow direction in
arteries and veins is opposite.

Image processing techniques are focused on methods applied after acquisition
and they represent the kind of approaches addressed in this Ph.D. Thesis. AV
separation has been barely faced by the scientific community, and it has been
applied essentially to MRI or CT angiograms in cerebral vasculature, pulmonary
vessels and iliac region.
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In MRI angiograms, [Bock et al., 2000] proposed a method for pulmonary AV
segmentation based on correlation analysis of different temporal enhancement
kinetics of arterial and venous vascular signals. Applied to peripheral vessels
(low extremities, carotid areas, iliac or pelvic regions), Niessen et al. [1999] used
suppression of major overlapping veins in maximum-intensity projections; [Sonka
et al., 2014] used a graph search approach, combined with optimal vessel path
method in [Stefancik and Sonka, 2001]; connectedness principles were applied
through minimal paths and gray-scale information in [Tizon and Smedby, 2002]
and through absolute and relative fuzzy connectedness in [Lei et al., 2001]; and
[van Bemmel et al., 2003] used two competitive level-sets for arteries and veins
segmentation.

Non-pulmonary CT vessel separation was basically applied to the liver.
[Frericks et al., 2004] proposed an interactive region growing approach, [Soler
et al., 2001] used the same principle together with morphological operations
and topological/geometrical analysis to separate portal irrigation. Furthermore,
cerebral vessel segmentation was addressed by [Mendrik et al., 2010] in CT
perfusion scans, using information from arteriograms and venograms. However,
most of the limited amount of algorithms for AV segmentation in CT were applied
to pulmonary vasculature.

3.1.2.1 Pulmonary CT Artery-Vein Separation Background

Although general vessel segmentation in lungs has been widely explored, dif-
ferentiation of arterial from venous irrigations remains as an open problem.
Indeed, automatic separation of arterial and venous trees is considered as one
of the main future challenges [Sluimer et al., 2006]. Main drawbacks found in
AV segmentation in CT comprise: extreme complexity and density of vessel
tree structure, very close location of arteries and veins (often intertwined),
similar intensity values that make both irrigations indistinguishable (specially
in non-contrast CT), and difficulties in differentiation between branching points
(bifurcations) and vessel crossings.

To the best of our knowledge, only a few image processing methods have
been published for AV segmentation of CT images. Most of them require user
interaction for initialization or guiding, and in general they do not demonstrate its
usefulness with a proper validation scheme. A summary of all the contributions
is shown in Table 3.1.

Relation between bronchus and lung vasculature was explored by several
researchers by using prior knowledge asserting that airways run parallel with
arteries, making necessary a previous airway tree segmentation. Tozaki et al.
[2001, 1998] used intensity filters, information about distances between vessel
segments and bronchus, as well as pixel-based connection. Only a gross
qualitative analysis of results was mentioned, based on the visual assessment
of relevant large vessels from the AV outputs in 8 cancer-related CT cases,
performed by a medical specialist. Buelow et al. [2005] proposed a method of
front-propagation from seed points at voxel, segment and tree levels, based on
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Table 3.1: Overview of state of the art on pulmonary AV segmentation methods in CT images.
For each study, the number of cases, a short description of the method, the evaluation strategy
and the qualitative performance are provided, including information about the automatism of
the method and the availability of ground truths or reference standards (RS).

Study Data Method Auto RS Evaluation Quantit. Results

Tozaki et al. 8 CT Intensity + Yes No Gross a posteriori No. 3 relevant
[2001,1998] pixel-based connection visual assessment of classification

+ bronchus/vessel relevant large errors mentioned
segments distance vessels for cancer

Buelow et – Front-propagation + Yes No Visual examination No
al. [2005] orientation and

distance to airways

Mekada et 3 CT Distance to bronchi + Yes No A posteriori visual 87% agreement
al. [2006] distance to interlobar assessment of results

by lung specialist

Wala et al. 7 CT Tracking from Yes Yes Comparison with 64% sensit.
[2011] automatic seeds sparse markings 90% specif.

in basal arteries + (Art:210 Vein:205) +
bifurcation detection sparse surface metric

Park et al. 6 CT Sphere-inflation Yes No A posteriori visual ≈ 5 wrong +
[2006] Angio tracking from terminal examination ≈ 6 missing

points to heart + branches/case
bifurcation/crossing
differentiation +
pulmonary trunk
detection

Saha et al. 2 CT, Fuzzy connectedness No Yes Comparison with 91–95% sensit.
[2010], 1 cast, + distance transform 2000–2500 manual (≈ 35 seeds),
Gao et al. 6 phan- + topomorphology voxel labels per tree 99% sensit.
[2010,2012] toms + interactive manual in 4–5 branching (≈ 60 seeds)

seeds levels

Kitamura 10 CT Root detection + Yes Yes Comparison with 90.7% accuracy
et al. [2013] Angio high-order potentials manual labels only 3.3% missing

in centerlines of
most important
vessels (>-200HU)

Park et al. 10 CT Min-spanning tree No No Visual pseudo-score 9.18 out of 10
[2013] based on intensity, in subtrees (N=10) + 75-100%

distance and + voxel-based (N=2) voxel accuracy
connectivity + in 10 lung segments per segment
subtrees separation

Payer et al. 10 CT Integer programming: Yes Yes Comparison with 94% voxel
[2015] Angio subtrees separation manual labels accuracy.

+ classification (caliber>2mm): 5% voxel
(distance to bronchi + classif. accuracy + misclassif.
uniform distribution) mislabeling only in

overlapping voxels

distance to bronchus (detecting homologous bronchi candidates) and orientation
(using the eigenvalues of a Frangi-like tensor structure [Frangi et al., 1998]). Only
large vessels (excluding main-stem) were analyzed and no quantitative validation
was performed, but it showed systematic misclassifications at distal branches of
the vascular tree. Yonekura et al. [2007] did not present an AV segmentation
algorithm, but studied anatomical features of vessels in crossings and bifurcation
points, as well as the relation between bronchial and vessel pulmonary trees
from manual AV segmentations, with the objective to discover features for the
future development of a classification algorithm. Mekada et al. [2006] used

57



CHAPTER 3. TECHNICAL BACKGROUND

two anatomical features to perform the AV separation: distance to bronchi
and distance between vessel and interlobar fissures. Segmentation methods
for vessels and airways were quite inaccurate (region growing using spherical
structuring elements and Kitasaka method [Kitasaka et al., 2003], respectively),
and interlobar regions was approximated by a 3D extended Voronoi diagram.
Vessel subtrees were classified based on the average of the two metrics, and
validated by clinicians in 3 CT cases, achieving a dubious 87% of agreement.
Most errors occur around the hilum.

Other approaches do not use prior knowledge of bronchial tree and basically
trust connectivity information to lead the separation process. Wala et al.
[2011] presented a tracking-based automated method for low-dose CT scans to
separate arteries from other surrounding isointensity structures. The algorithm
follows arteries starting from automatically detected seed points located in the
basal pulmonary areas and tracking the vessel detecting bifurcations. The
validation of results computes an evaluation metric proposed by the authors:
sparse surface. A quantitative evaluation of results reported 64% sensitivity
and 90% specificity values when using sparse markings on 10 low-dose CT cases
(210 arteries and 205 veins in total) as reference standard. Park et al. [2006]
applied a similar approach based on sphere-inflation tracking from terminal
points to the heart in 6 CT angiographies, trying to differentiate between
bifurcations and crossings and automatically detecting the pulmonary trunk.
However, they only provide gross quantitative evaluation measures: average
number of errors in branches (5 incorrectly classified and 6 missing per case),
not detailing the validation process and the branches used to that end. More
recent semiautomatic works combine fuzzy connectedness using fuzzy distance
transform together with topomorphological features such as multiscale opening
and morphological reconstruction to perform the AV segmentation from seed
points placed interactively by the user [Gao et al., 2012, 2010; Saha et al., 2010],
embedded later into a 2D-3D inter-connected graphical user interface [Varghese
and Ramya, 2013]. Validation of these approaches included 3 real human
noncontrast CT images, one phantom of CT contrast-separated pulmonary AV
casting of a pig’s lung, two in vivo contrast-enhanced CT of a single pig, and
mathematically generated tubular phantoms (Figure 3.3c). Results reported that
91-95% of accuracy can be achieved with this method iteratively placing around
35 seed points, that can be improved to a 99% with more than 60 seed points.
They also provide a 92-98% of interuser agreement using the semiautomatic tool
proposed by the authors, and only 74-87% without it, when a more manual
segmentation process is followed.

A different method, trusting only in connectivity, used high-order potentials
to label vessel voxels from the automatic detection of pulmonary artery trunk
and left atrium [Kitamura et al., 2013], comparing the outputs with manual
annotations only in most of the important vessels (with intensities higher than
-200 HU) measuring, for each vessel, the percentage of centerline voxels correctly
classified, achieving a 90.7% of accuracy. Another interesting approach was
recently published, proposing the construction of a minimum-spanning tree using
local information from vessels that can be split in a set of subtrees sharing the
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same AV classification [Park et al., 2013]. Although this method does not address
the AV segmentation itself, authors evaluated the potential utility of the tool
in a semiautomatic scheme where the user could label each subtree manually,
by checking how accurately each subtree is composed by only arteries or only
veins in 10 different pulmonary segments. A visual pseudo-score was reported
in 10 noncontrast CT images (9.18 out of 10), and volumetric-based accuracy
scores were computed in 2 of the cases by manually extracting the volume of
vessel segments misclassified, obtaining accuracies between 75 and 100% in each
pulmonary segment. The same idea was explored in the most recent contribution
regarding AV segmentation [Payer et al., 2015], using integer programming to
extract multiple subtrees, and also to label them based on closeness to airways
as well as on the interesting fact that pulmonary arteries and veins tend to
be uniformly distributed within the lung. The evaluation using 10 contrast-
enhanced CT images where manual labellings were available (619 arteries and
591 veins with caliber higher than 2mm), reported 94% of voxel-based overlap of
correct labels (using only common voxels), and 5% of mislabeled voxels. However,
the evaluation methodology does not quantify missing voxels existing in manual
annotations and not segmented or classified with the automatic method.

Nevertheless, all these methods suffer from non proper evaluation or they
are not completely automatic and precise user interaction. Thus, there is room
for improvement to achieve the objective of developing a tool that can be used
effectively and efficiently in clinical routine.

3.2 State of the Art on Generation of

Synthetic Images

In this section, we present an introduction to the concept of biomedical imaging
phantoms and synthetic images, reviewing the existing products and methods
developed to create them. We will focus on computational phantoms, specifically
designed for vessel and lung synthesis.

3.2.1 Biomedical Imaging Phantoms

A biomedical imaging phantom refers to a physical or computational object
specifically designed to calibrate, analyze and evaluate the performance of
imaging devices or image processing methods by modeling some objects of
interest. The basic idea under a biomedical phantom is the simulation and/or
simplification of real structures or functions under a completely controlled
and constrained environment that provides a fixed reference or gold standard.
Phantoms should respond in a similar way than human tissues and organs in
the specific image modality. In many studies, synthetic data sets can be used,
reducing the time and cost of collecting real images, or even making data sets
available to institutions without clinical imaging systems.

Physical imaging phantoms model object structures or functions in a tangible
composition using diverse materials that simulate real ones. Basically, in the
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biomedical field they ease the analysis, validation and calibration of anatomical-
based imaging devices such as US, CT or MRI scanners, or functional-based
imaging devices as PET,SPECT, functional MRI. They were originally designed
to be used in 2D X-ray imaging techniques, but they have been extended to
volumetric image modalities. These models provide unquestionable advantages:
a) availability; b) more reliability and robustness than a real subject; c) avoid
exposure and risk to patients. A complete review of tissue simulating phantoms
can be found in [Pogue and Patterson, 2006], and some examples are shown in
Figures 3.1 and 3.2.

For biomedical image processing community, computational phantoms or
synthetic images are usually more interesting and useful. They simulate human
tissue properties directly into the images, so they skip the acquisition step
simulating also this process in the image generation. Therefore, they are
essentially useful to analyze and evaluate image processing methods. The
mathematical/statistical/voxel-based representation of the organs involved de-
pend completely on the image modality, simulating imaging features in each
tissue instead of direct biological properties of the tissue itself.

Medical image simulation software has been approached since the 1980s,
but the realism and accuracy of artificially generated images have been limited
by algorithmic complexity and computation times until recent advances in
computational systems (architecture, processors, speed, memory limitations,

Figure 3.1: Physical imaging phantoms: antropomorphic and CT based. Examples extracted
from Fluke Biomedical ( Fluke Corporation) showing some products and their applications.
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Figure 3.2: Physical imaging phantoms: MRI, nuclear medicine, US, mammography and
radiography. Examples extracted from Fluke Biomedical ( Fluke Corporation) showing some
products and their applications.
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storage capacity). With these technological improvements and the increased
understanding of human anatomy, physiology and medical physics, three-
dimensional high resolution realistic synthetic medical data sets can be generated
nowadays.

Synthetic images with different complexities can be considered as compu-
tational phantoms: from quite simplified representations of the structures to
analyze, to complete and detailed representations of the whole human body. All
of them share the common principle of providing images where the structures of
interest are completely differentiated from the rest of the image (known ground-
truth) which is, in many cases, nearly impossible to obtain for real images of
living humans.

Basic computational-phantoms include simple test images used as initial ex-
amples, and ”ad hoc” images specifically created to demonstrate the performance
of methods in some particular scenario (Figure 3.3).

(a) (b)

(c)

Figure 3.3: Simple synthetic images use as initial examples with low complexity, and “ad
hoc” images specifically designed for an application . (a) Sheep-Logan phantom [Shepp and
Logan, 1974]: standard test image modeling human head and used in development and testing
of image reconstruction algorithms. By Jalanpalmer [CC BY 3.0], via Wikipedia. (b) 2D basic
test images modeling liver and sourrounding structures in contrast-enhanced portal-phase CT
(left) and delayed T1-weighted Gd–EOB–DTPA-enhanced MRI (right) [Fernández de Manuel,
2012; Fernandez-de Manuel et al., 2014], used for assessment of CT-MRI registration methods.
(c) Mathematically generated 3D phantoms assembling pairs of tubular objects running parallel
with different levels of fuzziness, modeling an exacerbation of pulmonary artery-vein situation.
Extracted from [Saha et al., 2010].
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The most complex computational-phantoms are models of the human body,
commonly applied in ionizing radiation dosimetry studies. First generation
of these computational human phantoms are named stylized phantoms that
mathematically represented internal organs by capturing only their general
description of position and geometry (MIRD phantom [Group and Snyder, 1975],
”ADAM and EVA” or Computerized Anatomical Man [Billings and Yucker,
1973]). With the development of tomographic imaging technologies (CT and
MRI principally), the second generation of human phantoms (voxel phantoms)
were developed, generating highly accurate images of internal organs in 3D digital
format. Nowadays, there are about 40 human phantoms in voxel formats, e. g.
VoxelMan [Zubal et al., 1994], VIP-Man [Xu et al., 2000] (Figure 3.4a), and
MAX [Kramer et al., 2003]. Newest human phantoms use a BREP through
Non-Uniform Rational B-Spline (NURBS) or polygonal meshes, particularly
interesting for development of deformable phantoms in the model of respiratory
motion or heartbeat, for instance. Some examples are 4D BREP phantoms [Na
et al., 2010] such as 4D VIP-Man Chest phantom [Zhang et al., 2008] (Figure

(a) (b)

Figure 3.4: Computational human phantoms. (a) VIP-Man: Example of voxel-based
phantom, the most complex model to date, with over 3.7 billion voxels, used in many studies
concerning health physics and medical physics. By Xu et al. (Published with Permission)
(Rensselaer Polytechnic Institute) [FAL], via Wikimedia Commons. (b) 4D VIP-Man Chest
phantom: example of boundary-based phantom based on boundary representation (BREP)
modeling a breathing human torso. By Rensselaer Radiation Measurement and Dosimetry
Group (RRMDG) (Published with Permission) [FAL], via Wikimedia Commons.
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3.4b), Female Adult meSH (FASH) and Male Adult meSH (MASH) [Cassola
et al., 2010] and NURBS-Based Cardiac-Torso (NCAT) [Segars et al., 2009; Veress
et al., 2006].

3.2.2 Generation of Tubular-like Synthetic Images

The most important and difficult component in simulating lung imaging is the
generation of synthetic vasculature and airways. The complexity of tubular tree
structures such as vessels and airways become it a extremely challenging task.

Some approximations have been approached in the generation of physical
vascular phantoms. Cloutier et al. [2004]; Dabrowski et al. [1997]; Frayne et al.
[1993] presented techniques for modeling and producing vascular segments from
different materials, useful in experiments that assess vessel flow and geometry.
Commercial vascular phantoms such as Angiographic CT Head Phantom ACS
can be used for educational training in image evaluation and interpretation.

Simple computational vascular phantoms include “ad hoc” images specifically
designed for testing algorithms under very simplified and constrained conditions.
Typically, they are tubular-like structures with low levels of complexity and
realism such as the ones presented in Saha et al. [2010] (Figure 3.3c).

Complex computational vascular phantoms have been addressed using two
main different schemes: a) Lindenmayer systems, based on grammatical rules that
construct complex structures in an accumulative manner [Prusinkiewicz et al.,
1995]; and b) iterative growth methods based on perfusion models and growing
vascular structures that connect new selected terminal nodes with the principal
structure [Hamarneh and Jassi, 2010; Karch et al., 1999; Kretowski et al., 2003;
Schreiner and Buxbaum, 1993; Szczerba and Székely, 2002]. These approaches
have always been based on some vascular network model that takes into account
structural (size, location) and functional (blood flow) features following physical
hemodynamic laws [Meier, 1999; Rolland et al., 1999]. Iterative growth methods
are more extended because they are easy to connect with hemodynamics, control
the volume of vasculature, and constrain the generation of the tree structure.

Specific computational airway models have been developed using similar
strategies based on fluid dynamics [Kitaoka et al., 1999; Martonen et al., 1995;
Van Ertbruggen et al., 2005].

Vascusynth (Vascular Synthesizer) [Hamarneh and Jassi, 2010; Jassi and
Hamarneh, 2011] stands out from other computational vascular phantom methods
because it is an open source software to iteratively synthesize 3D tubular-tree
structures based on a physiological model of flow conservation. Starting from
some user-defined physical parameters, the algorithm is able to generate a tree
hierarchy, branch properties and bifurcations. Initial physical arguments include
a perfusion point location, pressure on perfusion and terminal points, initial
flow, viscosity of fluid, radii factor at the beginning and in bifurcations, length
factor of branches, number of terminal points, resolution of the final image and
two indispensable nutrient maps: oxygenation map (specifying the demand for
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oxygen in volume locations) and supply map (determining the effective values
of the oxygenation demand at each point). The tree generation is performed
by iterative growth of the vascular structure following four basic steps in each
iteration: a) selection of a new candidate node based on oxygenation map
(locations with higher oxygenation demand increase the probability of being
chosen); b) check connectivity to current generated structure through a path
of positive oxygenation points; c) generation of a new bifurcation from a selected
branch location (straight line); d) update of oxygenation map. Once the whole
tree is generated by reaching the selected number of terminal points, final radii
and flow values are computed in each branch. Although this software was not
created for pulmonary vessel synthesis, it could be tuned to do it by selecting the
proper parameters.

Figure 3.5: Vasculature generation with Vascusynth showing an example of the iterative
progress after 2, 4, 8, 16, 32, 64, 128 and 256 steps (number of terminal points).

3.2.3 Generation of Pulmonary Phantoms

Generation of specific pulmonary synthetic images have been barely addressed.
Regarding physical phantoms, some examples presented in section 3.2.1, such
as the Multipurpose Chest Phantom N1 ”LUNGMAN”, can be considered
pulmonary phantoms.

To our knowledge, no proper computational CT phantoms of the whole lung
have yet been proposed. Only some approximations based on deformations
from original CT images [Zhong et al., 2010] or labeled images obtained using
different injected contrast materials during acquisition [Gao et al., 2012] have been
presented. Additionally, Burrowes et al. [2005] described a method to generate
and include supernumerary vessels into a manually labeled AV segmentation
image. This strategy was also used to synthetically complete the pruned airway
tree extracted from real CT images [Burrowes et al., 2008]. Different kinds of
approaches have presented complex functional models of the whole lung, vessel
and airway structures [Tawhai and Bates, 2011; Tawhai et al., 2011], making
emphasis in modeling pulmonary pathophysiology. However, these works suffer
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from at least one of the following limitations: they do not address the generation
of a complete image phantom with the specific characteristics of a certain imaging
modality; they do not differentiate all internal structures (vessels, airways, and
parenchyma); and/or make impossible the systematic generation of multiple and
diverse phantoms to create a standard reference dataset.

Therefore, we can conclude that there is an unmet need in the proper
development of pulmonary vascular synthetic images and lung phantoms in
general.
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Methodology
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Methodology

This part is the core of the Thesis where methodological contributions in
biomedical imaging processing are presented. First, we describe the data used
during development and validation of the following proposed methods, including
the real CT cases and pulmonary synthetic CT images. The generation of these
simulated data of lungs in CT is also detailed, starting with the description
of a first approximation regarding bronchopulmonary segment phantoms, and
expanding the idea to the final realistic pulmonary CT phantoms.

Secondly, we describe the algorithms developed to address the AV segmenta-
tion/separation problem in CT images, starting with the contributions on general
vessel segmentations in the lungs, and continuing with the principal tools for
classification of vessels into arteries and veins. Additionally, a specification of the
methodological validation approach and the optimization of parameters is also
reported.
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Chapter 4

Synthetic and Real Data

In this chapter, we describe the data used during the development and validation
of the proposed image processing methods. First, we present the real CT cases
and the available segmentations of internal structures of interest, that will be
used in the subsequent stages. Second, the generation of synthetic pulmonary CT
images is detailed in the next two sections. First section presents the generation
of simplified pulmonary phantoms by simulating bronchopulmonary segments.
Second section extends the idea to create more complex synthetic images: the
final anthropomorphic pulmonary CT phantoms.

4.1 Real CT Cases

A set of real CT images were used to evaluate the performance of the proposed AV
segmentation method. Due to the difficulty of performing manual segmentations
of internal lung structures to obtain a gold standard, just a limited amount of
cases were available.

On the other hand, real cases will guide the generation of anthropomorphic
pulmonary CT phantoms (section 4.3) that will conform an additional database
of cases where the gold standard is generated together with the synthetic images.

First, we present the real cases and their specifications. Secondly, we describe
the labeled images that include segmentations of lungs, pulmonary vessels and
airways, the automatic methods used to obtain them and the manual separation
of arteries and veins.

Table 4.1: Description of noncontrast COPD image information

Case
Image Information

Size (voxels) Spacing (mm3)
1 [512,512,692] [0.5859,0.5859,0.5]
2 [512,512,465] [0.7031,0.7031,0.625]
3 [512,512,633] [0.6836,0.6836,0.5]
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4.1.1 COPD Cases: Non-contrast CT Images

The three CT cases used in this work were acquired as part of the COPDGene
study [Regan et al., 2011] and obtained through dbGap1. COPDGene centers
obtained approval from their Institutional Review Boards and all subjects
provided written informed consent. The data were anonymized by the COPGene
study data coordinating center before sharing them.

Images correspond to noncontrast CT from patients suffering from COPD.
Table 4.1 includes image resolution information for the three cases.

Figure 4.1: COPD Cases: the three noncontrast CT images in axial, coronal and sagittal
views.

Since each CT image includes two lungs (right and left), a total of 6 cases
corresponding to different lungs will be available. Figure 4.1 shows different views
of these cases.

1http://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=

phs000179.v4.p2
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4.1.2 Segmented Pulmonary CT Images

Apart from the noncontrast CT images, segmentations of lungs [Ross et al.,
2009], vessels [Estépar et al., 2012b], and airways [Estépar et al., 2012a] were
available for these three cases. The label of these structures will be necessary
for the creation of anthropomorphic pulmonary CT phantoms, but also for the
evaluation of the automatic differentiation between arteries and veins using the
developed AV segmentation method presented in this Ph.D. Thesis.

In the following subsections we provide a brief description of the methods
previously used to obtain the available lung, vessel and airway segmentations. A
more detailed description on the algorithms will be presented in section 6.1. We
also explain the two representations of vessel and bronchial structures (volumetric
and discretized versions) and the construction of the artery-vein gold standard
by manually labeling vessel segmentations.

4.1.2.1 Lung Mask Image

Segmentation of the lungs will restrict the location of internal pulmonary
structures. In order to perform a segmentation that differentiates left and right
lungs to treat them separately, the algorithm developed by Ross et al. [2009] was
used. The output comprise lung parenchyma including small vessels and airways,
but excluding mediastinum and principal vessels and airways that pass through
it. An example can be visualized in Figure 4.2.

(a) (b)

Figure 4.2: Example of CT image (a) and its resulting lung mask (b) showing a differentiation
between right and left lungs and the exclusion of principal vessels and airways passing through
the mediastinum.

4.1.2.2 Segmented Airways

The special characteristics of airways in CT images, displaying low intensity
values in the lumen, brighter values in the airway walls and darker values again
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in the surroundings (parenchyma) makes more difficult to detect or visualize the
airways with small caliber, compared with vessels that show higher contrast with
respect to the background. That is the reason why the capability to detect airways
for the existing algorithms is quite restricted, and the selection of a robust and
accurate method is critical.

The available bronchial segmentations consist on a discretized representation
of the airway tree obtained with Estépar et al. [2012a]. Although this simplified
segmentation format is appropriate in many circumstances, a volumetric rep-
resentation (voxel-based) will be also necessary. Figure 4.3 shows an example
of the results obtained with this algorithm and its corresponding voxel-based
segmentation.

(a) (b)

Figure 4.3: Example of airway segmentation. (a) Discrete representation: particles resulting
from the segmentation algorithm [Estépar et al., 2012a] showing a discretization of the whole
airway tree with a relative low amount of points. (a) Volumetric representation: particles
including the scale by inflating spheres with the corresponding size in each point.

Discrete Representation of Airway Segmentations

The method used to obtain the airway segmentations for the six lungs is based on
a constrained energy minimization problem using scale-space particles to densely
sample intraparenchymal airway locations [Estépar et al., 2012a]. A posterior
clustering step using connected components is applied, filtering results in a set of
candidate airway points situated in both physical space and scale. The output is
a discretization of the airways in centerline points with a radius associated with
the size of the airway structure in these locations (Figure 4.3b).

Despite the huge difficulties in the segmentation of these structures, the
method obtained quite accurate results in the six lungs. Moreover, the discretized
representation of airways will be very useful in the development of the AV
segmentation method.
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Volumetric Representation of Airway Segmentations

A voxel-based segmentation of airways can be directly constructed by inflating
spheres with the corresponding size in each particle location (Figure 4.3a). This
volumetric representation will be necessary for the generation of realistic synthetic
pulmonary CT images.

4.1.2.3 Segmented Vessels

Similarly, the available vessel segmentations consist on a discretized representa-
tion of arteries and veins (all together, without differentiation between them) that
can be transformed into a volumetric representation obtained with Estépar et al.
[2012b]. Figure 4.4 displays an example of vessel segmentation in a noncontrast
CT image and its corresponding voxel-based version.

(a) (b)

Figure 4.4: Example of vessel segmentation. (a) Discrete representation: particles resulting
from the segmentation algorithm [Estépar et al., 2012b] showing a discretization of the whole
vessel trees with a relative low amount of points. (b) Volumetric representation: particles
including the scale by inflating spheres with the corresponding size in each point.

Discrete Representation of Vessel Segmentations

Same strategy of scale-space particle filtering based on Hessian matrix response
was used to extract the pulmonary vasculature [Estépar et al., 2012b] and,
therefore, to obtain the vessel segmentations that were provided together with the
three nonconstrast CT images (Figure 4.4a). Some parameters changed from the
airway scheme in order to search tubular structures brighter than surroundings
instead of darker. Nevertheless, the specificity of the algorithm for vessels is
higher than for airways.

Although the accuracy of this vessel segmentation method is not the best one
according to Rudyanto et al. [2014], the discretized representation of vessels will
be very useful in the development of the AV segmentation method.
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Volumetric Representation of Vessel Segmentations

Again, a strategy based on sphere inflations can be used to obtain the voxel-based
version of vessel segmentations (Figure 4.4b). This volumetric representation will
be necessary in the generation of realistic synthetic pulmonary CT images.

4.1.2.4 Manual Artery-Vein Separation

The availability of an AV ground truth, where arteries and veins are completely
differentiated in some real cases, will be necessary to accomplish the two principal
objectives of this Ph.D. Thesis. This reference standard becomes necessary to
validate the performance of the proposed AV segmentation algorithm, where the
accurate identification of arteries and veins independently in would provide the
desired classification we want to achieve with our algorithm. Additionally, the
differentiation of arteries and veins in these cases would allow the extraction of
information from both subtrees separately, what would favor the generation of
more realistic synthetic images or phantoms.

Although a complete manual segmentation is extremely time consuming,
is the only way to achieve accurate classifications in the whole vessel tree
structure. Due to the high density of arteries and veins, often intertwined
and with fuzzy boundaries, any automatic aid to speed up the task by labeling
subtrees or branches creates undesired misclassifications. Therefore, a slow but
effective voxel-classification is required. Due to the length of the process and
the required radiologist supervision only three cases were analyzed manually: six
lungs belonging to three noncontrast CT cases of patients suffering from COPD
(section 4.1.1).

The starting point was the voxel-based representation of the vessel segmen-
tation explained in the previous section: from the set of particles that represent
all vessel structures, a 3D segmentation image was created by inflating spheres of
the corresponding radius in particle locations. The voxels located in these areas
were initialized with a common undefined label.

ITK-Snap2 software [Yushkevich et al., 2006] was used to perform the
complete manual labeling of arteries and veins with two different labels (Figure
4.5). This tool was selected because it allows to work with Nearly Raw Raster
Data (NRRD) files, is an open source software available in multiple platforms, it
also works with labeled images that can be superimpose to the CT, and it allows
the user to draw over the labeled image to reassign labels.

NRRD3 is a library and file format designed to support scientific visualization
and image processing involving N-dimensional raster data. It provides flexibility
in codification and compression of the image information, simplicity in format and
use, functionality through the corresponding library, portability (multi-platform),
availability and the ability to use detached headers. All these reasons support
the decision of using the NRRD in the whole pipeline described in this Thesis.

2www.itksnap.org
3http://teem.sourceforge.net/nrrd/
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(a)

(b)

Figure 4.5: Manual artery-vein classification using ITK-Snap. (a) Example of CT image with
initial vessel segmentation image with no label or classification (green). (b) Result of manual
labeling of arteries (red) and veins (blue).

The manual separation of arterial and venous structures was performed in two
stages. In the first step, a pre-classification was carried by two trained engineers.
In the second step, an expert corrected the misclassification errors to confirm the
final volumetric reference standard in the six analyzed lungs.
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The construction of the final particle-based reference standard is straightfor-
ward: the label assigned to each particle is determined by the label of the closet
pixel found in the volumetric reference standard.

Manual Pre-classification

In order to facilitate to the radiologist the labeling task, a provisional classification
was performed by two trained engineers. By using ITK-Snap and making use of
prior knowledge about the structure and relations between arteries, veins and
airways within the lung (section 2.1), a deep-first strategy was followed to label
the vessels (Figure 4.6). The task was performed slice by slice over the CT images
with the original sub-millimeter resolution. Special attention in the classification
of principal vessels and in troubled areas with touching structures minimized
misclassification problems and the need of future corrections.

We spent around 15 effective hours (in mean) to complete the labeling of
a single lung, excluding breaks and checking time, demonstrating the extreme
burden needed to perform this task, and supporting the unapproachability of
using manual labeling in a regular basis or to generate an extensive database.

Figure 4.6: Deep-first strategy for manual AV classification. A principal vessel in the
mediastinum is selected and followed down by labeling its voxels slice by slice. When a
bifurcation is found, one subtree is selected and the labeling task continues. When reaching
a terminal point, we go back to the last bifurcation and follow the next subtree if exist. The
process is repeated until we go back to the initial point for each one of the principal vessels.
This strategy assures the visit of all connected points, a quite difficult task in cases with the
density and complexity of the pulmonary vessels.

Final Manual Classification

The preliminary classifications were checked and corrected by one radiologist with
broad expertise in lung imaging from Unidad Central de Radiodiagnóstico (UCR)
by using the same methodology with ITK-Snap. The output defines the final AV
reference standard. Figure 4.7 displays the manual artery-vein segmentation of
the three cases.
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Figure 4.7: Manual AV segmentation of six lungs corresponding to the three noncontrast CT
images from patients suffering from COPD. Each row corresponds to one case, first and second
columns contain left and right lungs respectively, where arteries are labeled in red and veins in
blue (volumetric representation).
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4.2 Bronchopulmonary Segment Phantoms

The first step to generate synthetic images was the development of phantoms with
simplified pulmonary-like structures. To that end, we focused on the repetitive
anatomical and functional structure of the lungs that exhibits a vascular pattern,
as described in section 2.1.3: the bronchopulmonary segment.

Arteries within a bronchopulmonary segment are distributed along with
the branches of the ventilating bronchus, whereas veins lie in the intervals
between segments [Miller, 1947] (Figure 4.8). The idea behind the generation
of a bronchopulmonary segment phantom is the synthesis of tubular structures
that represent pulmonary arteries, veins, and airways following this anatomical
pattern. However, one of the most important features to pursue in the generation
of phantoms is the interest in creating multiple and different synthetic images
from the same initial conditions. Therefore, there should be a balance between
the randomness of the algorithm and the relationship between the air and blood
flow systems, while maintaining both principles during the synthetic generation.

Figure 4.8: Representation of a bronchopulmonary segment showing its vascular pattern:
airway (green) and arterial (red) systems run together within the center of the segment and
veins (blue) lie in the boundaries.

A certain factor of realism in the structure of the tubular structures can
be achieved by following the principles of iterative growth methods based on
perfusion models [Hamarneh and Jassi, 2010; Karch et al., 1999; Kretowski et al.,
2003; Schreiner and Buxbaum, 1993; Szczerba and Székely, 2002].

We can outline the generation of bronchopulmonary segment phantoms in two
main stages: a) generation of the pulmonary air and blood flow systems; and b)
inclusion of realistic features. The first step includes the synthesis of arteries,
veins and airways independently but in an incremental way conditioned to the
previously generated ones by using the anatomical principles of the segment.
Moreover, it deals with some corrections in order to distinguish unambiguously
the systems and to create the AV gold standard that will be associated to the
final phantom image. The second step merge the three structures into a single
image by adding specific CT characteristics: adjustment of intensities, inclusion of
synthetic lung parenchyma and noise, deformation of the structures and hollowing
airways out. Figure 4.9 shows a scheme of the whole process. Each step is detailed
in the following subsections.
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Figure 4.9: Pipeline of bronchopulmonary segment phantom generation. The first stage
(orange) includes processes to generate the arterial, venous and airway tree pathways. The
second stage (purple) comprises different steps to provide realistic features to the final phantom.
Blue boxes represent input and output images; pink boxes represent input objects and
parameters; green boxes are intermediate images for a single structure; and red boxes represent
images with the three subtrees corresponding to the pulmonary air and blood flow systems
together.

4.2.1 Sequential generation of arterial, bronchial, and
venous flow systems

Initially, the three flow systems are generated as tubular-like structures using the
same strategy.

As presented in section 3.2.2, VascuSynth [Hamarneh and Jassi, 2010; Jassi
and Hamarneh, 2011] is an open source software to synthesize three-dimensional
(3D) tubular tree structures iteratively based on a physiological model of flow
conservation; it was therefore a suitable starting point for our purpose. Because
VascuSynth was developed for the simulation of divergent flows and for creating
opaque tubular structures, it can only be used to generate the pulmonary arterial
system directly. However, we can simplify the representation and model the
venous system based on the arterial one by considering that its direction of
flow is actually the opposite. On the other hand, for simulating the airway
system, although its physiological model is different from the one ruling the
vasculature, we can assume the same model of the arterial system (mainly
based on their similar structural and spatial distributions), but ensuring the
specific bronchial characteristics in postprocessing steps, such as the appropriate
emptiness of the structure. Although this concession could seem excessive, our
interest is not focused on the physiological model, but on the resultant simulated
image characteristics, therefore we will confront this simplification with the final
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simulation results.

Therefore, by selecting the proper parameters, each flow system can be
produced independently using VascuSynth. Nevertheless, some restrictions and
constraints need to be applied to comply with the desired vascular pattern.

Construction of the phantom is performed sequentially by taking into account
the anatomical relationships between flow systems generated in the previous
steps. Given a specific oxygenation map, the arterial tree is generated first
within the area of the simulated segment, locating it in the central part
preferentially; second, airways are generated close and parallel to arteries; finally,
veins occupy the external parts of the segment, relatively far from arteries and
airways. Thus, the approach can be divided in the following steps: i) set initial
parameters, ii) generate arterial tree, iii) update parameters for airways using
the generated arterial structure, iv) generate airway tree, v) update parameters
for veins using the generated arterial and airway structures, vi) generate venous
tree. For each structure, the process can be reduced to two stages: adjusting
VascuSynth parameters and generating a final image of the tree structure by
running VascuSynth software (Fig. 4.10). The following subsections describe this
procedure in detail.

Figure 4.10: Workflow for the generation of a synthetic bronchopulmonary structure for
arteries (red arrows), airways (green), and veins (blue). Numbers indicate the order in the
workflow.

4.2.1.1 Adjust VascuSynth Parameters

As presented in section 3.2.2, VascuSynth creates tubular-tree structures starting
from some user-defined physical parameters that determine the tree hierarchy,
branch properties, and bifurcations [Hamarneh and Jassi, 2010]. Initial physical
arguments include a perfusion point location, pressure on perfusion and terminal
points, initial flow, viscosity of fluid, radii factor at the beginning and in
bifurcations, length factor of branches, number of terminal points, resolution
of the final image, and two indispensable nutrient maps: oxygenation map
(specifying the demand for oxygen in volume locations) and supply map
(determining the effective values of the oxygenation demand at each point).
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The first step of the algorithm is the adjustment of these parameters to fit the
pulmonary structure model that we would like to mimic. Some of them comprise
physical and physiological features that will be fixed; others could be changed
depending on the final characteristics desired in the simulated structure.

Fixed Parameters

They are related to physical and physiological variables of the pulmonary system
and the blood, so they will keep unaltered in all the simulations of pulmonary
structures. Table 4.2 summarizes the values of these parameters. Initial and final
pressures (Pini and Pfin, respectively) and viscosity of the fluid (η) were based on
real reported values [West, 2011]. Initial flow (Qflow), initial radii parameter (λ),
radii factor (γ), a parameter controlling the length of branches (µ), the length
factor of branches (DT ), and the number of closest branches to consider during
construction of the bifurcation (k) were fixed empirically taking into account a
priori biological information.

Table 4.2: Fixed parameter values to simulate tubular structures with VascuSynth software:
initial and final pressures (Pini and Pfin, respectively); viscosity of the fluid (η); initial
flow (Qflow), initial radii parameter (λ), radii factor (γ), parameter controlling the length
of branches (µ); number of closest branches to consider during construction of bifurcations (k)
and length factor of branches (DT ).

Parameter Value [units]

Pini 25 mmHg
Pfin 10 mmHg
η 36 mPa · s
Qflow 138.83 cc/min/g
λ 2
γ 3
µ 2
DT 1 mm
k 5

Variable Parameters

Several parameters change depending on the structure to be simulated or the
complexity of the output image we want to achieve. For construction of the
bronchopulmonary segment phantoms, the following parameters were fixed: the
perfusion point (p0) determines the location where the whole tree structure will
start to develop. The size of the image (S = 101 × 101 × 101); the spatial
resolution or pixel spacing (ps) and the number of terminal points (Nf ) establish
the structural complexity. In our experiments, arteries and veins share the same
number of terminal points and airways have a percentage of AV terminal points
(determined by the factor of airways, FA), when trying to simulate the common
circumstances in CT imaging where the number of visible airway generations
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is always less than the number of vessels. A seed number (Rseed) was selected
pseudorandomly in every simulation to introduce the aleatory component of the
system.

Table 4.3 shows the values used in our experiments to create the database of
bronchopulmonary segment phantoms exposed in section 4.2.3.

Table 4.3: Variable parameter values to simulate tubular structures with VascuSynth software:
perfusion or initial point (p0), image size (S), pixel spacing (ps), number of terminal points
(Nfin) and seed number (Rseed). FA is the factor of airways, which determines the number of
terminal points for airways with respect to Nfin.

Parameter Value

p0 Arteries (5, 50, 50) voxels
Veins (5, 30, 50) voxels
Airways (5, 40, 50) voxels

S 101× 101× 101 voxels
ps 0.6 mm
Nfin Arteries ∈ {10j | j = 3..10}

Veins Nfin(arteries)
Airways Nfin(arteries)/FA

FA ∈ {1, 2, 3}
Rseed ∈ N∗

However, the most important parameters to achieve our objective are the
indispensable nutrient maps: an oxygenation map (specifying the demand for
oxygen at each point of the 3D space) and supply map (determining the effective
values of the oxygenation demand at each point). Default values for the supply
map were used, so the oxygenation map settles down the conditions that will
lead the growth of the tubular tree structure, acting as a probability map for tree
growth.

Oxygenation Maps

The oxygen demand map is represented as a 3D scalar volume that covers the
entire lung parenchyma where perfusion exists, with values from 0 (no demand)
to 1 (maximum demand) for oxygen. During each iteration in the construction
of the tree, a candidate terminal node is chosen according to the oxygen demand
map, creating a bifurcation from an existing branch to supply this terminal node.
Ultimately, the probability of a specific point to be a terminal point depends on
its oxygen demand value and the existence of an oxygenation path connecting
this candidate terminal point with the subtree synthesized previously [Hamarneh
and Jassi, 2010].

Attending to this utility of the oxygenation map, a probability map for tree
growth can be described by properly adapting the oxygen demand map in different
parts of the volume. And this is exactly the kind of control we can use to
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address the anatomical constraints for arteries, veins and airways within the
bronchopulmonary segment.

Since the initial whole volume to be synthesized represents just a single
bronchopulmonary segment, arteries should be distributed within the central part
of the volume, accompanying the airways. Contrarily, veins should occupy the
external parts of the volume. Thus, the oxygenation maps for arteries and airways
present with higher values of oxygenation demand (and therefore show a higher
probability of developing branches) in the central area, and lower values at the
segment limits. The opposite strategy is followed to construct the oxygenation
map for veins. To include some uncertainty in the tree generation and smooth
the oxygenation map, intermediate values of oxygenation demand are made to
occupy middle regions by applying a gradient-like distribution using chessboard
distances.

Additionally, arteries and airways should comply with the parallelism and
proximity restrictions present in the bronchopulmonary segment structure. To
obtain these, the oxygenation map for airways must be modified to promote
airway growth around the arteries.

Finally, because two different structures should not be located at the same
position, a null oxygenation demand is established in areas where previously
generated structures are placed (plus a security margin) to minimize overlapping.
Fig. 4.11 shows the final oxygenation maps and the corresponding tubular
structures generated from them.

� Arterial Oxygenation Map: The arterial system is the first structure to be
generated, so its oxygenation map will only depend on the desirable spatial
structure within the bronchopulmonary segment phantom. It will present
higher values of oxygenation demand (and therefore higher probability
of developing branches) in the central area, becoming lower towards the
boundary of the segment, where the values will be minimum (Figure 4.11a).
Thus, this distribution introduce a factor of uncertainty or randomness in
the final location of arteries.

� Airway Oxygenation Map: Bronchial tree should accompany the arteries,
so its oxygenation map will depend completely on the location of the
previously generated arterial tree. In order to create an oxygenation
map that promotes growth close to these arteries, a method based on
mathematical morphology functions and distance transforms was applied.
First, a dilation of the binarized arterial tree generated before was applied
with a spherical structuring element of radius equal to the maximum radius
of the structure (rmax). The output (Oxairban) will determine the forbidden
locations for airway growth by assigning a null oxygenation demand value.
An additional dilation of arteries with a spherical structuring element of
radii 2 rmax, followed by perimeter (boundary) extraction will fix the ideal
candidate locations for airways (Oxairideal). By applying a distance transform
from Oxairideal points and inverting the result, we can smooth and distribute
the probability map represented by the oxygenation map (Oxairsmooth). In
order to avoid the forbidden areas occupied by arteries and those very far
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(a) (b) (c)

Figure 4.11: Example of oxygenation maps used in the synthesis of a bronchopulmonary
segment phantom. The first row displays the central slices of the 3D oxygenation maps for
arteries (a), airways (b), and veins (c); bright/dark areas indicate high/low levels of oxygenation
demand, and therefore, the probability of growing structures there. The second row shows the
3D structures generated from the corresponding oxygenation maps, which are used to define
subsequent oxygenation maps for the following structures.

from them, we compute the minimum value of Oxair
smooth in Oxair

ban locations
and use it as extreme (minimum) value in the whole map, substituting all
lower values from Oxair

smooth. The last step consists on a normalization of
the map between 0 and 1 (minimum and maximum oxygenation demand
values) to comply with the format demanded by VascuSynth, conforming
the final oxygenation map for airways, Oxair (Figure 4.11b).

Venous Oxygenation Map: The last structure to be generated is the venous
tree. Its desired spatial structure within the bronchopulmonary segment
is the opposite than arteries and airways, so its oxygenation map will be
essentially the inverse of the arterial one. It will present higher values in the
boundaries (oxygenation demand of 1) of the segment and they will decrease
toward the central part (oxygenation demand of 0). Again, we minimize the
potential overlapping of structures by assigning a null oxygenation demand
values in the dilated version (with a spherical structuring element of radius
rmax) of previously generated arterial and airway trees (Figure 4.11c).

4.2.1.2 Generate Tree Structure Image

By following the workflow presented in Fig. 4.10, one volumetric image for
each tubular structure is generated by running VascuSynth with specific defined
parameters and oxygenation maps (Fig. 4.11).
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As described in section 3.2.2, the tree generation is performed by iterative
growth of the tubular structure following four basic steps in each iteration:
selection of a new candidate node based on oxygenation map (treated like a
probability map where locations with high oxygenation demand increase the
probability of being chosen); connectivity check from candidate to current
generated structure through a path of positive oxygenation points; generation
of a new bifurcation from a selected branch location (straight line); and update
of current oxygenation map. When the whole tree is generated by reaching the
selected number of terminal points, final radii and flow values are computed in
each branch according to the mentioned physical model and constraints. Then, a
graph file (GXL file) with information of tree topology and geometry (coordinates
of initial, braching and terminal points; radii and flow in those points), and the
final image are generated.

However, some limitations of this software are the formats of the requested
inputs for oxygenation maps (a text file) and the output image containing the
simulated structure (series of 2D JPEG files). In the first case, the oxygenation
demands need to be included in the system by defining prismatic regions (defined
by two 3D points) with a fix value of demand parameter. Although every
structure within a 3D digital image can be transformed into a set of non-
overlapping prismatic regions, the conversion process, the generation of the
text file from the set of regions and the posterior internal process of the file
inside VascuSynth demanded an easiest way to work with 3D oxygenation maps.
Similarly, a volumetric output image would be easy to use and visualize. In
order to deal with these problems, the open source C++ code of VascuSynth
was modified to accept a 3D image with the oxygenation map demands and to
generate a 3D output image in NRRD format.

At the end of the process there will be one volumetric image for each tubular
structure: arteries (I iart), veins (I

i
vein) and airways (I iair). An example can be seen

in Figure 4.12.

(a) (b) (c)

Figure 4.12: Volumetric arteries (a), airways (b) and veins (c) synthesized with VascuSynth
for the simulation of a bronchopulmonary segment phantom (Nfin = 60 for all three air and
blood flow systems, FA = 1 and the rest of parameters have the values presented in tables 4.2
and 4.3). Note the pseudo-parallelism achieved in most parts of arteries and airways. Renders
obtained from the NRRD output images.
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4.2.1.3 Intersections Removal

Although this construction of the three flow systems tries to avoid overlapping
of structures, the way in which VascuSynth performs could cause partial
superpositions in some areas (Figure 4.13) that need to be corrected by
distributing joint voxels between the structures and by removing disconnected
branches that could appear after the process.

A method to distribute common voxels between two tree structures was
developed, and it was applied to the three paired possibilities:

Load of volumetric images (I iart, I
i
vein, I

i
air) in pairs and binarization.

Identification of intersection voxels (Figure 4.14a).

Assign value +1 to voxels belonging to the first structure and -1 to those
belonging to the second one. Sum up both images into one; intersection
voxels will have 0 value (Figure 4.14b).

Apply a high 3D gaussian blurring. Voxels closer to the first structure will
have positive values and voxels closer to the second one will have negative
values (Figure 4.14c).

Figure 4.13: Overlapping of generated structures: arteries and veins. Images show three views
of arteries (red), veins (blue) and overlapping area (yellow, marked with crosshairs). The fourth
image shows a 3D render of the structures where the white arrow points the superposition area.
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(a) (b)

(c) (d)

Figure 4.14: Steps of method for intersection removal: example with arteries and veins.
(a) Initial situation: arteries in red, veins in blue and overlapping area in yellow. (b) Assign
values +1/-1 to each structure and sum them up (-1=black, 0=gray, 1=white). (c) Gaussian
blurring showing intermediate values in overlapping area. (d) Final classification of voxels
solving intersection problems.

Assign initial intersection voxels depending on their sign: positive voxels
will belong to the first structure and negative voxels will belong to the
second one.

Update initial volumetric images by deleting intersection voxels belonging
to the other structure (Figure 4.14d).

For each structure, remove secondary subtrees that remains unconnected
from the principal one after the intersection removal to generate the
resulting images Icart, I

c
vein and Icair.

The result is the final differentiation between arteries, veins and airways and,
conforming an acceptable gold standard for artery-vein separation. Note that
the output could display touching structures that, far from being undesirable,
simulate the intertwining nature of vessels and airway trees present in real cases.

89



CHAPTER 4. SYNTHETIC AND REAL DATA

4.2.1.4 Reference Standard Image (Non-deformed version)

The arterial and venous synthetic images generated as described in the previous
step (Icart, I

c
vein) will act like reference standard: they identify unambiguously

voxels belonging to arteries and voxels belonging to veins. Thus, they can be
saved as independent images or merged into a single labeled image (RS0) by
selecting a different label for each structure (Figure 4.14d).

These images will serve as reference standard for the non-deformed version of
the synthetic phantom. A refined version of this reference standard corresponding
to the final bronchopulmonary segment phantom will be obtained using the same
process, but after deforming the segments to generate the tubular structures a
with more realistic shape (Section 4.2.2.5).

4.2.2 Inclusion of Realistic Features

To construct the final phantom from the three images with the simulated air and
blood flow systems, some postprocessing methods need to be applied to create
a more realistic CT simulation of the bronchopulmonary segment, including
the hollowing of airways, the deformation of structures, and the inclusion of
parenchyma and noise.

4.2.2.1 Hollowing Airways

Unlike vessels, airways are hollow structures. Therefore, we need to transform
the opaque tubular structures obtained with VascuSynth into empty structures.

Airways share the following premises.

� Intensity values of airway lumens are similar to the lung parenchyma in CT
images, but partial volume effects increase the differences in HU . Airway
walls and vessels (with no contrast media) display similar intensity values
[Cesar Jr, 2010].

� The thickness of airway walls is variable and decreases with the size of the
airway. Studies such us [Montaudon et al., 2007] assessed the ratio between
luminal diameter and wall thickness (LD/WT ) in different generations of an
airway tree. From these values, we can compute the ratio between the wall
thickness and the diameter of the airway for each generation (WT/(LD +
2 ·WT ) = WT/D).

� The small scale of airway walls produces partial volume effects and,
consequently, a reduction in actual intensity values at the wall voxels.

� These three features mean that the bifurcation levels of airway trees in
CT images become indistinguishable from lung parenchyma earlier than do
vessels.

The first point is addressed in the next subsection (section 4.2.2.2), where
intensity values are adapted to realistic ones. The last point was addressed
previously by using a variable FA parameter with a value greater than 1 that
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decreases the density of airways with respect to vessels (section 4.2.1.1). The
second and third points are addressed in this section.

Given that VascuSynth generates tree structures by creating straight segments
that connect initial, bifurcation, and terminal points with a constant radius
along each segment, we can hollow the airway structure by using a 3D erosion
subtraction strategy in each segment of the tree, determined by its WT value,
obtained from the caliber of the segment and the WT/D ratio. Because WT
probably does not correspond to an exact integer in terms of voxels, the process
introduces a simulation of partial volume effects.

To this end, we only need the information of the three different kinds of points
(root, terminal and bifurcation points) and the size (radius) of each segment,
that can be extracted from the GXL graph file obtained after the execution of
VascuSynth.

The following method is applied for every segment in the airway tree structure:

Extract initial (p0), final (pf ) coordinate points and radius (R) from the
selected segment.

Extract S0, a 3D ROI from the airway image Icair bounded by p0 and pf
plus a security margin of the size (radius, R = D/2) of the segment in order
not to cut terminal parts of the segment (Figure 4.15a).

Create a binary mask and label it (Sbin).

Delete other possible structures that could fall into the ROI that are not
part of the segment of interest.

Compute the value of the desired wall thickness for the segment (WT ). The
ratio between the wall thickness and the diameter of the airway for each

(a) (b)

Figure 4.15: Approach followed to hollow airways. (a) Selection of 3D region of interest
(ROI) (blue) for each segment in the process of hollowing airways, limited by the initial and
final points of the segment (green) with a security margin of the size of the segment (circles).
(b) Schema of the erosion-substraction approach showed in a transversal plane of the segment.
Green pixels indicate the airway wall we want to obtain, blue pixels illustrate the size of the
fixed structuring element, white represents airway lumen pixels.
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generation is roughly a constant value of WT/D = 0.2 in all generations
except on the first ones, that is a little bit lower [Montaudon et al., 2007],
so WT/R can be fixed to a 0.4 value, and consequently, WT = 0.4 ·R.

Erode Sbin with a spherical structuring element of size WT . Since WT
does probably not correspond to an integer number in terms of voxels, a
transformation of the data is needed to be able to apply an erosion of an
integer value of size in voxels, corresponding to the desired size in mm
WT . To do it, we interpolate the image to create a bigger one where the
size of each voxel in mm corresponds to 1/5 of WT (Ŝbin). In that way,
the structuring element will be fixed to a sphere of radius 5 voxels that will
measure WT in real coordinates. The resultant eroded image will be Ŝero.

Subtract Ŝero from Ŝbin to create obtain the simulated airway walls in the
enlarged image (Ŝfin).

Invert interpolation to obtain the final image Sfin (Figure 4.15b). This
step has a double purpose: recover the initial size of S0 and simulate the
partial volume effects by merging several pixels into a final one, creating
intermediate values between 0 and 1 that will be essential when the
intensities will be adapted in a final step.

Transpose the processed ROI image into the correct position in the complete
image Icair. Due to the security margin used in the definition of ROIs for each
segment, there could be some overlapping areas near bifurcation points. In
these areas, the final values will be the mean of all the contributions.

Figure 4.16: Results of approach to hollow airways. Top row shows initial filled structure
and botton row shows final hollowed strucure. Note the difference in wall thickness between
big and small segment areas, and the difference in intensity values due to the simulated partial
volume effect.
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The result is an image with a hollowed tubular-structure that simulates the
airways (Ihair). The intensity values in the image voxels will vary from 0 (no airway
wall) to 1 (airway wall) where intermediate values correspond to the proportion
of wall/no-wall as a partial volume effect. Figure 4.16 shows an example of the
initial and final images of the process.

4.2.2.2 Adjusting Intensities

Because the original structures obtained with VascuSynth are represented by
grayscale images in a realistic way (brighter in the centers and gradually darker
toward the walls), a simple linear transformation of HU is applied to obtain
realistic values found in pulmonary vasculature (and airway walls) in CT images
of human lungs (35−45 HU in regular CT and 100−300 HU in CTPA [Bushong,
2008]).

In the case of airways, as explained before, walls have similar intensity values
than non-enhanced vessels, so maximum values in airway wall will be 35−45 HU,
which will be reached in voxels with no partial volume effect, probably located
in first generations of the bronchial tree.

4.2.2.3 Merging Air and Blood Flow Systems

Once the three systems are uniquely determined and vessels/airways fit the
correct filled/hollowed structure (Icart, I

c
vein, I

h
air), we can combine them in an

unique image of the bronchopulmonary structure (Imerg). Figure 4.17 shows an
example of the three flow systems merged into the same image, before applying
postprocessing steps that confers realism upon the phantom. When synthetic

Figure 4.17: 3D reconstruction of merged blood (arteries in red, veins in blue) and air (white)
flow systems in bronchopulmonary segment phantom. (Rseed = 1 in order to avoid randomness
and determine the structure of trees, the reason why arteries and airways are so close and
parallel here. Nfin = 50 for all three structures, FA = 1 and the rest of parameters have the
values presented in tables 4.2 and 4.3).
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vessels and airways are visualized together, we can check the tendency to fit
the spatial requirements of the bronchopulmonary segment structure, with a
relative parallelism between arteries and airways, and veins running more in the
boundaries of the segment.

4.2.2.4 Realistic Curvature of Vessel and Airway Trees

As explained before, tree-like structures generated by VascuSynth are composed
by straight segments with fixed size (cylinders) connecting initial, bifurcation
and terminal points. To incorporate a higher degree of realism, we can bend the
tubular segments, adding curvature to the structures.

We use a deformation algorithm based on nonrigid B-spline transformation
[Lee et al., 1997; Rueckert et al., 1999] to deform vessels and airways slightly.
The basic idea is to create a nonrigid transformation where initial, final and
bifurcation points from the three flow systems remain unaltered, and the segments
of the trees are deformed by moving their middle points with a pseudorandom
displacement vector with a maximum magnitud of dmax. The generated B-spline
grid is regularized by making it diffeomorphic (smooth and invertible). The
algorithm follows the subsequent strategy:

Establish fix points (pfix) by extracting initial, terminal and bifurcation
points from the three GXL graph files generated by VascuSynth.

Establish moving points (pmov) by computing middle points of the tree
segments (edges) whose initial and final points are extracted from the three
GXL graph files.

Generate a pseudo-random displacement vector (�vmov) for each moving
point (with a maximum distance of dmax).

(a) (b)

Figure 4.18: Warping algorithm for tubular structures. (a) Example of tree structure showing
fix points (red) in the extrema and moving points (dark green) in the central part of the
segments. (b) Graph representation of the previous tree structure where the final positions of
moving points are represented in light green.
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� Apply ~vmov displacements to pmov in order to obtain the final position of
moving points, p̂mov (Figure 4.18).

� Construct the B-spline grid that transforms the space to fit the moving
points pmov to their corresponding final position p̂mov.

� Regularize the B-spline grid by making it diffeomorphic (smooth and
invertible), with Jacobian larger than zero for the whole B-spline grid.

� Apply transformation to the three volumetric images Icart, I
c
vein, Ihair and the

merged image Imerg in order to obtain the warped versions: Iwart, I
w
vein, Iwair

and Iwmerg respectively (Figure 4.19).

(a) (b)

Figure 4.19: Example of the application of a deformation algorithm to a tree structure (a).
The resulting image is shown in (b) using a value of dmax = 3.

4.2.2.5 Final Reference Standard Image (Deformed version)

These three independent images corresponding to the deformed versions of
vascular and airway trees (Iwart, I

w
vein, Iwair) can now be merged into a single labeled

image (RSfin) that will serve as reference standard for the final synthetic CT
image of this bronchopulmonary segment (BPw).

4.2.2.6 Adding Parenchyma

After merging the three structures with adjusted intensity values, we need
to include a realistic background that will correspond to lung parenchyma.
To simulate a pseudorealistic texture and intensity values of lung background
(associated with the inclusion of tiny structures and the variable densities of
blood and air), we assign random values of 800± 150 HU to voxels that do not
correspond to any of the subtrees. Then, a Gaussian blurring with standard
deviation σ = 1.5 mm simulates a reconstruction kernel, smoothing and adding
texture to the synthetic parenchyma.
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4.2.2.7 Adding Noise

Finally, some characteristic noise sources are added to the image (Gaussian
white noise of standard deviation σ = 20 and small-density salt-and-pepper
noise) to create the final bronchopulmonary phantom BPw (Figure 4.20). If
the deformation step is ignored, the result would be the non-deformed version of
the final bronchopulmonary phantom BP 0.

(a) (b)

Figure 4.20: Comparison real noncontrast CT (a) and a final synthetic bronchopulmonary
phantom images (b) showing vessels, airways and lung parenchyma. Window level = [-950,
2300].

4.2.3 Database of Bronchopulmonary Segment
Phantoms

A database of different bronchopulmonary segment phantoms was created
following the steps described in the previous sections, by changing the initial
variable parameters with the values showed in Table 4.3.

4.2.3.1 Bronchopulmonary Segment Phantom CT Images

A database of different bronchopulmonary segment phantoms was created by
changing the initial variable parameters with the values shown in section 4.2.1.1.
Four cases for each combination of Nf and FA parameters were generated.
Therefore, N = 32 cases share the same density for airways, arteries/veins
(FA = 1); same number of cases integrate airways with half density than
vessels (FA = 2), and another 32 cases with a density of one third (FA = 3).
Furthermore, each case will have two versions: non-deformed and deformed,
resulting in a total of 192 bronchopulmonary segment phantoms.

Figure 4.21 displays a 3D reconstruction of the three systems showing the
differences in the structures before and after the application of the deformation
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step. Figure 4.22 displays the difference in airway density obtained by changing
the FA parameter. Finally, Figure 4.23 displays different cases obtained varying
the number of terminal points Nfin.

(a) (b)

Figure 4.21: Effect of the deformation algorithm in bronchopulmonary segment phantoms,
displaying arteries (red), veins (blue) and airways (green) in the initial non-deformed version
of the phantom (a) and after deforming the structures to conform the final phantom with more
realistic curvature of structures (b). Parameters: Nfin = 40, FA = 2.

(a) (b)

Figure 4.22: Effect of randomness and FA factor in bronchopulmonary segment phantoms,
displaying arteries in red, veins in blue and airways in green, with Nfin = 50. (a) FA =
1 ⇒ Nfin(air) = 50, (b) FA = 3 ⇒ Nfin(air) = 17. Although both examples share the
same parameters for the synthesis of arteries, the generated arterial flow systems have different
structures because of the change in random seed Rseed.

4.2.3.2 Bronchopulmonary Segment Phantom Segmentations

Apart from the synthetic CT images, the generation process also provides lung,
vessel and airway segmentations.

Lung Segmentation

In the case of bronchopulmonary segment phantoms, lung corresponds to the
whole generated volume.
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Figure 4.23: Effect of the numbers of terminal nodes in bronchopulmonary segment phantoms.
From left to right, up to down, deformed arterial (red), venous (blue) and airway (green)
structures with Nfin = {30, 40, 50, 60, 70, 80, 90, 100} and FA = 3.

Volumetric Representation of Vessel and Airway Segmentations

Voxel-based representations of arterial, venous and bronchial segmentations are
stored in the generated labeled images (reference standard) described in sections
4.2.1.4 and 4.2.2.5.

Particle-based Representation of Vessel and Airway Segmentations

In order to obtain the discrete representation of vessel and airway segmentations,
particle-based methods, that will be detailed in section 6.1, were used. The label
of each resultant particle is just the class found in its specific position inside the
volumetric reference standard.

Taking advantage of the knowledge about the actual label of each part of
the synthetic image, we can constraint the application of the particle-based
segmentation method into the regions defined by the volumetric representation
of each specific structure. This way, the obtained discrete segmentations would
avoid possible problems originated by the close location of structures, often
intertwined, that could result in errors in final locations of particles or their
corresponding scales. Consequently, vessel segmentations will be more accurate
and, therefore, we can minimize future artery-vein misclassification problems
that could be derived from segmentation errors. Then, the evaluation of AV
classification algorithms would not be biased because of the segmentation, and
would become more specific and accurate.
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4.3 Anthropomorphic Pulmonary CT

Phantoms

Although bronchopulmonary segment phantoms follow the theoretical structure
of real segments in the lung, they represent only a certain region of the whole
lung. Moreover, they assume an ideal situation in which airways run parallel
to arteries covering the whole area of the segment. However, this is not a
fully realistic situation in CT images, where airways become indistinguishable
from lung parenchyma earlier than do vessels when they become smaller (more
noticeable in peripheral areas of the lung). It is true that the FA factor tries
to deal with this problem, but the effect is just a reduction of the density of the
airways with respect to vessels, and does not take spatial restriction into account.

For all these reasons, during the development of the AV segmentation method,
bronchopulmonary segment phantoms will be appropriate for initial tests and for
parameter tuning. A complete lung CT phantom would be necessary to create
a database of cases that can substitute or complete real labeled CT cases for
testing the performance of the algorithm.

Figure 4.24: Pipeline of anthropomorphic pulmonary CT phantoms generation. The whole
workflow from bronchopulmonary segment phantom generation (Figure 4.9) is maintained:
the first stage (orange) includes processes to generate the arterial, venous, and airway tree
pathways; the second stage (purple) comprises different steps to provide realistic features to
the final phantom. However, an additional previous stage (cyan) is introduced when generating
anthropomorphic pulmonary CT phantoms, but not in bronchopulmonary segment phantoms,
to extract information from the real CT image that will be used to adapt some of the parameters
(variable parameters and oxygenation maps for VascuSynth; and intensity distributions). Blue
boxes represent input and output images; pink boxes represent input objects and parameters;
green boxes are intermediate images for a single structure; and red boxes represent images with
the three subtrees corresponding to the pulmonary air and blood flow systems together.
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To create the final pulmonary CT phantoms in the most realistic way, we
have used a set of real labeled CT cases presented in section 4.1. From these CT
images and their arterial, venous, and airway tree segmentations, we can extract
information properly to adapt some parameters from the previously explained
workflow (Fig. 4.24); that is, adjust the VascuSynth parameters and adjust the
intensities of air and blood flow systems and the parenchyma. Following this
procedure and taking into account the pseudorandom nature of the simulation,
the method is able to create multiple phantoms that fit particular features of a
certain real case.

4.3.1 Extraction of Information from Real Labeled CT
Images

Although fixed parameters related with physical and physiological variables of the
pulmonary system and the blood remain unaltered (Table 4.2), variable parame-
ters for the generation of synthetic tubular structures (Table 4.3) and parameters
related with intensities that will provide realistic intensity distributions in the
final structures need to be adjusted depending on a specific real CT image taken
as reference, instead of using generic values commonly found in CT images of the
lung.

Given the lung, vessel, and airway segmentations, some structural and image-
based features were computed in the proper places: location, size and shape of the
lung to be synthesized, intensity distributions of lung parenchyma, vessels and
airways, density of the structures and the areas where they are located. Lung,
vessel and airway segmentations presented in section 4.1.2 are used to compute
the features in the proper locations.

4.3.1.1 Size, Shape and Lung Location

The first information that can be easily extracted from real cases is the size of the
image (S) and the resolution (ps). From the lung segmentation image, location,
size and lung shape can be obtained. The information will be used to generate
pulmonary synthetic images that share all these features with their respective
reference image.

4.3.1.2 Intensity Distributions

Intensity information can be extracted from the specific real case used as reference
to generate similar distributions in its associated final phantoms. Mean intensity
and standard deviation are extracted from centerline points [Lee et al., 1994]
in arterial (µart, σart) and venous (µvein, σvein) locations. Because of the
difficulty in getting accurate locations of airway walls, µair and σair are fixed to
the experimental values used previously in the generation of bronchopulmonary
segment phantoms (subsection 4.2.2.2).
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The parenchymal intensity distribution (µlung, σlung) is extracted from
locations marked by an eroded version of the lung mask excluding the dilated
versions of arterial, venous and bronchial segmentations. Erosions, dilations and
skeletons are used to avoid the inclusion of voxels incorrectly classified in the
segmentation stage.

4.3.1.3 Structural Information from Irrigations

Some valuable structural information can be extracted from the segmentations of
vessels and airways. For each structure, we can compute the number of terminal
points Nfin (that also determines the number of bifurcations) and the position
of perforation or root point (p0). Both values will be included through initial
parameters in the first stage of the algorithm to generate the three air and blood
flow systems.

Number of terminal points

To synthesize phantoms with similar density of structures than real cases, we
compute the number of terminal points from the segmentation images of arteries,
veins and airways, and use these values as parameters in the generation process
for the simulated air and blood flow systems. To that end, a skeletonization
citelee1994building of the segmented structure is applied, and the number of
terminal points is obtained by detecting voxels with only one neighbor belonging
to the skeleton.

However, vessel and airway segmentations presented in section 4.1.2 suffer
from problems related with the disconnection of some subtrees belonging to
the same structure, implying segmentations composed of several connected
components (CC) for a single structure. Therefore, the number of detected
terminal points need to be corrected by subtracting 2 · (#CC−1). An additional
unit is subtracted in order to exclude the root point.

Root location

Given the terminal points, the root corresponds to the branch with larger
diameter. Sphere inflations are used to detect this location.

4.3.2 Sequential generation of arterial, bronchial, and
venous flow systems

The same steps used for the generation of bronchopulmonary segment phantoms
are followed to obtain the final tree structures for the three flow systems. Only
some VascuSynth parameters change their initial descriptions to improve the
realism of the synthetic images and properly adjust them to the real case taken
as reference.
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4.3.2.1 Adjust VascuSynth Parameters

VascuSynth simulation is adapted following the information extracted from the
real CT case. Global and structure-dependent parameters of VascuSynth are
adjusted correctly: size of the image (S), pixel spacing (ps), number of terminal
points (Nf ), perfusion or initial points (p0), and oxygenation maps (Omap).

The first three parameters take values extracted from the image as already
described. Perfusion points (p0) are fixed to locations with high values of
oxygenation demand and very close to the root coordinates extracted in the
previous subsection. Oxygenation maps are created exploiting the information
from the labeled segmentations of the flow systems.

Oxygenation Maps

Following the bronchopulmonary approach, anthropomorphic oxygenation maps
retain the use of prior information about spatial relations between air and blood
flow systems. However, some modifications are introduced to generate more
realistic oxygenation demands at the complete lung level (Figure 4.25).

� Arterial Oxygenation Map: This oxygenation map only depends on the
real spatial distribution of manually segmented arteries. The basic idea is
to create a smooth probability map inside the lung with high values close
to locations of real arteries, and small values far from them. A distance
transformation [Lee et al., 1994] from the center line of the segmented
arteries is applied and normalized to obtain a maximum value (1) in each
of the center lines and a null value farther than a user-defined maximum
distance (dmax fixed to 10 mm in our experiments). A null oxygenation
demand is established outside the lung mask in order to avoid the generation
of synthetic arteries in those areas.

� Airway Oxygenation Map: The method is the same as the one used for
the bronchopulmonary segment phantoms (section 4.2.1.1). However, to
include the restriction of airways becoming indistinguishable from lung
parenchyma earlier than do vessels when they become smaller, we constrain
the generation of the airway tree in the convex hull of the real bronchial
tree segmentation, extracted from the real CT image, by assigning a null
oxygenation demand in the areas outside this region.

� Venous Oxygenation Map: The desired spatial structure of veins is as far as
possible from arteries and airways, so its oxygenation map is essentially the
inverse of the arterial/bronchial one. To create it, skeletonization, distance
transformation, and normalization are applied to obtain a maximum value
in the points located farther from the previously generated arterial and
bronchial systems (desired venous center lines) and a minimum value
(oxmin=0.001) in points located farther than dmax from that center line.
A null oxygenation demand is fixed in areas outside the lung and places
already occupied by the synthetic arteries and airways previously created.
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Figure 4.25: Oxygenation maps in anthropomorphic pulmonary phantoms. Transversal,
sagittal and coronal views of arterial (first row), airway (second row) and venous (third row)
oxygenation maps. Since the arterial tree is the first to be generated, and the spatial location
of veins and airways can be described from the position of the arteries, we only use the
arterial segmentation from the real case to define the oxygenation maps accordingly for all
the structures.
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4.3.3 Inclusion of Realistic Features

Instead of following the same strategy used in the generation of bronchopul-
monary segment phantoms, applying common HU values found in real CT images,
intensity information extracted from the specific real case is used to generate
similar distributions in its associated final phantoms. Vessel, airway walls and
parenchymal HU will be adapted using this information.

4.3.3.1 Adjusting Intensities

Using a simple linear transformation of intensities, synthetic arteries, veins and
airway walls will fit, respectively, a distribution of mean µart, µvein, µair and
standard deviation σart, σvein, σair.

4.3.3.2 Adding Parenchyma

The method to simulate lung parenchyma is maintained from the previous
version, but adjusting the HU in order to obtain an intensity distribution of
mean µlung and standard deviation σlung.

4.3.3.3 Inclusion of Lung Phantom into the Real CT

Finally, to construct a complete CT image, the lung region from the real CT is
substituted with the generated final pulmonary phantom. Therefore, the final
image maintains the global features from the original one, but with a different
structure of interest (Figure 4.26).

Figure 4.26: Inclusion of lung phantom into the real CT. The final image displays an
appropriate addition of realistic features when comparing real left lung vs synthetic right lung.

4.3.4 Database of Realistic Pulmonary CT Phantoms

By using the previously described method, a database of different realistic
pulmonary CT phantoms was created.

4.3.4.1 Anthropomorphic Pulmonary CT Phantom Images

Four phantoms were generated from each real lung of the three non-contrast CT
cases available, presented in section 4.1.1. The different values of the random
seed guarantee diversity in the four cases sharing the same inputs. Therefore,
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M = 24 final (deformed) anthropomorphic pulmonary phantoms were generated,
as well as their corresponding 24 non-deformed versions).

Figure 4.27 shows different final synthetic CT images obtained from the same
two real CT cases. Figure 4.28 displays 3D reconstructions of the pulmonary
structures generated synthetically from different cases.

Figure 4.27: Results of anthropomorphic final lung phantoms, showing four final images
obtained from each lung of two different real CT cases. Window level = [-950, 2300].
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Figure 4.28: Synthetic arteries (red), veins (blue), and airways (green) conforming the
reference standard for the anthropomorphic pulmonary CT phantoms. The first column
corresponds to synthetic air and blood flow systems of two phantoms generated from the left
lung of one real case. Similarly, the second and third columns correspond to phantoms from
the left and right lungs, respectively, from another real case.

4.3.4.2 Anthropomorphic Pulmonary Phantom Segmentations

Apart from the synthetic CT images, the generation process also creates lung,
vessel and airway segmentations.

Lung Segmentation

Since the synthetic lung is generated from a lung of a specific real CT image,
occupying the same space, the lung segmentation for the anthropomorphic
pulmonary CT phantoms is the same than the corresponding real case.

Volumetric Representation of Vessel and Airway Segmentations

Voxel-based representations of arterial, venous and bronchial segmentations are
stored in the generated labeled images (reference standard) described in sections
4.2.1.4 and 4.2.2.5.
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Particle-based Representation of Vessel and Airway Segmentations

In order to obtain the discrete representation of vessel and airway segmentations,
the particle-based methods described in section 6.1 were used. The label of each
resultant particle will be just the class found in its specific position inside the
volumetric reference standard.

Taking advantage of the knowledge about the actual label of each part of
the synthetic image, we can constraint the application of the particle-based
segmentation method into the regions defined by the volumetric representation
of each specific structure. In this way, the obtained discrete segmentations would
avoid possible problems originated by the close location of structures, often
intertwined, that could result in errors in final locations of particles or their
corresponding scales. Consequently, vessel segmentations will be more accurate
and, therefore, we can minimize the future artery-vein misclassification problems
that could be derived from segmentation errors. Then, the evaluation of AV
classification algorithms would not be biased because of the segmentation, and
would become more specific and accurate.
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Chapter 5

Pulmonary Vessel Segmentation Method

Multiple past and on-going approaches (section 3.1) have been used for the
extraction of pulmonary vessels where methods based on features extracted from
the Hessian matrix [Frangi et al., 1998; Sato et al., 1998] have become the most
popular, achieving quite good results in the majority of vessel scenarios. However
they performed uniformly across the image and fail when other structures are
locally tubular-like such as airway walls or pulmonary fissures.

In this chapter we present a completely automatic simultaneous pulmonary
vessel and airway enhancement filter. The approach consists of a Frangi-based
multiscale vessel enhancement filtering specifically designed for lung vessel and
airway detection, where arteries and veins have high contrast with respect to
the lung parenchyma, and airway walls are hollow tubular structures with a
non negative response using the classical Frangi’s filter. The features extracted
from the Hessian matrix are used to detect centerlines and approximate walls
of airways, decreasing the filter response in those areas by applying a penalty
function to the vesselness measure.

We introduce first the principles of vessel detection based on features extracted
from the Hessian matrix and the vesselness measure introduced by Frangi.
Second, we propose a novel approach for decreasing the vesselness score in airway
walls.

5.1 Frangi Filter

Most of Hessian-based vessel enhancement filters use eigenvalues extracted from
the Hessian matrix to derive geometrical structures which can be regarded as
tubular. Since vessels in the lung have different radius it is important to study
these features in a multi-scale framework.

The Hessian matrix in the point x at scale σ, Hσ(x), can be efficiently
computed using Gaussian derivatives:

Hσ(I, x) =
∂2Iσ
∂x2

= I(x) ∗ ∂
2Gσ(x)

∂x2
(5.1)
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where I is the image and Gσ is the gaussian function with standard deviation σ.

The decomposition of the local second order structure of the image extracts
the eigenvalues (|λ1| ≤ |λ2| ≤ |λ3|) and principal directions (ū1, ū2, ū3). An
analysis of these features allows us to differentiate between different orientation
patterns (blob-like, tubular, plate-like or no preferred direction). For our purpose,
an ideal tubular structure implies |λ1| ≈ 0, |λ1| � |λ2|, λ2 ≈ λ3, with ū1 the
direction of minimal curvature (along the vessel).

Using this information, Frangi et al. [Frangi et al., 1998] designed a vesselness
function, VσF , to measure the similarity of one structure to an ideal tube:

VσF (x) =



0 if λ2 > 0 or λ3 > 0, 1

(
1− exp

(
−RA

2

2α2

))
exp

(
−RB

2

2β2

)
(

1− exp
(
− S

2

2c2

)) (5.2)

where α, β, c are parameters that control the sensitivity of the filter to the
dissimilarity measures that distinguish between tube-like and plate-like structures
(RA), blob-like (RB) and background (S):

RA =
|λ2|
|λ3|

(5.3)

RB =
|λ1|√
|λ2λ3|

(5.4)

S =
√
λ2

1 + λ2
2 + λ2

3 (5.5)

The final vesselness measure integrates the filter responses at different scales
taking the maximum response:

VF (x) = max
σmin≤σ≤σmax

VσF (x) (5.6)

Regardless of these dissimilarity measures, the filter shows a non-negative
response in structures that are locally and partially tubular in the image. This
is the case of airway walls, where a) they are partially tubes with the radius
of wall thickness and b) sometimes they are in contact with vessels becoming
indistinguishable from them.

In order to overcome these difficulties it will be necessary to link the vesselness
information with the airways structure to avoid false detections in those areas.
Our approach will use the features previously extracted from the classical Frangi
filter to do so.

1Condition for vessels brighter than background. For vessels darker than background the
condition would be: λ2 < 0 or λ3 < 0
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5.2 Lung Vessel Enhancement Filter

Penalizing Airways

In order to avoid erroneous detections in airway walls, information about the
bronchial tree becomes necessary. Some works noticed the importance of airway
wall removal before the lung vessel segmentation step, but in most of the
cases they used an independent method for airways detection and morphological
operations in order to attenuate or remove airway walls [Fetita et al., 2009a; van
Dongen and van Ginneken, 2010]. Generally, those methods assumed a constant
wall thickness in every bronchial generation which is not realistic. Furthermore,
the additional airway segmentation increase computation times and complexity
of the algorithm.

Our proposal performs vessel and airway enhancement at the same time and
suggests an adaptive airway wall attenuation in order to achieve a more accurate
and efficient vessel enhancement. The first step consists on bronchial tubes
detection. Later, we estimate airway walls depending on the bronchial generation.
Finally, a penalty function is applied in wall areas to decrease the response of the
vesselness filter.

5.2.1 Airway enhancement

Since airways are tubular structures too, the same multi-scale filtering framework
for the vessel enhancement could be used. Actually, if the scale range is
appropriate (covering the possible radius of vessels and airways), a unique
eigenvalue analysis of the Hessian would be necessary to extract both (Fig. 5.1).

(a) (b)

Figure 5.1: (a) Rendering of vesselness extraction for lung vessels. (b) Airways enhancement
(threshold=15% for visualization).

Thus, we compute the vesselness function (equation 5.2) twice, once for the
vessel extraction, VσFvessel(x), and once for the airways extraction, VσFairway(x).
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The only difference between both is the condition with respect to zero, changing
from λ2 > 0 or λ3 > 0 in vessel detection (structures brighter than the
background) to λ2 < 0 or λ3 < 0 in airways detection (structures darker than the
background). To get the final measure we use equation 5.6, obtaining VFvessel(x)
and VFairway(x). The increment in computing time is minimum.

5.2.2 Airway centerline extraction

A skeletonization algorithm for 3D grayscale images based on [Gagvani and Silver,
1999] is used to extract the centerlines of bronchial tubes. It uses not only the
structural information, but the density (in this case is the vesselness measure
Vσ
Fairway(x)) to obtain a more accurate estimation of centerlines.

5.2.3 Airway wall estimation

Taking advantage of features extracted from the Hessian analysis, we can use the
scale, σ, and the first eigenvector, ū1, of maximal filter response in each point
of the airway centerline. They will represent, respectively, lumen radius and
directions along the vessel, so we can use them to estimate the position of the
inner part of airway walls along the bronchial tubes.

In order to estimate the position of the external part of airway walls we
used wall thickness values wt(σ) measured in [Montaudon et al., 2007] for CT
images, based on Weibel’s Model [Weibel et al., 2005] which depend on bronchial
generation. Fig. 5.2 shows an scheme of airway wall estimation in one point of
the bronchial centerline. Wall candidate voxels will be in the intersection between
the plane with normal vector ū1 (direction along the airway) and a hollow sphere
of radius σ and (σ + wt(σ)).

Figure 5.2: Airway wall estimation. Wall candidates are shown in green.
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5.2.4 Penalty function

The attenuation of airway walls is performed using a penalty function over
candidate voxels in the walls. Since airway detection is a pseudo-probability
segmentation (not a binary one), VFairway measures could be interpreted as
confidence of having an airway in a specific point. This information is important
when the penalty function is applied to wall voxels. Thus, we subtract the airway
score VFairway(y) obtained in one point y of its centerline, to all the vessels scores
VFvessel(x) obtained in the wall candidates for this specific point in the centerline
of the bronchial tube (x ∈ WallCandidates(y)) as follows:

VFvessel(x ∈ WallCandidates(y)) =

max(0,VFvessel(x)− VFairway(y))
(5.7)

The principal idea under this penalty function is the reduction of vessel
confidence depending on the airway confidence. As consequence, the final
vesselness would avoid the enhancement of airway wall areas.
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Chapter 6

Pulmonary AV Segmentation Method

Vessel segmentation in chest CT images has become a leading task over
the last years due to the prominent importance of pulmonary vasculature
in practically all cardiopulmonary diseases. In most of them, the study of
arterial and venous irrigations separately could provide critical pathological
information (section 2.2.3). However, AV segmentation algorithms have been
barely explored until present (section 3.1.2), reducing drastically the amount of
studies that incorporate differentiation between arteries and veins, disregarding
important features and limiting the discovery of other potential measurements
or characteristics that remain hidden. Therefore, we can conclude that thoracic
CT diagnostic and prognostic abilities in cardiopulmonary diseases is still limited
and can be improved by the development of new AV segmentation algorithms.

In this chapter, we present a fully automatic algorithm for Artery-Vein
Segmentation in pulmonary CT images. The approach comprises the pulmonary
vessel extraction using scale-space particles and their posterior artery-vein
classification based on Graph-Cuts (GC) that incorporates: i) arterial/venous
similarity scores obtained with a Machine Learning (ML) pre-classification step
and ii) particle-connectivity information.

We first describe the segmentation and discretization of vessels and airways
into a set of particles, the starting point of the classification algorithm. The
second part presents the core of this Ph.D thesis: the method for AV separation
by classifying the previous vessel particles into arteries or veins using GC and ML
algorithms. In the last section, the parameter optimization necessary to complete
the final AV method is explained.

6.1 Segmentation of Lung Structures

The main objective of this Ph.D Thesis is the automatic separation of pulmonary
arteries and veins. In order to deal with it, segmentations of some internal lung
structures need to be available. Thus, a preprocessing step will be necessary
within the proposed framework to obtain the location and other local information
of the pulmonary vessels that will be classified into arteries or veins. Moreover,
lung and airway segmentations will be also important in order to include
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constraints and extract relevant information that will be used into the system.

The Chest Imaging Platform1 is a public repository with multiple image
processing tools specifically designed for lung and chest CT imaging, developed
in the Brigham and Women’s Hospital (BWH) Applied Chest Imaging Lab’s
(ACIL). Particle-based algorithms for airway [Estépar et al., 2012a] and vessel
[Estépar et al., 2012b] segmentation are available inside the platform and they
were used to perform our segmentations. Several reasons support the decision of
using these methods:

(a) The platform provides a set of tools to study pulmonary CT images and
many of them are open source and available online.

(b) It allows the use of images and data in NRRD format, a very standardized,
flexible, functional, portable and simple imaging file format.

(c) The representation of vessel and airway segmentations as sets of equally-
spaced centerline points is more appropriate for classification problems. This
discretization reduces the number of points of interest with respect to voxel-
based segmentations, keeping information about the whole structure through
the location and size features associated with each particle (Figure 6.1).

(d) Scale-space particles can be used together with any other vessel/airway
segmentation algorithm that outputs a volumetric representation, providing a
tool for the discretization of the structures to get a simpler and more suitable
representation for the posterior classification stage.

(e) Particle discretization allows a fairer evaluation of classification results
(giving the same importance to every vessel portion) with respect to pixel-
based validation strategies (where the importance of each vessel portion and
its contribution to the final results depend on the caliber of the vessel).

(f) These algorithms output the same particle representation for both vessel and
airway segmentations.

(g) Accurate airway and vessel particle-based segmentations from the three non-
contrast COPD real cases, used as reference data, were already available from
the beginning of the project (section 4.1.2).

(h) The future incorporation of the tools developed in this work into the Chest
Imaging Platform would be easier.

6.1.1 Scale-Space Particle Vessel Segmentation

Previously to the differentiation between arteries and veins, a segmentation
algorithm is necessary to separate structures of interest from the background,
simplifying and constraining the task.

Although an accurate and robust pulmonary vessel extraction method was
described in the previous chapter (section 5), a more suitable representation of
the complex vascular tree structure is critical in order to simplify, ease and speed

1http://projects.iq.harvard.edu/chestimagingplatform/home
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(a) (b)

(c) (d)

Figure 6.1: Voxel-based (a) VS particle-based (b) vessel segmentations. The voxel
representation can be recovered from the particle one by inflating spheres in particle locations
with size specified by the radius associated with them and merging all spheres. Similarly, (c) and
(d) shows, respectively, voxel-based and particle-based representations of airway segmentations.

up the development and application of the classification algorithm. For that
reason, instead of using the pixel-based representation of vessel segmentations
obtained with the method explained before, a different algorithm that outputs a
more discrete and simple representation of tubular structures was used: a scale-
space particle filtering approach.

The method for vessel segmentation [Estépar et al., 2012b], included in the
Chest Imaging Platform is based on a constrained energy minimization problem
using scale-space particles to densely sample intraparenchymal vessel locations
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by using Hessian-based features. In this sense, the strategy followed is quite
similar to the one used in our method, described in the previous chapter:
structural information extracted from the second derivative tensor and the search
of maximum response at different scales. A posterior clustering step using
connected components filtering results in a set of candidate vessel points situated
in both physical space and scale. The output is a discretization of the vessels in
centerline points with a radius associated with the size of the structure in these
locations.

As described in section 3.1.1.1, pulmonary vessel segmentation in CT images
has been widely addressed, and scientific challenges such as IEEE ISBI VESSEL12
have demonstrated that Hessian-based methods outperform other approaches.
However, most of the existing methods output volumetric segmentations. The
use of scale-space particles merge the use of Hessian information for the detection
of tubular structures with the discretization of segmentations to obtain a simpler
representation. For these reasons, the presented particle-based algorithm is the
most appropriate method for our purposes.

It is also important to note that scale-space particles could always be used
as postprocessing steps to discretize any voxel-based segmentation obtained with
other state-of-the-art methods. Furthermore, other discretizing strategy that
would keep location and vessel size features, could be used, so the proposed
framework is independent of the vessel segmentation and vessel discretization
strategy used.

6.1.2 Scale-Space Particle Airway Segmentation

Same strategy of scale-space particle filtering is used for airway segmentation
[Estépar et al., 2012a]. Some parameters change from the vessel scheme in
order to search tubular structures darker than surroundings (airway walls). The
special characteristics of airways in CT images, displaying low intensity values
in the lumen, brighter values in the airway walls and darker values again in the
surroundings (parenchyma) makes more difficult to detect and even visualize the
airways with small caliber, compared with vessels that show higher contrast with
the background. That is the reason why the capability to detect airways for the
existing algorithms, including the one used in this work, is quite restricted.

Airway segmentation is a very challenging task, harder than vessel seg-
mentation because of the difficulty in the detection of small-caliber bronchial
generations. A complete review of current literature in this field can be found
in [Van Rikxoort and Van Ginneken, 2013], dividing approaches in two main
groups (bronchial lumen-based and airway wall-based methods) and exhibiting
the principal drawbacks and weak points of the proposed algorithms. The method
proposed by Estépar et al. [2012a], based on scale-space particles, obtain very
suitable airway segmentations, together with a simpler and more appropriate
representation of the structure. All these reasons, together with the possibility
of getting segmentations of vessels with the same approach, support the decision
of using scale-space particles for the extraction of both structures.
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Again, any other algorithm that outputs a volumetric segmentation of the
bronchial tree could use scale-space particles to discretize the representation of
the structures in a postprocessing stage.

6.1.3 Lung Segmentation

Segmentation of the lungs are useful to restrict the location of internal pulmonary
structures. The Chest Imaging Platform also includes a very accurate lung
segmentation method that differentiates left and right lungs to treat them
separately [Ross et al., 2009]. The output comprises lung parenchyma including
small vessels and airways, but excluding hilum and principal vessels and airways
that pass through it.

6.2 Artery/Vein Separation in lung CT images

Once pulmonary vessels are segmented and represented with a set of scale-space
particle points, we can proceed to their classification into arteries and veins.

First of all, a study of prior knowledge about vessel and airway tree properties
and differences between arteries and veins in CT images is necessary in order to
elucidate the information that could be useful in their classification. Secondly,
we incorporate this information into a machine learning strategy to perform a
particle classification based on local features. Since the output suffers from spatial
inconsistency, connectivity information is then included and incorporated into a
Graph-Cut scheme together with the arterial/venous similarity scores obtained
from the previous particle classification, resulting in the final AV segmentation
algorithm.

6.2.1 Prior Knowledge about Pulmonary Arteries and
Veins

In order to select proper features to be used in the arterial-venous classification,
biological and CT image-base information are essential. Some characteristics will
help us in the differentiation procedure and some others will obstruct or even
impede the behavior and performance of some image processing approaches.

6.2.1.1 Biological Knowledge

Section 2.1 presented anatomical and physiological information about lungs
and their internal structures. Specially relevant is the existence of a vascular
pattern inside the lung: the bronchopulmonary segment, revealing a preferential
relationship between arteries, veins and airways inside this functional region. The
most relevant information to take into account includes:

(a) Main-stem arteries, veins and airways lie together in loose connective tissue
sheaths at the hilum.

(b) Once inside the lung, arteries run along with the ventilating bronchi,
developing close and parallel.
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(c) Veins inside the lung follow Miller’s dictum, generally as far away from the
airways as possible.

(d) Every artery (vein) in the lung is connected with the pulmonary artery
(vein) and the right ventricle (left atrium), forming a single arterial (venous)
connected tree.

(e) Arterial and venous circulations are connected through the capillary networks
in their final generations.

(f) Arteries and veins are closely situated, often intertwined.

6.2.1.2 Image-based Knowledge

CT images display pulmonary vessels and airways with specific characteristics
typical of the modality:

(a) CT intensity values in arteries and veins are very similar when no contrast
media is used. Most arteries generally show higher values than veins in CTPA
images when the acquisition is properly gated.

(b) Intensity values inside bronchial lumen are almost equal to low CT values of
air.

(c) Intensity values in airway walls are as high as blood vessels in non-contrast
CT images.

(d) Close and intertwined irrigations cause unclear boundaries between them.

(e) Artery/vein crossings can easily be mistaken for branching points of one of
the trees.

(f) High but still limited resolution in CT imaging produces partial volume
effects that avoid the visualization of high generation vessels, capillaries and,
therefore, the connection between arteries and veins.

(g) The number of visible bronchial generations is always less than vessels in
CT images. The intensity values of airway lumen, the small thickness
of airway walls and the partial volume effect cause that airways become
indistinguishable from lung parenchyma earlier than vessels.

6.2.2 AV Machine Learning Particle Pre-Classification
Based on Local Features

Taking into account the information presented before, a first approximation of
AV segmentation was the development of a ML particle classification based on
imaging features that takes advantage of this prior knowledge.

First, we argue and describe the set of features selected to address the
initial classification. Later, the supervised training step is presented, including a
description of the two different supervised learning methods tested in our data:
Support Vector Machines (SVM) and Random Forest (RF). In the last subsection,
the arterial/venous similarity measurements obtained and the subsequent pre-
classification of particles are analyzed.
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6.2.2.1 Extraction of Local Features

The biological knowledge reveals the possible strategy to follow up, but also the
main constraints and problems we need to tackle, that become more relevant
when transposing biological information into a biomedical imaging environment.
For that reason, prior knowledge need to be carefully managed by the selection of
proper features that deals with the huge variability and complexity of lung vessel
structures.

In our approach, the main source of information will be the relation between
vessel irrigations and the bronchial system. Some structural and image-
based vessel features could provide additional important knowledge and the
combination of all of them would allow the study of vessel-airway relation
differently depending on the variation of the other properties.

Since classification will be performed over the individual vessel particles
obtained in the segmentation stage, the selected measurements will be computed
in each one of them. They include local radius of the vessel (scale), local 3D
geometrical structure, local intensity distribution, distance to closest airways,
distance between closest airway points and orientation similarity between vessels
and airways. All these features describe local properties of the particles that
can be studied independently, even though an obvious relationship between
neighboring particles and their features exists.

Scale

The scale, σpves , represents the local radius of the tubular structure at the
location of the vessel particle pves. This value is an output from the segmentation
algorithm, where both location and size are reported for each final particle and
their combination represents the volumetric structure of the vessels.

Information about the local size of the vessel allows the analysis of the
other features differently depending on the generation in the tree structure.
For instance, it is expected that in first generations, close to the hilum, the
information about the distance to airways will not be significant. The same
situation will occur with small vessels, located preferentially in peripheral areas
of the lung, due to the restriction in the detection and visualization of low-caliber
airways that would accompany these vessels. Contrarily, medium-size vessels
would probably be surrounded by segmentable airways and, therefore, could take
advantage of features related to vessel/airway spatial relationships.

Hessian Matrix Eigenvalues

As described in section 5.1, 3D local geometrical information can be extracted
from the Hessian matrix by computing the eigenvalues and eigenvectors of the
second order structure. The previously explained radius, σpves , represents the
optimal scale to be used in the detection of the vessel structure, so eigenvalues
(|λ1| ≤ |λ2| ≤ |λ3|) and eigenvectors (ū1, ū2, ū3) are computed using the specific
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value of σpves in each particle:

Hσpves (I, pves) =
∂2Iσpves
∂p2

ves

= I(pves) ∗
∂2Gσpves (pves)

∂p2
ves

(6.1)

where I is the image and Gσpves is the gaussian function with standard deviation
σpves .

Since vessels are tubular-like structures, it is expected that eigenvalues fulfill
|λ1| ≈ 0, |λ1| � |λ2|, λ2 ≈ λ3, with ū1 representing the direction of minimal
curvature (along the vessel). However, bifurcation points in tree structures
generate instabilities in the Hessian analysis [Agam et al., 2005], displaying a more
blob-like geometry and an abnormal behavior of eigenvectors and eigenvalues. By
the inclusion of eigenvalues within the selected features, the effect of orientation
similarity between vessels and airways could be studied differently in bifurcation
and segmental points.

Eigenvectors are not included in the analysis because principal directions of
the vessels (including the preferential direction of the locally tubular structure)
are extremely variable and they would not provide differential information to
generally distinguish arteries from veins. Contrarily, eigenvalues provide general
geometrical information independent on directionality.

Local Intensity Histogram

The local distribution of intensities is computed in the 3D spherical area defined
by the radius σpves . This information is compacted in a normalized intensity
histogram of N I

bins bins, resulting in N I
bins unidimensional features.

Although the initial objective of the project is the AV segmentation in
non-contrast CT images, the inclusion of these features could be used to
improve the future differentiation between arteries and veins in CTPA databases.
Anyway, intensity information can always contribute in the distinction of
different generations of vessels due to the partial volume effects, improving the
predictability of the other features thanks to that.

Distance to Closest Airway Points

As explained before, the most important information to distinguish arteries and
veins probably is their relationship with the airways, including proximity and
parallelism. The proximity characteristic is addressed by the computation of the
euclidean distance between the vessel particle (pves) and its Nneig closest airway
particles (pair). Mean distance and standard deviation are reported and used as
features.

Figure 6.2 shows the theoretical tendency in the relation between vessels and
airways and the expected distance to closest airways. Arterial particles should
report small mean distances and venous particles high values. Standard deviation
could provide certainty information.
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Figure 6.2: The computation of distances between particles and their closest airway points
could differentiate arteries (small distances, green lines) and veins (high distances, purple lines)
because of their spatial relation with the airways.

Distance between Closest Airway Points Histogram

Apart from the estimation of the distance between a vessel particle and its
closest bronchial particles, the cross-distances between these selected airway
points could also provide important information. Again, mean euclidean distance
and standard deviation are selected as features.

Since veins are generally as far away from the airways as possible, it is probable
that the selected Nneig airway points belong to more than one bronchial subtree in
the venous case, as represented in figure 6.2. Therefore, the cross-distances could
show higher values than in the arterial situation, where theoretical proximity to
airways would imply that selected airway points are closely situated.

Orientation Similarity between Vessels and Closest Airway Points

Taking advantage of the prior knowledge about the relation between arteries,
veins and airways, not only the proximity, but the orientation property could be
useful in the differentiation between arterial and venous points.

The study of the Hessian matrix described before (equation 6.1), allows
the extraction of the eigenvectors (ū1, ū2, ū3) –associated with the respective
eigenvalues |λ1| ≤ |λ2| ≤ |λ3|–, which represents the principal directions of the
local structure in a specific spatial location. When the analyzed structure is
tubular, the eigenvector with the lowest absolute eigenvalue, ū1, represents the
preferential direction of the vessel (along), where the change in the gradient of
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the image is lower. Similarly, the other two eigenvectors represents perpendicular
directions (across), where the gradient changes are higher because of the existence
of the tubular boundaries (Figure 6.3). In CT images, vessel locations are
characterized by a local bright tubular-like structure surrounded by darker
intensity values, and the opposite situation is found in airways. However,
in both circumstances the principal direction is represented by v = ū1 when
the eigenvalues and eigenvectors are ordered as explained before. Just sign in
eigenvalues λ2 and λ3 are different.

Figure 6.3: Eigenvalues and eigenvectors in tubular-like structures. The preferential direction
of the tube corresponds to the eigenvector associated to the eigenvalue with the minimum
absolute value, where the gradient variation is minimum because of the absence of boundaries
along the structure.

By using the preferential local direction of vessel, vves, and airway particles,
vair, we can compute an orientation similarity score based on the cosine-like
distance. Therefore, the corresponding score between a vessel particle and a
bronchial one can be defined by the cosine of the angle between them, represented
by the normalized scalar product. To deal with a possible incoherence in the sense
of vectors, we use the absolute value to work only with directions, allowing just
angles between 0 and 90 degrees and, therefore, an orientation similarity score
with values between 0 (perpendicular vectors) and 1 (parallel vectors):

OSS(vves, vair) =
|vves · vair|
‖vves‖2‖vair‖2

(6.2)

In order to deal with the probable noise in the computation of preferential
directions and to rise the amount of information (and, consequently, the
robustness of the measurement), the orientation analysis in each vessel particle
takes into account several airway particles. The orientation similarity score is
computed for each pair considering a vessel particle and the corresponding Nneig

closest airway particles (pves, p
i
air), with i = 1..Nneigh. Thus, each vessel particle

will have Nneigh orientation similarity scores, that can be joined in a orientation
similarity histogram of NO

bins bins, resulting in NO
bins unidimensional features.

Figure 6.4 shows a schematic representation of vessel/airway relation and
the consequences in the orientation of the preferential directions. Arterial
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(a) (b)

Figure 6.4: Comparison of vessel particle directions (arrows) and the corresponding closest
airway particles. (a) Arteries tend to show preferential directions very parallel to the
accompanying bronchial segment direction. (b) Veins not necessarily follow similar directions
than the ”closest” airways. Moreover, as shown in Figure 6.2, the possible location of closest
airway particles in diverse bronchial segments would increment the variability in the direction
angles.

particles should have vectors quite parallel to closest airway particles belonging
to the accompanying bronchial segment. Contrarily, venous particles could differ
widely in directions with respect to closest airway particles that could also
display quite different directions if they belong to diverse bronchial subtrees.
Therefore, the orientation similarity histogram for arterial particles should display
an accumulation around 0 degrees (OSS ∼ 1) and the one for venous particles
should display a bigger dispersion.

6.2.2.2 Supervised Training

Once local features are selected, defined and computed, the next step is to define
a way to classify vessel particles into arteries or veins depending on them.

Although the expected output for arterial and venous particles is more or less
known for some of the features, the contribution of the other parameters and
especially the combination of all of them is unclear. For these reason, instead
of trying to directly define a classification function or an arterial/vein similarity
score based on the expected values for the two types of vessel, we decided to use
machine learning to automatically infer this function, finding the most relevant
features and elucidating the combinations that provide a better prediction for
classification of vessel particles. The use of computational tools could allow the
discovery of complex relations and patterns inside the particle features that are
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not previously known.

Supervised learning algorithms [Cunningham et al., 2008] provide a set of tools
to automatically infer a classification function from a set of labeled training data
for which the desired output is known. Analyzing the features extracted from the
training data, a supervised training could create a model that can be used for
mapping new examples, reporting either a discrete classification (binary in our
case) or a prediction value (similarity score for each possible output class that
is typically continuous). These techniques are more powerful than unsupervised
learning algorithms because the availability of labeled training data supply clear
criteria for the model optimization. For that reason, we used supervised learning
to perform the first approximation of AV classification.

In our system, the training set is compose by the AV labeled cases described
in section 4.1.2.4, including vessel segmentation particles with their respective
manual artery/vein annotations and airway segmentation particles. The previ-
ously presented local features are computed for each labeled vessel particle of
the training set and a prediction model is created using the selected supervised
machine learning method. A new case can be analyzed by applying the model
to the set of features extracted from its vessel and airway segmentation particles,

Figure 6.5: Scheme for supervised machine learning AV classification. In the training stage,
features extracted from airway and labeled vessel particles from the training dataset are used to
create a model that can be used in the artery-vein classification stage of particles from new cases.
If the desired output value of the new particles (reference standard) exist, the performance of
the method could be evaluated by checking the correct (green) and wrong (pink) classification
of particles.
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producing a classification. This output could be validated if a gold standard for
this new case is available. Figure 6.5 shows a schematic representation of the
whole process.

Two different supervised learning algorithms were tested in our system: SVM
and RF. They are two of the most popular and useful techniques widely used
by the scientific community in classification and machine learning problems,
providing good combinations of predictive accuracy, fitting and prediction speeds
and memory usage. An implementation in Python of both algorithms and
other tools for data mining and data analysis were available through scikit-learn
package [Pedregosa et al., 2011]. A short introduction to these ML methods is
presented in the following sections.

Figure 6.6: Graphic showing how a support vector machine would choose a separating
hyperplane for two classes of points in 2D. H1 does not separate the classes. H2 does, but only
with a small margin. H3 separates them with the maximum margin. By User:ZackWeinberg,
based on PNG version by User:Cyc [CC BY-SA 3.0 (http://creativecommons.org/licenses/by-
sa/3.0)], via Wikimedia Commons

Support Vector Machines

SVM are techniques theoretically well motivated, developed from statistical
learning theory [Vapnik and Vapnik, 1998]. They perform the classification task
by constructing a hyperplane (or a set of them) in the N -dimensional feature
space, dividing it in M zones corresponding to the M classes. The hyperplane
represents the largest separation between the classes of the training samples, by
a clear gap that is as wide as possible (Figure 6.6).

These learning machines are closely connected to different kernel functions
[Schölkopf and Smola, 2001; Shawe-Taylor and Cristianini, 2004] that allows
the algorithm to fit the maximum-margin hyperplane in diverse transform
feature spaces, which results on linear or nonlinear classifications. The selection
of a linear kernel produces straight classification boundaries. Polynomial
and Gaussian radial basis kernel functions generate nonlinear classification
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(a) (b) (c)

Figure 6.7: Example of SVM classification using different kernel functions: (a) linear kernel,
(b) 3rd degree polinomial kernel and (c) Gaussian radial basis function kernel.

boundaries. Figure 6.7 shows an example of SVM classification using different
kernel functions.

Advantages of SVM include effectiveness in high dimensional spaces, efficiency
in memory due to the use of a subset of training points (support vectors) in the
decision function and versatility because of the possibility of using different kernel
functions. On the other hand, SVMs do not directly provide probability estimates
and therefore, probabilistic similarity scores for the different classes. However,
probabilities can be predicted by logistic regression on the SVM’s scores (binary
case) or pairwise coupling [Wu et al., 2004b] (multi-class case), resulting in low
fitting and prediction speed.

A more complete description of kernel theory and the use of SVM in
classification problems can be found in [Cristianini and Shawe-Taylor, 2000].

Random Forests

RF is considered one of the existing ensemble methods for classification and
regression problems, which are based on the combination of the predictions
performed by several base estimators in order to improve the generalization and
robustness of the algorithm over a single estimator.

In RF, two strategies for introducing diversity into an ensemble are combined:
sub-sampling the examples (bagging) and sub-sampling the features (feature
selection). The driving principle is to build T independent estimators based
on decision trees and then average their predictions [Breiman, 2001]. A perturb-
and-combine strategy is followed [Breiman et al., 1998], constructing a set of
classifiers by introducing randomness, slightly increases the bias, but it is later
compensated with the averaging step, hence yielding an overall better model.
Figure 6.8 shows an scheme of the RF classification method.

The construction of each one of the T decision trees follows the next steps
[Khoshgoftaar et al., 2007]:

1. A training subset is built from a sample drawn with replacement from the
original training dataset.
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2. Each node in the decision tree is created following two steps:

Being Nfeat the total number of features, nfeat << Nfeat are randomly
selected. Generally, nfeat = log2(Nfeat) + 1 or

√
Nfeat.

The feature that generates the best split is chosen to create the
splitting node with the specific threshold.

3. The tree is partially or fully developed and no pruning is employed.

Advantages of RF include robustness, high predictive value, high speed
in both fitting and prediction stages, low memory use, facility to understand
and interpret the results and the management of probabilistic estimates and,
therefore, probabilistic similarity scores for the different classes. The principal
disadvantage is the high dependence of the results depending on the parameter
selection.

Figure 6.8: Graphical description of RF classification algorithm and example of classification
of a new sample. Random subsets of training samples are selected to construct T decision tree
estimators. A new instance is classified by extracting the predictions in each tree and averaging
all of them to compute the final probabilistic score.

6.2.2.3 Arterial/Venous Similarity Measures: Classification Based
on Local Features

Once the model is created from the features extracted in vessel particles from the
training set, it can be used to classify particles belonging to new cases.

The final classification scores obtained for each new particle are probabilistic
estimations, and therefore, they can be interpreted as arterial/venous similarity
measures, where values represent the probability of a particle belonging to the
arterial (Part) or venous (Pvein) irrigations, with Part + Pvein = 1. Selecting the
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class artery as the positive one, a classification score of 1 represents a prediction
of being an arterial particle without a doubt. In the same way, a classification
score of 0 represents a secure prediction of being a venous particle. Middle values
represent different degrees of certainty in the classification of the particle.

Although a methodological validation of the performance of the classification
algorithm is possible using these arterial/venous similarity measurements, the
practical value of an AV segmentation algorithm falls on the binary classification
into arteries and veins. The probabilistic nature of the AV similarity measures
allows a conversion of the continuous-score classification into a binary one, by
simple thresholding (Figure 6.9). Every particle with Part > 0.5 (and therefore
Pvein < 0.5) is classified as artery; and particles with Part < 0.5 (and therefore
Pvein > 0.5) are classified as veins.

Despite a visual examination of the binary AV classification based on local
features seems to show relative good overall results (Figure 6.9), a detailed and
careful analysis reveals some important problems as consequence of the followed
particle-base classification strategy: spatial inconsistencies. Figure 6.10 shows a
zoom of the previous binary classification example where the spatial inconsistency
is clearly identified: some neighbor particles definitely belonging to the same
irrigation do not share the same AV classification.

In order to address these spatial inconsistencies, the inclusion of connectivity
information remains necessary. For that reason, the classification strategy is
modified in order to combine local features and connectivity information in a
single approach.

Figure 6.9: Example of AV classification based on local features showing arterial/venous
similarity measures (probabilistic estimations, Part) obtained using a SVM algorithm (left) and
the posterior AV binary classification after applying a threshold in the probabilities, displaying
arterial class in red and venous class in blue (right).
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Figure 6.10: A zoom on the binarized AV particle classification result based on local features
reveals spatial inconsistencies between neighboring particles. In the emphasized area, most of
particles are classified as veins, but two of them are misclassified as arteries, which represents
a non realistic situation.

6.2.3 AV Separation with Graph-Cuts Combining Local
Features and Connectivity Information

The limitations exposed by the previous approximation for AV segmentation,
using machine learning particle classification based on local features, reveals
the requirement of additional information to incorporate spatial classification
consistency in the results. The inclusion of connectivity knowledge would make
the particle classification dependent on neighboring particles.

The independent use of connectivity information in a dedicated approach has
demonstrated quite limited performance due to the high proximity of arteries
and veins in multiple locations of the development of pulmonary tree irrigations,
commonly displaying touching areas and intertwined events. Some authors tried
to address these problems by applying some modifications or improvements over
the main connectivity strategy (section 3.1.2.1) such as tracking approaches [Park
et al., 2006; Wala et al., 2011] or fuzzy connectedness [Gao et al., 2012, 2010;
Saha et al., 2010; Varghese and Ramya, 2013]. However, all connectivity-based
methods require a starting point: some labeled seeds to begin and drive the
connectivity classification. That is the reason why approaches mainly based on
connectivity tend to be semiautomatic methods, needing user intervention to set
the seed points for arteries and veins.

Thus, we can conclude that local classification approaches need connectivity
information and, at the same time, connectivity-based strategies precise from
pre-classification knowledge as starting point. In brief, both informations are
complementary and therefore, a combined strategy could lead to a satisfactory
solution of the AV classification problem.

On one hand, connectivity information could overcome the spatial incon-
sistency observed after the particle classification based on local features. On
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the other hand, the necessary seed points for arteries and veins, critical
in connectivity-based classification approaches, could be substituted by pre-
classification knowledge provided by the arterial/venous similarity scores ob-
tained with machine learning estimations based on local features. The use
of these classification scores would not require the manual user interaction, a
desirable property taking into account that one of our principal objectives is the
development of a completely automatic method for AV segmentation.

A quite direct and reasonable strategy to combine both sources of information
is the use of Graph-Cuts (GC) for multiple reasons:

(a) Arterial and venous irrigations follow a natural tree structure, which is a
specific type of graph.

(b) The particle-based representation of vessel segmentations provide a direct
correspondence between particles and nodes of the graph.

(c) Spatial relationship between nodes can be represented as edges between
nodes in the graph. The desired connectivity information between particles,
depicting real connections in the actual structure of the vessels (related to
their belonging to the same tree and internal substructure), could provide this
spatial relation to construct the graph edges. The stronger the connection
between particles, the higher the weight of the edge in the graph.

(d) Prior information about nodes can be incorporated as additional edges
connecting each original node with two virtual nodes representing the ideal
artery and the ideal vein. The pre-cassification scores of particles based on
local features can play the role of this prior knowledge. The bigger the arterial
(venous) similarity score, the higher the weight of the edge connecting the
particle with the node representing the ideal artery (vein).

(e) The minimal-cut pursued with GC would divide the complete graph into
two connected components –removing the best combination of edges that
minimizes the accumulative weight– where each one of them contains one of
the virtual nodes (ideal artery or ideal vein). This division, dependent on
the information contained in all the edges of the graph, would represent the
desired classification of particles into arteries and veins.

Figure 6.11 shows a scheme of the GC strategy and its structure combining
local features and connectivity information. In the following subsections we
describe the generation of this graph step by step and the computation of the
final classification based on graph theory. First, we introduce the basic concepts
of GC that allow the full understanding of the reasons presented above. Secondly,
we address the actual graph construction, describing the generation of the two
types of edges from the two different sources of information, together with some
modifications and refinements introduced to overcome some possible problems.
Finally, we describe the algorithm used for the computation of the minimal-cut
and, consequently, the final AV classification based on GC.
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Figure 6.11: Scheme of Graph-Cuts strategy for AV segmentation showing the inclusion of
connectivity information between vessel particles (purple edges) and the artery/vein similarity
information (green edges) connecting vessel particles and virtual nodes representing the ideal
artery (red) and ideal vein (blue). A minimal-cut (orange dashed line) divides the graph into
two connected components by removing some edges, representing the final classification of each
particle depending on the preservation of the connection with one of the virtual nodes: ideal
artery or ideal vein.

6.2.3.1 Graph-Cuts

Graph-cuts combine graph theory [Bondy and Murty, 2008] and energy min-
imization methods in a multidimensional optimization tool broadly used to
solve multitude of computer vision problems among others. Basically, GCs can
represent a classification problem with a special graph where the best solution
for the classification is reached by finding minimum-cuts in the graph.

A graph G consists of a set of vertexes or nodes V = {vi | i = 1..Nnodes} and
a set of edges connecting different nodes, E = {(vi, vj) | i, j = 1..Nnodes}. In GC,
V is composed by two types of nodes: two special terminal nodes (virtual nodes
named source, s and sink, t), Vt = {s} ∪ {t}, and a set of real non-terminal
nodes, Vn−t. Similarly, E contains two groups: edges connecting pairs of non-
terminal nodes commonly known as n-links, En−t = {(vi, vj) | vi, vj ∈ Vn−t},
and edges that connect one terminal node and one non-terminal node known as
t-links, Et = {(s, vi) ∪ (vi, t) | vi ∈ Vn−t and s, t ∈ Vt}. Edges are assigned a
non-negative cost or weight w (W = {w(vi, vj) | vi, vj ∈ V}). One edge (vi, vj)
can have a different cost from the reverse edge (vj, vi) (directed graph) or the
same (undirected graph).

A cut, C, is a partition of the graph G in two connected components G1 and
G2 containing, respectively, the special nodes s and t. Thus, a cut is a special
case of graph partition (Figure 6.12). The cost of a cut, C = {G1,G2} is the sum

133



CHAPTER 6. PULMONARY AV SEGMENTATION METHOD

Figure 6.12: Graph partition VS Graph-Cut. Top: example of graph displaying terminal
nodes sink and source (green circles), non-terminal nodes (white circles), n-links (purple
lines) and t-links (green dashed lines). The thickness of the links represent their weights
w. Left: example of graph partition (orange line), P, where sink and source are not necessarily
in different connected components. Right: example of graph-cut (blue line), C, where sink
and source are forced to belong to different connected components. Indeed, P and C are the
minimum-partition and minimum-cut respectively. Although w(P) << w(C), P is not a valid
cut.

of all the weights of the edges that need to be removed to obtain that partition
from G, wcut(C) = {

∑
k,l

w(vk, vl) | G = {G1,G2,
⋃
k,l

(vk, vl)}}. A minimum-cut, Cmin

is simply the cut with the minimum cost among all cuts.

As presented before, the structure of the graph-cut can be seen as a
classification problem, where the virtual sink and source nodes represent the two
final classes. A cut defines a binary classification, where the class of each node is
determined by its final connection with only one of the special nodes (Figure 6.13).
The weights of the edges between nodes denote the strength of their connection,
and, therefore, the cost needed to separate them (assign different classes), so the
minimum-cut defines the classification output with the global minimum cost.

The search of the minimum-cut is an energy minimization problem, where
the energy, E can be decomposed in two parts: likelihood energy or regional term
Ereg, and coherence energy or boundary term Ebound. Actually, E = Ereg+Ebound.
The regional term describes the likelihood of each class, and it is represented
with the weights of the t-links (Et). The boundary term designate the coherence
between neighborhood nodes and it is represented by the weights of the n-links
(En−t). Therefore, the min-cut is the classification that globally minimizes the
combination of both energies to perform the classification. In Figure 6.13, regional
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Figure 6.13: Classification with GC. Example of graph (left) where s (blue) and t (red) nodes
represent the classes A and B respectively. After applying a cut (right), all nodes connected
with s would be classified in the A group, and nodes keeping edges with t would belong to class
B.

term is represented by red and blue edges; boundary term is represented by purple
lines.

Although we presented a GC description for binary classification, the
extension for multilabel problems is quite direct. However, while the optimal
(global) min-cut is a solvable problem in the binary classification, the multilabel
case is a NP-hard problem (non-deterministic or not solvable in polynomial-time)
where, at least for the moment, the best solution can only be approximated using
different optimization approaches. A more detailed description and application
of GC can be found in [Boykov and Veksler, 2006].

AV segmentation is a binary classification problem, so a GC approach could
achieve the best solution by finding the minimum-cut. Source and sink nodes
could correspond to ideal artery and vein in the undirected graph. Vessel particles
could be nodes of the graph. The regional term could include prior knowledge
through the artery/vein similarity scores of particles; the boundary term could
incorporate the connectivity information between particles (Figure 6.11). All
these reasons support the decision of using GC to address the AV separation
task.

In the following subsections we define the construction of edge weights
representing the boundary and the regional terms, the combination of both
to establish a suitable energy function and the computation of the min-cut to
perform the final classification.

6.2.3.2 Boundary Term: Connectivity Information

As described before, the boundary term of the GC, represented by the edges En−t,
must include information about the coherence between neighbor nodes. In our
system, it could correspond to the connectivity information between particles.

A desired ideal connectivity would include two connections per particle p
(with previous and posterior particles), except for terminal points (root and
final nodes) that would have only one connection, and bifurcation points that
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would have three connections. However, particle-based segmentations does not
report any connectivity information between particles. Thus, real structural
information is unknown and can only be estimated. This circumstance, together
with the previously reported problems related with the structure and topology of
arterial and venous trees (proximity of irrigations, intertwined structures difficult
to differentiate from bifurcation points), avoid a proper definition of the ideal
connectivity in our system. The constrained two-neighbor strategy may produce
deep misconnections. In order to overcome this difficulty, our strategy follows a
conservative structural connectivity, by allowing the generation of links between
each particle and all the particles that are within a certain distance rneigh which
is big enough to assure abundance of links, decreasing the probability of missing
important and real connections between different vessel segments and subtrees
(Figure 6.14). Therefore, the initial set of potencial n-links is defined as:

Ên−t = {(p1, p2) | p1, p2 ∈ Vn−t & dist(p1, p2) < rneigh} (6.3)

Figure 6.14: Comparison of ideal connectivity between particles in a vessel tree structure
(left) and a conservative structural connection strategy (right). The emphasized node (gray)
display only three connections (pink) in the ideal situation. In the conservative strategy, more
connections are created joining particles that are within a certain distance from the node (blue
area).

However, not every edge in Ên−t will be added to the final graph. In the
following subsections we describe the selection of final n-links, En−t, and the
posterior computation of their weights Wn−t.

Selection of final n-links

Although the generation of excessive particle n-links avoids the probable omission
of real connections that could be caused by the proximity of arterial and venous
irrigations, it also generates problems that need to be addressed. Locations
where both irrigations are closely situated would display a high density of
edges, mixing intra-irrigation particle connections (artery-artery and vein-vein)
and inter-irrigation particle connections (artery-vein). As consequence, a cut
separating particles in these areas would need to remove more edges than usual,
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and therefore, the probability of getting a minimum-cut decreases (omitting the
importance of the weights of edges). Two strategies can be used to overcome this
difficulty:

1. Constraint connections by using vessel directionality information. Since
an estimation of local vessel direction, v̄, in the position of each particle,
p, is known, the expected neighbor particles should be located around this
direction. For that reason, apart from restricting the construction of n-links
joining particles within certain distance (inside the ball of radius rneigh), we
also constraint it by generating connections with just neighbor particles
that are inside a cylinder along the preferential direction of the specific
particle (Figure 6.15):

Ẽn−t = {(p1, p2) | p1, p2 ∈ Vn−t & p2 ∈ Brneigh
(p1)

⋂
C rneigh

2
(p1, v̄1)} (6.4)

where Br(p) is the ball of radius r around the particle p, and Cr(p, v̄) is the
cylinder of radius r centered in p = (px, py, pz) and oriented along the unit
vector v̄ = (vx, vy, vz):

Br(p) ={p′ | dist(p, p′) < r}
Cr(p, v̄) ={p′ | A2 +B2 < r2}

A = −(p′x − px) sin(θ) + (p′y − py) cos(θ) cos(φ)+

+ (p′z − pz) cos(θ) sin(φ)

B = −(p′y − py) sin(φ) + (p′z − pz) cos(φ)

with θ = arctan(
vy
vx

), φ = arcsin(vz)

(6.5)

The selection of the radii for the cylinder is essential to balance the desired
restriction in the generation of inter-irrigation connections with respect
to the need of flexibility to properly deal with unsettled areas such as
bifurcations (Figure 6.15).

2. Fix a maximum number of connections. In order to stabilize the number
of connections between particles, we create Ncon maximum n-links for each
particle p1 by selecting its Ncon nearest neighbors as p2 (equation 6.6).
In that way, each node in the graph will have approximately Ncon

edges, avoiding over-connections of particles in vessel-intertwined areas.
Therefore, the resistance of each part of the graph to be split by a minimum-
cut will depend more on the strength (weight) of the edges instead of the
number of them. Note that some particles could have less number of edges if
there are not enough neighboring particles within the region delimited by its
ball and cylinder; and others could have more than Ncon when summing up
connections starting from a specific particle and connections ending there
due to the anisotropic nature of the cylindrical regions.

In summary, the final set of n-links is defined as:

En−t = {(p1, p2) | p1, p2 ∈ Vn−t & p2 ∈ kNN(p1, v̄1)} (6.6)
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where k = Ncon and:

kNN(p, v̄) ={p′i | p′i, p′j ∈ Brneigh
(p)

⋂
C rneigh

2
(p, v̄)

& dist(p, p′i) < dist(p, p′j), ∀i = 1..k, ∀j > i}
(6.7)

Figure 6.15: Comparison between isotropic connection strategy (left) and anisotropic one
using cylindrical areas along the preferential direction of vessels (right). The emphasized
node (gray) displays connections (pink) with nodes from two different irrigations (purple and
orange) closely situated when directionality information is not used (blue area). The cylindrical
area (green) used in the anisotropic strategy avoids inter-irrigation connections. The effect in
unsettle areas such as bifurcation points is also shown, probing how critical the selection of a
proper cylinder radius could be in order to keep connections in these areas.

Computation of n-links weights

The strength of the connections between particles, depicted in the graph by the
weight of the edges between non-terminal nodes, will represent a probability-
like estimation of being neighbors in the vascular tree for each couple of vessel
particles. This weight can be defined using two critical features, spatial and
structural information provided by the proximity of particles (distance between
particles) and the local vessel direction consistency (angle between preferential
directions):

1. Particle Proximity. The closer two particles are located, the higher the
probability of being neighbors in the arterial or venous tree. When the
distance rises, the certainty of being neighbors decreases and it is more
probable that one of the particles belongs to the venous tree structure and
the other belongs to the arterial one. The proximity between two particles
is defined by the euclidean distance between them:

w̄dist(p1, p2) = ‖p1 − p2‖ (6.8)

This criterion could not be fully appropriate when looking at unsettled
areas where arteries and veins are closely situated and/or intertwined, so
additional information is needed in order to define a proper edge weighting.
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2. Direction Consistency. The direction of tubular development changes
smoothly and continuously along the vessels, so neighbor particles belonging
to the same tree structure should share a similar preferential direction. The
more parallel the local direction of vessels in the two particle locations, the
higher the probability of being neighbors within the same tree irrigation.
Using this criterion, vessel segments closely situated that are not part of
the same subtree, could be detected. In areas with intertwined arteries
and veins, the probability of parallelism between preferential directions of
particles belonging to different irrigations decreases drastically, so direction
consistency criterion could penalize these inter-irrigation edges. However,
we also need to take care of some problems regarding bifurcation points,
where the definition of preferential direction is unstable. In these areas
the criterion based only in parallelism between preferential directions could
lead to small weights in bifurcation edges. The use of a connectivity vector
between particles (representing the direction of the potential vessel passing
through both particle locations) could overcome the problem:

v̄conn(p1, p2) = p1 − p2 (6.9)

Therefore, a proper and robust way to define the direction consistency
would use the parallelism between the connectivity vector and the indi-
vidual preferential local directions in particles (Figure 6.16).

Figure 6.16: The connectivity vector between particles can improve the definition of edge
weights based on parallelism between preferential directions. Actual neighboring particles p0
and p1 have quite parallel preferential directions (red arrows) v̄0 and v̄1. Intertwined structures
originate situations where particles belonging to different irrigations (p1 and p2) have similar
preferential directions (v̄1 and v̄2). However, connectivity vector v̄1−2 displays a big angle with
respect to both preferential directions (αA). In bifurcation locations (p3), the instability in the
definition of preferential direction (v̄3) could create low parallelism with respect to neighboring
particles (p4 with direction v̄4). The use of the connectivity vector v̄3−4 recovers the actual
parallelism with v̄4 (αB).
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The parallelism between vectors can be represented numerically by a cosine-
based distance:

w‖(v̄1, v̄2) =cos(min(φ(v̄1, v̄2), π − φ(v̄1, v̄2))

=|cos(φ(v̄1, v̄2))| = |v̄1 · v̄2|
‖v̄1‖‖v̄2‖

(6.10)

where φ(v̄1, v̄2) represents the angle between both vectors in the range
[0, π]. By using the absolute value, we restrict the angles between 0 and
π

2
(ignoring sense of the vectors), so w‖ values go from 0 (perpendicular

vectors) to 1 (completely parallel vectors).

By using both sources of information, we can construct a weighting function
to define the strength of the n-links (edges of boundary term). A set of 9 different
weighting functions were created following the same common principles: output
high values for edges connecting close particles with parallel preferential directions
and lower values for particles not so close and/or parallel (Figure 6.17). They
will be tested in order to select the best option for our purpose (section 6.3).

w1(p1, p2) =
max(w‖(v̄conn(p1, p2), v̄1), w‖(v̄conn(p1, p2), v̄2))

1 + wdist(p1, p2)
(6.11)

w2(p1, p2) = w‖(v̄1, v̄2) · w1(p1, p2) (6.12)

w3(p1, p2) =
w2(p1, p2)

(1 + wdist(p1, p2))
(6.13)

w4(p1, p2) = w2(p1, p2)2 (6.14)

w5(p1, p2) = w4(p1, p2) · (1 + wdist(p1, p2)) (6.15)

w6(p1, p2) = w‖(v̄1, v̄2) ·
max(w‖(v̄conn(p1, p2), v̄1), w‖(v̄conn(p1, p2), v̄2))

2 + wdist(p1, p2)
(6.16)

w7(p1, p2) =
w6(p1, p2)

2 + wdist(p1, p2)
(6.17)

w8(p1, p2) = w6(p1, p2)2 · (2 + wdist(p1, p2)) (6.18)

w9(p1, p2) = w6(p1, p2)2 (6.19)

where p1, p2 are vessel particles and v̄1, v̄2 are their preferential directions.
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Figure 6.17: Representation of final boundary term based on connectivity information where
the weight of the edges (thickness of purple connections) depends on the distance and parallelism
between neighboring particles.

6.2.3.3 Regional Term: Artery/Vein Similarity Score Based on
Local Features

As explained before, the regional term of the GC, represented by the edges Et,
must include prior likelihood information about the classification model. This
role can be played by the artery/vein similarity scores (Part and Pvein) obtained
in the pre-classification approach based on local features (section 6.2.2).

The weights of the special edges (t-links), connecting vessel particles and the
virtual nodes, could be directly fixed to the probabilistic estimations:

w(s, pves) = Part(pves)

w(pves, t) = Pvein(pves) = 1− Part(pves)
(6.20)

where pves are vessel particles, s and t are the virtual nodes representing the ideal
artery and ideal vein. Since Part and Pvein are probabilistic estimations, for each
particle, Part(pves) + Pvein(pves) = 1.

Figure 6.18 shows an example of a final graph where the previously computed
boundary term (n-links) is completed with the regional term (t-links) constructed
from the machine learning pre-classification step.

However, since local features used in the machine learning pre-classification
step basically exploit the topological and structural relation of vessels with respect
to airways, the probabilistic similarity scores obtained in peripheral areas of the
lung are less reliable. As explained before, segmentations of the bronchial tree can
not reach these areas, so the absence of airway information imply huge limitations
in the classification power of small vessel particles and those located far from
airways (Figure 6.19). Similarly, particles located in main-stem vessels offer low
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Figure 6.18: Example of graph merging edges of the regional and boundary terms. Sink
and source nodes representing ideal vein and artery are represented as blue and red circles
respectively. t-links connecting ideal vein (ideal artery) with each non-terminal node –vessel
particles– are shown with blue dashed lines (red dashed lines). n-links described in section
6.2.3.2 are depicted with purple lines. The strength of the connections is represented by the
thickness of the links. Circumferences representing non-terminal nodes (vessel particles) share
the same color than the terminal node (ideal artery or vein) with the strongest t-link connection.
That corresponds to the binary pre-classification based just on the artery-vein similarity scores
(regional term).

confidence levels of artery-vein similarity scores due to their abnormal spatial
location at the hilum, where arteries, veins and airways lie together.

For these reasons, we decided to limit the use of pre-classification scores only
in areas where reliable bronchial information can be found. To be sure that
airways provide enough information for the classification of particles, the region
of interest is constrained to the convex hull (plus a security margin, mCHull) of
the available bronchial tree segmentation (Figure 6.20). The exclusion of hilum
region can be performed by imposing a limitation on the vessel caliber rmax

ves . Only
vessel particles with size lower than this value and located inside the convex hull
are considered to construct their t− links from the probability scores. Note that
the value of rmax

ves need to be carefully selected (or omitted) due to the high inter-
subject variability and the probable dependence of vessel sizes with pathological
states.

Therefore, the final weights of t-links connecting vessel particles with the ideal
artery and vein, are fixed to the probabilistic estimations only if the particles
comply with the previous restrictions; if not, we assume that there is not a
preferential classification as artery or vein for the particle, and the connectivity
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Figure 6.19: Limitations of machine-learning classification in particles far from airway
locations. In these areas, both arteries and veins lie far from the constrained airway
segmentations, so features exploiting the topological and structural relation between vessels
and airways do not provide any differential information.

Figure 6.20: The construction of the regional term is constrained to the convex hull, plus a
security margin (purple area) of the airway segmentation (green structure). Only vessel particles
located inside this area take into account their pre-classification similarity scores (based on local
features including vessel-airway relations) as weights in the corresponding edges (t-links). The
rest particles have t-links with the same weight when connecting the sink or the source.
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information will drive its final classification:

w(s, pves) =

{
Part(pves), if pves ∈ CHull(Vair) & scale(pves) < rmaxves

0.5, otherwise

w(pves, t) =

{
Pvein(pves), if pves ∈ CHull(Vair) & scale(pves) < rmaxves

0.5, otherwise

(6.21)

where Vair = {pair,i ∀i} denotes all airway particles and CHull(Vair) represents
the dilated convex hull of all airway particle points.

6.2.3.4 Refining the Graph

Given the final AV graph, GAV , defined by nodes representing vessel particles,
Vn−t; the special terminal nodes s and t representing the ideal artery and ideal
vein; and the non-directional weighted edges representing the boundary term,
En−t and the regional term, Et; we realize that an additional problem need to be
tackled: the possibility of disconnections between subgraphs in GAV .

The particle-based method used for vessel segmentation [Estépar et al., 2012b]
usually outputs sets of particles that are not connected and relatively far from the
principal structure. Consequently, the restrictions introduced in the construction
of n-links impede the full connection of all vessel particles into a graph with
a single connected component. The result is a forest, FAV , with some isolated
subtrees, instead of a graph, GAV .

The minimum-cut can be computed in forests in the same way than in
graphs. The result in forests is the combination of the minimum-cuts computed
independently in each connected component. This means that each subtree in
FAV is treated as an independent AV classification problem. It is not an issue
if each subgraph has pre-calssification information incorporated in the regional
term that can be used to drive the search of the minimum-cut and, therefore, the
final classification.

However, as explained in the previous subsection, the use of this regional term
is restricted to a certain part of the whole lung where the local features exploiting
the relation of vessels and airways can be properly used: the convex hull of the
airway tree segmentation. Then, some subtrees could be located outside this area
and, therefore, no artery-vein similarity information would be included inside the
t-links of the subgraph –actually, t-links would exist, but with a weight of 0.5 for
the connection with both the ideal artery and the ideal vein–. As consequence,
the minimum-cut would not be unique, being equally probable the classification of
every particle in the subgraph as either arterial or venous points, so the selection
of the final minimum-cut would be performed by chance (Figure 6.21).

The assurance of a connected graph would avoid these problems related with
isolated trees. The forest FAV can be turned into a graph GAV by connecting
subtrees iteratively with edges depending on minimum distances between them.
The strategy repeats the following steps until the graph is composed by only one
connected component:
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Figure 6.21: Example of forest with two connected components showing one isolated subtree
that is located outside the convex hull of airways (represented by the purple area). Nodes in this
subtree does not include artery-vein similarity measures in the regional term, so connections
with ideal artery and ideal vein (red and blue circles, respectively) have the same weight (0.5).
Consequently, both cuts displayed need the same energy to be performed, making equally
probable the selection of them as minimum-cut. Ultimately, the probability of classifying these
two nodes as arterial particles is the same than venous particles and it would be decided by
chance.

� Select the biggest connected component as the principal one.

� Compute euclidean distances from particles of secondary subtrees to
particles belonging to the principal one.

� Select the minimum distance and create the edge connecting both particles
with the cost determined by the specific weighting function wi(p1, p2).

The iterative process is represented in Figure 6.22, where the final connected
graph allows the proper classification of particles previously belonging to isolated
subtrees, by using the connectivity information in the selection of the minimum-
cut.

6.2.3.5 Classification Based on GC: Min-Cut/Max-Flow Algorithm

Once the final graph is completed, the minimum-cut, Cmin, can be computed to
perform the final binary AV classification.

As explained before, a cut C divides the graph GAV into two connected
components S and T containing the special nodes s and t (ideal artery and
ideal vein) respectively, by removing specific edges from En−t and Et. S and
T represent an AV separation: particles belonging to S would be classified as
arteries and particles belonging to T would be classified as veins.
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(a) (b)

(c) (d)

Figure 6.22: Process of graph refinement that converts a forest (a) with several isolated
subtrees into a connected graph (d). The example shows one principal subtree and two isolated
trees. (b) In the first iteration, potential edges for each particle from isolated subtrees are
selected by computing minimum distances to particles belonging to the principal subtree (light
green double lines). The one with the minimum distance determine the edge to construct (dark
green triple line). (c) After that, there is only one isolated tree left. The same process ends
with the construction of a new edge conforming the final connected graph (d) with only one
connected component.

The min-cut Cmin is the cut C with the minimum cost, which depends on two
energy terms related with the boundary (Ebound), and regional (Ereg) terms:

Cmin(S, T ) =argmin
S,T

E(S, T )

=argmin
S,T

(
Ebound(S, T ) + α · Ereg(S, T )

) (6.22)

where α parameter balance the weight of the regional term (artery-vein similarity
scores) with respect to the boundary term (connectivity information) in the
computation of the final cost of a cut. Note that both costs are normalized
between 0 and 1, but the two measurements are not correlated and come from
different information sources. Moreover, each particle include only two t-links
and, approximately, Nconn. For these reasons, a parameter to balance both
contributions becomes necessary.
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The energy of a cut is represented by the sum of weights of the edges removed
to perform the split of the graph:

E(S, T ) =
∑

p1∈S,p2∈T
(p1,p2)∈E

w(p1, p2) =
∑

p1∈S
⋂
Vn−t

p2∈T
⋂
Vn−t

(p1,p2)∈En−t

w(p1, p2)+

+ α ·
( ∑
p1∈S

⋂
Vn−t

(p1,t)∈Et

w(p1, t) +
∑

p2∈T
⋂
Vn−t

(s,p2)∈Et

w(s, p2)
)

=

= Ebound(S, T ) + α · Ereg(S, T )

(6.23)

The max-flow/min-cut theorem establish a correspondence between the cost
of a minimum-cut in a graph-cut framework and the amount of the maximum
possible flow in a flow network (by interpreting graph edges as directed ”pipes”
with capacities equal to edge weights). The maximum amount of flow passing
from the source to the sink is equal to the minimum capacity that, when removed
in a specific way from the network, causes the absence of flow from source to
sink. The theorem of Ford and Fulkerson [Ford and Fulkerson, 1962] states that
a maximum flow from sink to source saturates a set of pipes that divides the
nodes in two disjoint groups corresponding to the minimum-cut in the graph.

The binary dual problem can be solved exactly using linear programing in
polynomial time. A version of the max-flow/min-cut algorithm, designed for
multi-label optimization, that provides the exact solution in binary problems,
was developed by Boykov et al. [2001]; Delong et al. [2012]. A version written in
C++ with wrappers for Matlab and Python is available online2. By using this
code, the minimum-cut of the final graph GAV is computed. Figure 6.23 shows
how GC can improve the AV segmentation results obtained from the approach
using machine learning based on local features (section 6.2.2) by overcoming the
spatial inconsistencies and avoiding classification problems.

2http://vision.csd.uwo.ca/code/
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Figure 6.23: Example displaying the improvement on AV classification results using GC.
The situation shown in subsection 6.2.2.3, displaying spatial inconsistencies in artery-vein
classification of particles when using only machine learning based on local features (top left),
is corrected with the use of graph-cuts. A simplification of the problem, represented by a
graph is shown in the top right picture. By merging information from artery-vein similarity
measures (blue and red dashed lines) and connectivity information (purple lines), the minimum-
cut (dash-dot green line) is able to recover the consistency in the classification, as displayed in
the bottom right picture. The energy needed to perform the min-cut is lower than any other
possibility (bottom left). Blue (red) circumferences represent vessel particles pre-classified as
veins (arteries) by using the machine learning approach included in the regional term edges
inside the graph. Blue and red circles correspond to final classification after applying GC.
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6.3 Technical Validation and Parameter

Optimization

In this section we present the selection of the most convenient parameters
and variables that optimize the performance of the AV segmentation approach.
Using bronchopulmonary segment phantoms (section 4.2) as training dataset,
different systematic and anecdotal experiments were conducted to set the value of
these parameters for testing the final anthropomorphic pulmonary CT phantoms
and real CT cases. The validation strategy is also presented, describing the
measurements for the AV evaluation.

6.3.1 Validation Strategy

Since our AV segmentation approach consist on a binary classification, results
will be evaluated using the typical measurements for classification problems:
precision, recall and F1-score.

The set of samples to evaluate is composed by the vessel particles pves. For
each sample, the prediction outcome (estimated classification) is compared with
the actual class determined by the existing reference standard. Selecting one of
the two possible classes –artery or vein– as the positive one (and therefore, the
other class would be the negative), four situations are possible in the evaluation
of a particle classification:

� True Positive (TP): correctly classified as positive.

� True Negative (TN): correctly classified as negative.

� False Positives (FP): incorrectly classified as positive. The actual class is
negative.

� False Negative (FN): incorrectly classified as negative. The actual class is
positive.

Figure 6.24: Confusion matrix summarize the number of TP, FP, TN and FN existing in a
classification test.
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The results for all instances can be summarized in the confusion matrix
(Figure 6.24), and some measurements or evaluation metrics can be derived from
there: sensitivity or recall, specificity, precision, accuracy, F1-score, etc.

In our evaluation, precision, recall and F1-score (Figure 6.25) are computed
for both arterial and venous classification independently (when selecting class
”Artery” or ”Vein” as the positive class, respectively). The average of both
values is reported as the final evaluation measurement for AV classification in
order to equally weight arteries and veins and take into account the possible (but
unusual) imbalance in the data.

Figure 6.25: Schematic representation of precision and recall evaluation metrics derived
from the confusion matrix of a classification test. By Walber (Own work) [CC BY-SA 4.0
(http://creativecommons.org/licenses/by-sa/4.0)], via Wikimedia Commons

Precision

Precision or Positive Predictive Value (PPV) measures the proportion of samples
classified as positives that are actually positives (exactness).

PPV =
TP

TP + FP
(6.24)
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Recall

Recall, Sensitivity or True Positive Rate (TPR) measures the proportion of
actual positive samples that are correctly identified as such in the classification
(completeness).

TPR =
TP

P
=

TP

TP + FN
(6.25)

F1-score

Is the harmonic mean of precision and recall. The F1 metric weights recall and
precision equally, and a good retrieval algorithm will maximize both precision
and recall simultaneously. Thus, moderately good performance on both will be
favored over extremely good performance on one and poor performance on the
other.

F1 = 2 · PPV · TPR
PPV + TPR

=
2 · TP

2 · TP + FP + FN
(6.26)

6.3.2 Parameter Selection

The whole AV workflow depends on several parameters that could change
the results, the performance or the efficiency of the algorithm and, therefore,
they need to be optimized to obtain acceptable classification results. Some
of them were fixed experimentally, by performing some test and checking the
correct behavior of the algorithm and the correspondent outcomes. Some other
parameters, with critical importance in the approach, required exhaustive tests
and multiple comparisons to select the proper values for them.

In the following subsections, the optimization of parameters related with each
steps of the algorithm is explained.

6.3.2.1 Parameters related with local features

Section 6.2.2.1 described several features extracted from vessel particles and used
in the pre-classification (and therefore, in the construction of the final regional
term in GC) step based on supervised machine learning.

The number of airway particles used to explore vessel-airway relation
(distances and orientation similarity), Nneig, was fixed experimentally by running
several isolated tests. The number of bins for the local intensity histogram (N I

bins)
and the orientation similarity histogram (NO

bins) were selected by iteratively
decreasing this number while checking computation times of the training step,
and results of the evaluation metrics (precision, recall and F1-score) over a cross-
validation strategy using the whole dataset of bronchopulmonary phantoms. The
selected final values showed a good balance between efficiency (lower computation
times when lower number of bins) and classification power (usually better results
when the number of features –bins– is higher). Table 6.1 summarize these
parameters and their final values.
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Table 6.1: Optimization of parameters related with local features.

Parameter Value Description

N I
bins 10 # bins in local intensity histograms

NO
bins 5 # bins in local vessel-airway orientation histograms

Nneig 20 # airway particles used to check vessel-airway relation

6.3.2.2 Parameters related with supervised machine-learning
classification

Together with the selection of the parameters related with local features,
described above, the selection of a proper learning model, the machine-learning
strategy and the optimization of their internal variables were performed by
running experiments with the synthetic database of bronchopulmonary segment
phantoms (section 4.2).

The selection of RF as ML algorithm instead of SVM was settled based on
the slightly better results using RF with a considerable reduction of computation
times in the model creation (×10). A grid search strategy was followed in
order to test a set of specific parameters and select the best combination in
each case. SVM was tested with: kernel ∈ {linear, rbf} and parameters
C ∈ {10, 100, 1000}, γ ∈ {0.001, 0.0001} [Cortes and Vapnik, 1995]. RF was
tested using nfeat ∈ {

√
Nfeat, log2(Nfeat) + 1} (number of features used in

the construction of each decision node of each tree) and different number of
trees: T ∈ {2n | n = 0..10}. Classification results were converted from
probability estimations to binary artery-vein predictions as explained in section
6.2.2.3, and evaluated by comparing them with the existing reference standard
of bronchopulmonary segment phantoms (Figure 6.26).

The final selection of parameters is summarized in Table 6.2. The number of
trees was fixed based on the results showed in Figure 6.26, trying to maximize the
evaluation scores with the minimum number in order to speed up the evaluation
of new cases and, especially, the construction of the model during the training
stage.

Table 6.2: Optimization of parameters related with machine-learning classification.

Parameter Value Description

Algorithm RF Selected algorithm for classification

nfeat
√
Nfeat

# features used in the construction of tree
(decision) nodes

T 500 # trees
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Figure 6.26: Effect on RF classification performance when changing the number of trees, T
(log2 scale), displaying three evaluation metrics: precision (red), recall (green) and F1-score
(blue). Results correspond to the evaluation of 32 bronchopulmonary segment phantoms with
realistic curvature of structures, Nfin ∈ {10j | j = 3..10} and FA = 3 after training in a set of
32 different phantoms with the same characteristics. Lines represent mean values and shadows
represent the standard deviation. An expected incremental tendency is shown when increasing
the number of trees used in the construction of the random forest, reaching a plateau when T
is between [28 = 256, 29 = 512].

6.3.2.3 Parameters related with Graph-Cut approach

Some parameters used in the construction of the artery-vein GC method were
selected empirically after a relatively small number of tests: the radius of ball for
the creation of the boundary term (particle connectivity), rneigh; the maximum
number of n-links allowed for each particle (number of nearest neighbours), Nconn;
and the security margin of the airway convex hull, mCHull.

However, the most important parameters to achieve a proper behavior of the
GC strategy are the cost function for n-links (weight of edges representing particle
connectivity), w(p1, p2); and the α value that balances the contribution of weights
related with the boundary and regional terms in the graph. For that reason, a
set of systematic experiments were performed to test multiple combinations of
both parameters. The analysis of results, using the dataset of bronchopulmonary
segment phantoms, determined the best combination of w and α.

Figure 6.27 shows the evaluation results on a grid search for the comparison
of multiple combinations of w = {wi(p1, p2) | i = 1, ..., 9} and α = 6, ..., 12.
Final F1-scores obtained after the application of the complete GC strategy over
bronchopulmonary phantoms with and without the deformation of structures (to
obtain realistic curvatures in vessels and airways), and using different density
of airways (FA = 1, 2, 3) are reported. As expected, phantoms with curved
structures reach slightly worse results compared with undeformed phantoms,
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(a)

(b)

Figure 6.27: Evaluation results (F1-score) of GC in bronchopulmonary segment phantoms,
using a grid search to select the best cost function for the boundary term, w, and the parameter
to balance the contribution of regional and boundary terms in the graph, α. (a) F1-scores
varying w and α in bronchopulmonary phantoms without the application of a deformation to
provide vessels and airways with more realistic curvatures. (b) F1-scores varying w and α
in the final bronchopulmonary phantoms with realistic curvature of their internal structures.
In both situations, the three surfaces represent results with phantoms with three different
densities for airways (varying FA factor). Each surface of F1-scores was obtained by training
in 32 bronchopulmonary phantoms and evaluating in other 32 different cases with the specific
parameters and characteristics.The effect of changing w reports huge variations in the evaluation
score; α parameter displays slight but important differences when using the same cost function.
Best result is reached when w = w8 and α = 8 under all circumstances.
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where particle connectivity is more stable and precise. Similarly, F1-scores are
higher when the density of airways increases (low FA factor) because vessel
particles can better exploit the information about vessel-airway relation. Despite
all these circumstances, the tendency of results remains very similar, displaying
good performance always with the same specific cost functions for the boundary
term, w(p1, p2), and reaching the best results when α = 8 and w = w8(p1, p2).

w8(p1, p2) = w2
‖(v̄1, v̄2) ·

max(w‖(v̄conn(p1, p2), v̄1), w‖(v̄conn(p1, p2), v̄2))2

2 + wdist(p1, p2)
(6.27)

The selected function w weights the direction consistency term with a
square contribution of both orientation similarities (particle-particle and particle-
connectivity vector) with respect to the particle-particle proximity term. The α
parameter balance the contribution of boundary and regional terms by amplifying
eight times the normalized weights of the regional term (artery/vein similarity
scores).

Table 6.3 comprises the final values for all parameters related with the artery-
vein GC. They will be used in the validation of the algorithm in antropomorphic
pulmonary CT phantoms and real non-contrast CT cases.

Table 6.3: Optimization of parameters related with machine-learning classification.

Parameter Value Description

rneigh 3 mm Radius of ball for the creation of n-links
Nconn 5 # maximum of n-links allowed for each particle

mChull 20 mm
Security margin in the construction of the airways

convex hull
w(p1, p2) w8(p1, p2) Cost function for computing the weights of n-links

α 8
Parameter to balance the contribution of boundary

and regional terms in the graph-cut
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Results

This part contains the evaluation results of the proposed methods. First, we
display the anthropomorphic pulmonary phantoms and validate their similarity
with respect to the real cases using different measurements. In the second
chapter we present the results obtained with the vessel segmentation method
specifically developed to enhance pulmonary vessels. Finally, we highlight the
classification results of the AV segmentation algorithm over the real and synthetic
CT images presented before, in order to validate the performance and usability
of the method.
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Chapter 7

Results & Validation of Pulmonary
Phantoms

This chapter describes the validation of the generated anthropomorphic pul-
monary CT phantoms by comparing them with respect to real cases. In the
first part we describe the measurements or features that will be computed for the
comparisons. The metrics used to measure differences and the statistical analysis
performed will be presented after that. Finally, we show the evaluation results.

7.1 Validation Strategy

A visual examination of the synthetic pulmonary phantoms demonstrates a good
similarity of the simulated lungs to the real ones (Figure 7.1). Nevertheless, it
is just a qualitative comparison. Some quantitative measurements could provide
more objective information to evaluate the generated phantoms.

Different evaluation measures were extracted from real and synthetic images.
Intraclass variability in real cases (real vs real) and interclass variability (real
vs phantom) were computed using pairwise similarity metrics. A comparison
between them allows us to assess whether the produced synthetic phantoms are
within the range of variability of real lungs.

7.1.1 Evaluation Measures

Because of the typical anatomical variability present in pulmonary vessels and
airways, direct voxel-based comparisons or measurements taking into account
spatial locations of structures are not suitable. For that reason, the evaluation
measures are based on global and local features of the image using intensity
and distance histograms as estimates of the corresponding probability density
function (PDF).

Intensity Distributions

The different location of vessels and airways due to the natural inter- and
intra-subject variability makes that intensity comparisons voxel by voxel output
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Figure 7.1: Visual evaluation of anthropomorphic pulmonary phantoms, showing two CT
images with synthetic right lungs (top row) and left lungs (bottom row) obtained from a real
CT case (left). L=-400, W=1500 HU .

huge differences even if the two images are very similar. Although registration
algorithms could create a good correspondence between different lungs, the
alignment of internal structures is much harder [Murphy et al., 2011]. For that
reason, no spatial information is used to compare different images; just intensity
distributions by computing PDFs of HU within the lungs (Figure 7.2a).

Dispersion of Structures

The density and sparsity of internal structures can be estimated measuring the
size of “holes” between internal structures by computing the PDF values of
euclidean distances from parenchymal locations to vessels/airways (Figure 7.2b).

Relation between arteries and airways

PDF values of euclidean distances from arterial points to airway locations
(Fig. 7.2c). Although this spatial relation information was used initially in
the generation of phantoms, it is just a theoretical tendency. The variability
introduced by the random component and posterior deformation transformation
could bias the general tendency in the synthetic images. On the other hand,
the actual disposition of airways with respect to arteries in real cases do not
always match exactly the theoretical relationship due to the natural variability.
Finally, the restriction on airway detection in CT images, limited to its first
generations, have important consequences in the measurement of these distances
that we would like to maintain in the synthetic images.
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This feature can be quantified by computing the PDF values of euclidean
distances from arterial points to airway locations (Figure 7.2c).

Figure 7.2: Histograms of evaluation measures showing mean probability density functions
(lines) with 95% confidence intervals (shadows) for real (blue) and synthetic (red) lungs. (a)
Intensity distribution. (b) Dispersion of structures. (c) Relation between arteries and airways.

7.1.2 Similarity Metrics

The similarity/difference between two density functions was estimated using
histogram-based match distance and Kolmogorov–Smirnov distance [Cha, 2007;
Rubner et al., 2000], two popular cross-bin dissimilarity measures that uses one-
dimensional cumulative histograms.

Pairwise comparisons were performed to compute intraclass distances in real
cases (real vs real, N =

(
6
2

)
), intraclass distances in synthetic cases (phantom

vs phantom, N =
(

24
2

)
) and interclass distances (real vs phantom, N = 6 × 24).

Mean and standard deviation of the intraclass and interclass pairwise distances
were reported for each evaluation measure.
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Match Distance

The match distance between two distributions is defined as the L1 distance
between their corresponding cumulative histograms:

dM(H,K) =
∑
i

|ĥi − k̂i| (7.1)

where ĥi =
∑

j≤i hj and k̂i =
∑

j≤i kj are the cumulative histograms of H and K
respectively.

Kolmogorov-Smirnov Distance

Similarly, the Kolmogorov-Smirnov distance between two distributions is defined
as the L∞ distance between their corresponding cumulative histograms:

dKS(H,K) = max
i

(|ĥi − k̂i|) (7.2)

7.1.3 Statistical Analysis

In order to assess whether intraclass and interclass variabilities are comparable,
statistics need to be performed. Since we can not assume normality in the data
and the amount of samples is quite reduced in real cases, a non-parametric version
of the two samples t-test was used: the Wilcoxon rank-sum test. The obtained
p-values determine whether two populations are statistically different (p < 0.05).

However, p-value is not always enough: given a sufficiently large sample size,
a non-null statistical comparison always show statistically significant results. For
that reason, the statistical test is complemented with a value of effect size, which
measures the strength of the effect and reflects whether the magnitude of the
relationship observed could be due to chance. In our case, the effect size is
measured using Cohen’s d [Cohen, 1992]. It is defined as the difference between
two means divided by a standard deviation for the data:

cD =
x̄1 − x̄2

s
, with s =

√
(n1 − 1)s2

1 + (n2 − 1)s2
2

n1 + n2 − 2
(7.3)

where ni and s2
i are the size and variance of the population i, respectively.

Additionally, the degree of separability between populations is also reported
by using the information provided by the Receiver Operating Characteristic
(ROC) –plot of the true positive rate against the false positive rate at various
threshold settings– through its Area Under the Curve (AUC) which represents
the probability of randomly chosen a positive instance (population one) higher
than a randomly chosen negative one (second population). A perfect separation
will obtain an AUC value of 1 and the worst case would return a 0.5 value.
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(a) (b)

(c) (d)

(e) (f)

Figure 7.3: Boxplot of histogram distances showing intraclass variability in real cases (real vs
real); intraclass variability in synthetic images (phantom vs phantom); and interclass variability
(real vs phantom). (a)-(c)-(e) Kolmogorov-smirnov distance, dKS , for intensity distributions,
dispersion of structures and relation between arteries and airways, respectively. Similarly, (b)-
(d)-(f) correspond to results with match distance, dM .
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7.2 Evaluation Results

The PDFs of real and synthetic lungs for the three evaluation measures are shown
in figure 7.2. Although they look quite similar visually, an objective measurement
of histogram similarity was performed by computing paired histogram distances
using both match and Kolmogorov-Smirnov distance metrics. Figure 7.3 displays
the distribution of distances, comparing three groups: i) differences between
pairs of real cases (real vs real; intraclass variability in real cases), ii) differences
between pairs of synthetic cases (phantom vs phantom; intraclass variability in
phantoms), and iii) differences between one real and one synthetic lung (real vs
phantom; interclass variability).

The statistical analysis (Table 7.1) reports a statistically nonsignificant
difference (p > 0.05 and fairly small values of Cohen’s d and AUC) when
comparing real vs real and real vs phantom similarity measures. This means
that interclass differences are similar to those found between real cases; therefore,
synthetic phantoms are within the range of variability of real lungs for all three
evaluation measures used for this comparison.

Table 7.1: Statistics comparing intraclass similarity measures in real cases (real vs real), and
interclass similarity measures (real vs phantom). P-values (p), Cohen’s d effect size (cD) and
AUC values are reported using Kolmogorov–Smirnov distance (dKS) and match distance (dM )
for the three evaluation measurements computed. Mean and standard deviations of intraclass
(in real cases) and interclass distance values are also displayed on the right.

p cD AUC real vs real real vs phantom
Intensity dKS 0.172 0.267 0.607 0.024±0.015 0.020±0.015

dM 0.706 0.049 0.530 0.224±0.148 0.231±0.144
Dispersion dKS 0.458 0.190 0.558 0.073±0.040 0.065±0.040

dM 0.305 0.252 0.581 5.749±3.005 4.919±3.328
Relationship dKS 0.346 0.241 0.574 0.215±0.135 0.245±0.122
art–air dM 0.271 0.358 0.586 8.489±5.140 11.051±7.324

Table 7.2: Statistics comparing intraclass similarity measures in real (real vs real) and
synthetic cases (phantom vs phantom). P-values (p), Cohen’s d effect size (cD) and AUC
values are reported using Kolmogorov–Smirnov distance (dKS) and match distance (dM ) for
the three evaluation measurements computed. Mean and standard deviations of both intraclass
distance values are also displayed on the right.

p cD AUC real vs real phant vs phant
Intensity dKS 0.135 0.319 0.614 0.024±0.015 0.019±0.015

dM 0.541 0.003 0.547 0.224±0.148 0.224±0.158
Dispersion dKS 0.525 0.183 0.549 0.073±0.040 0.065±0.042

dM 0.409 0.213 0.563 5.749±3.005 5.052±3.290
Relationship dKS 0.915 0.019 0.508 0.215±0.135 0.213±0.145
art–air dM 0.188 0.405 0.601 8.489±5.140 11.860±8.444
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Similar results are obtained when comparing real vs real and phantom vs
phantom similarities (Table 7.2), demonstrating that the variability introduced
in synthetic lungs is comparable to the one existing in real cases, reinforcing the
value of the generated phantoms.

We can conclude that the generated phantoms preserve realistic intensity
distributions, dispersion of structures and relation between arterial and bronchial
systems and they are close enough to real cases. Additionally, the different
phantoms created from the same real case also display differences in the range of
variability of different real cases and, therefore, a small number of initial labeled
cases could generate a variable and rich database of synthetic cases.
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Chapter 8

Evaluation of Pulmonary Vessel
Segmentation

In this chapter we describe the validation and results of the developed 3D Frangi-
based lung vessel segmentation method penalizing airways. In this case, the
evaluation was performed in the context of an open dataset as part of a scientific
challenge (ISBI VESSEL12). First, the dataset used for the validation and
the evaluation measures are presented. Final results are reported in the last
subsection.

8.1 Lung CT Dataset

The dataset consists of 20 chest CT scans made available in the scope of the
ISBI VESSEL12 Challenge [Rudyanto et al., 2014]. Details can be found on their
website 1.

The scans come from different scanners and protocols, using contrast media in
approximately half of the CT images. They are nearly isotropic with a maximum
resolution in slice spacing of 1 mm. About half of the scans contain pathologies
such as emphysema, nodules or pulmonary embolisms.

For each scan, a binary lungmask was available. They were used to reduce
the scope of the vessel search. A binary erosion with a ball structuring element
(radius 3 pixels) was applied and the rest of the image was fixed to the mode of
the intensity in the voxels inside the mask, in order to reduce boundary effects
in the limits of the lung.

8.2 Evaluation Measures

The results have been uploaded online as a submission to VESSEL12 challenge,
and evaluated identically as the rest of the participants. A variety of axial slices
were selected from each image for manual labeling. In each slice, a large number

1http://vessel12.grand-challenge.org/
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of points within the lung fields (local maxima and ramdom points) were labeled
by 3 observers as: vessel, lung-parenchyma, fissure, airway/airwaywall or lesion.

ROC curve analysis were used to evaluate the performance of the method.
Different probability threshold values were used to compute true/false positives
and true/false negatives and create points in the ROC curve. Finally, the area
under the ROC curve Az and specifity/sensitivity at optimal threshold were
computed.

8.3 Segmentation Results

For the experiments we use a medium range of scales (σ = {0.5, 1, 1.5, ..., 3.5}) and
parameters α = β = 0.5, c = 500, based on the expected sizes of the pulmonary
vessels and the suggested parameter values for the application of Frangi’s filter
in this kind of images. The filtered output was normalized to the range [0,255].

Table 8.1 summarizes evaluation results on the dataset. Mean areas under the
ROC curves Az (0.978± 0.013) show quite good performance of the algorithm in
vessel detection, and values of specificity (0.900± 0.087) and sensitivity (0.973±
0.024) at optimal threshold are higher than 0.9 in almost all cases. As it is
expected, scores become lower when vessels are smaller due to the size of the
filter is related to the quantity of information used to evaluate the vesselness
score. Moreover, contrast in small vessels is low. This makes the detection of
high generation vessels a hard task.

Results for vessels/airways walls are not as significant as the visual exami-
nation made us expect (Figure 8.1). The classical Frangi filter obtains values
of Az between 0.738 and 0.906 depending on the scales selection, specificity
values between 0.380 and 0.725 and sensitivity values between 0.889 and 0.977.
Our method outperforms these values slightly using the same scales vector.
Nevertheless, the evaluation framework uses a relatively low amount of positive
and negative points (compared with number of voxels involved), so the validation
could be improved and broader specific studies should be performed to obtain
further conclusions.

Table 8.1: Area under the ROC curve (Az), specificity and sensitivity at optimal threshold
(from 0 to 1) results on the dataset using positive-points/negative-points as reference standard.

Az Specificity Sensitivity

All vessels/Non-vessels 0.978 0.900 0.973
Small vessels/Non-vessels 0.947 0.887 0.953
Medium vessels/Non-vessels 0.985 0.968 0.953
Large vessels/Non-vessels 0.987 0.991 0.965
Vessels/Airways walls 0.918 0.756 0.973
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(a) (b)

Figure 8.1: (a) Example of critical area with vessels and airway walls in contact. (b)
Segmentations obtained using Frangi filter (red) and our approach (white). Light pink is
shown in common areas. Yellow arrows and elipse point to improvement areas. Threshold=5%
of maximum vesselness response.

A visual evaluation of segmentation results could assess strongly the contri-
bution of this method in airway wall areas. An analysis of vessel connectivity
sometimes shows incorrect connections between different vessel branches when
airways wall removal is not applied. Our approach avoids many of the false
positives in wall areas, correcting these mis-connections that could influence
obtaining a more reliable vessel tree as well as other derived connectivity based
measurements.
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Chapter 9

AV Segmentation Results

This chapter presents the evaluation and corresponding results of the proposed
AV segmentation approach proposed in chapter 6. We start describing the
measurements used in the evaluation of the final method and some internal
stages. After that, we first present the validation on the synthetic data
introduced in sections 4.2 and 4.3. Secondly, results obtained in real data (non-
contrast CT cases, section 4.1) are described and analyzed. Finally, we explore
some experiments by merging synthetic and real data into a single evaluation
framework.

9.1 Evaluation measures

In this work, the AV segmentation has been addressed like a binary particle-
based classification problem that can be evaluated by using statistical measures
extracted from the confusion matrix.

Precision, recall and F1-score allow the study of the exactness and com-
pleteness of the specific algorithm. These measures have been previously
described (section 6.3.1) and used to optimize the parameters of the algorithm
by performing systematic tests in a database of bronchopulmonary segment
phantoms. The evaluation of different test cases will be performed using the
same statistical measures.

Although the desired readout is the final artery-vein classification, interme-
diate classifications can be also examined to evaluate different stages of the
algorithm. In our case, three evaluations have been performed corresponding to:
i) AV pre-classification using RF based on local features; ii) AV classification with
GC; and iii) final AV classification with refined GC. The first evaluation would
provide the accuracy of the pre-classification step that will be used as regional
term in the GC stage. Differences between the refined and non-refined versions of
GC would illustrate the effect of graph disconnections in the evaluation results.
Figure 9.1 summarizes graphically the three evaluations that will be detailed right
after.
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(a) (b) (c)

Figure 9.1: Graphical representation of the three evaluation stages on AV classification
after: (a) RF based on local features, (b) GC and (c) refined GC. Top row shows the GC
representation of each stage, displaying particles (circles), regional term (red and blue dashed
lines), boundary term (purple connections), convex hull of airway segmentation (pink area) and
preferential class of particles provided by the regional term (color of circumferences, where no
preference is represented with a red-blue gradient). Bottom row displays the corresponding
output classification (circles filling), together with the edges maintained after the process and
the min-cut if applicable. (a) RF includes just regional term and the resultant classification
(only in particles within the region around the airways) is obtained by thresholding the artery-
vein similarity scores. (b) Initial GC incorporates the boundary term, but the connectedness
of all particles is not guaranteed. (c) Final GC include some connections to assure a connected
graph. In both GC situations, the classification is obtained finding the min-cut, which could
be not unique in (b).

9.1.1 Evaluation of AV pre-classification using RF based
on local features

The pre-classification step using RF, based on a model constructed from vessel
local features, outputs an artery-vein similarity measure (Part and Pvein) for each
particle. As explained before, these probabilistic estimations can be transformed
into a binary classification by simple thresholding (section 6.2.2.3).

Class(pves) =

{
Artery, if Part(pves) ≥ 0.5 ⇒ Pvein(pves) < 0.5

V ein, otherwise
(9.1)

The evaluation of this preliminary classification would allow the analysis of the
performance of the supervised ML algorithm. In other words, the results obtained
with this classification would determine the strength of the local features, mainly
based in vessel-airway relations, for the differentiation between arteries and veins.
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Since these artery-vein similarity measures conform the regional term in the
GC approach, providing prior likelihood information about the classification
model, the importance of these intermediate results is crucial. Regional term will
drive the graph-cut and, therefore, the classification, which will be complemented
by the boundary term including connectivity information. If the starting point
provided by the pre-classification is not accurate enough, we can not expect good
results using the GC approach.

The validation of results at this stage will be performed only over the particles
located within the convex hull of the airways, which are the ones that will
contribute to the final regional term (section 6.2.3.3).

Class(pves) =

{
Artery, if w(s, pves) > 0.5 ⇒ w(pves, t) < 0.5

V ein, if w(s, pves) < 0.5 ⇒ w(pves, t) > 0.5
(9.2)

Figure 9.2 shows an schematic representation of this first intermediate
evaluation obtained with RF classification for vessel particles located in the
convex hull of segmented airways.

Figure 9.2: Schematic example for the evaluation of AV pre-classification using RF based
on local features. Top-left: GC representation including only regional term. Top-right: RF
classification in particles within the convex hull of segmented airways. Bottom-left: reference
standard with the desired classification. Bottom-right: evaluation of RF classification obtained
by comparing the outputs with the reference standard. Right and wrong particle classifications
are shown in green and magenta, respectively. Empty circles represent particles not classified
using RF.
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9.1.2 Evaluation AV classification with GC

A second intermediate evaluation will study the improvement achieved using GC
with respect to the initial results obtained using only RF classification.

By excluding the refinement stage in the construction of the graph, the
contribution and importance of connectivity information incorporated into the
GC framework could be validated when strictly applying the defined connectivity
conditions to create the boundary term. Therefore, in this evaluation step, we
are ignoring the possible problems related with isolated subtrees (resulting in a
forest instead of an actual graph). The final evaluation, detailed right after this,
will report the results taking into account these potential difficulties.

Figure 9.3 shows an schematic representation of this intermediate evaluation
of artery-vein classification via GC, where the appropriate connectedness of
all subtrees is not guaranteed and could result on misclassification problems
in particles belonging to isolated trees located outside the convex hull of the
segmented airways.

Figure 9.3: Schematic example for the evaluation of AV classification using GC. Top-left:
GC representation including regional term and a provisional boundary term that do not
guarantee the connectedness of the whole graph. Top-right: possible GC classification output.
Bottom-left: reference standard with the desired classification. Bottom-right: evaluation of GC
classification obtained by comparing the outputs with the reference standard. Right and wrong
particle classifications are shown in green and magenta, respectively. In this case, an isolated
tree is incorrectly classified as artery.
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9.1.3 Evaluation of AV classification with refined GC

The use of refined GC deals with the problems related with isolated trees by
assuring the proper connectedness of all the particles in the graph through n-links
(boundary term). As consequence, every subgraph will have enough information
to drive the classification based on connectivity at least, or its combination with
artery-vein similarity scores.

By comparing evaluation results using refined and non-refined versions of GC,
we can measure the prevalence and consequences of having subtrees located in
the external part of the lung that are not close enough to the rest of the vessel
tree structure. The improvement of results would demonstrate the preference of
vessel segmentation algorithms that avoid these situations or, alternatively, the
critical importance of linking the whole graph by using connectivity information
to overcome the difficulties derived from our GC strategy.

Figure 9.4 shows an schematic representation of the final evaluation of artery-
vein classification using refined GC, where the appropriate connectedness of all
subtrees is guaranteed.

Figure 9.4: Schematic example for the evaluation of AV classification using GC. Top-
left: GC representation including regional term and a final boundary term that assuring the
connectedness of the whole graph (with edges connecting subtrees). Top-right: GC classification
output obtained with min-cut. Bottom-left: reference standard with the desired classification.
Bottom-right: evaluation of GC classification obtained by comparing the outputs with the
reference standard. Right and wrong particle classifications are shown in green and magenta,
respectively. In this case, the strategy with refined GC results on a perfect AV classification.
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9.2 Results on Synthetic Data

First, evaluation results for bronchopulmonary segment phantoms are presented.
After that, the dataset of anthropomorphic pulmonary CT phantoms will be used
to properly validate the AV segmentation approach.

9.2.1 Results on Bronchopulmonary Segment Phantoms

Since bronchopulmonary segment phantoms were used in the parameter opti-
mization stage, we can not use results obtained from these synthetic images
to extrapolate conclusions related with the accuracy of the AV segmentation
method. However, the analysis of the outcomes comparing phantoms with and
without realistic curvature of structures, and changing the density of bronchial
structures, could provide interesting information about the importance of these
features and the effect in the results.

9.2.1.1 Experiments Definition

Six groups of phantoms were tested, combining three different densities of airways
and two different curvature conditions.

The density of airways, referred to the density of arteries or veins, is controlled
by the FA parameter:

� FA = 1: density of airways, arteries and veins is the same.

� FA = 2: density of airways is half of density of arteries or veins.

� FA = 3: density of airways is one third of density of arteries or veins.

The difference in curvature conditions is addressed by the deformation of
vessels and airways to provide realistic curvatures to the structures:

� Non-deformed phantoms: with vessels and airways formed by straight
segments.

� Deformed phantoms: with deformed structures to get realistic curvatures
in vessel and bronchial trees.

Their combinations define six groups of bronchopulmonary segment phantoms
that were tested independently.

Training Dataset

For each combination of curvature condition and FA factor, the 32 bronchopul-
monary phantoms initially generated (four phantoms per Nfin ∈ {10j | j =
1, .., 10}) were used to train the RF algorithm.

Testing Dataset

Another 32 cases per group were generated sharing exactly the same parameters.
The evaluation was performed using these new cases.
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9.2.1.2 Evaluation Results

Table 9.1 presents the classification results obtained for each one of the six groups
varying the curvature conditions and the density of airways with respect to
vessels.

The first information we can extract from the table is that the subsequent
stages of the algorithm incrementally improve the artery-vein classification
results. Although the pre-classification step based on RF using local features
reports quite good results, with F1-scores higher than 74%, the incorporation of
connectivity information into the GC strategy highly increases the accuracy of
the classification, obtained F1-scores higher than 91%. GC not only overcome
the spatial inconsistencies coming from the RF stage, but also extend the
classification to particles located outside the convex hull of the airways in
a suitable way. The final refined version of the GC reports slightly better
results, demonstrating the improvement obtained when assuring the proper
connectedness of the graph, but also showing the relative small prevalence of
isolated subtrees in this kind of phantoms.

On the other hand, the performance of the algorithm behave as expected
when varying conditions. The accuracy of the method significantly decreases
together with the density of the generated airways due to the reduction on
the available information of vessel-airway relation that mainly drives the RF
classification step. Although the GC strategy is able to deal with many of the
increasing classification errors coming from the previous stage, some subtrees can
not be properly classified when the amount of airways is not enough to exploit
the vessel-airway relations.

Table 9.1: Evaluation results on bronchopulmonary segment phantoms. Mean values for
precision (PPV ), recall (TPR) and F1-score (F1) are reported for both non-deformed and
deformed versions of the phantoms in the three evaluation stages: random forest (RF), graph-
cuts (GC) and final refined graph-cuts (Refined GC).

Non-deformed Bronchopulmonary Segment Phantoms

FA
RF GC Refined GC

PPV TPR F1 PPV TPR F1 PPV TPR F1
1 0.836 0.833 0.834 0.982 0.978 0.979 0.983 0.979 0.980
2 0.796 0.787 0.789 0.969 0.962 0.964 0.969 0.961 0.963
3 0.758 0.749 0.749 0.949 0.938 0.940 0.953 0.941 0.943

Deformed Bronchopulmonary Segment Phantoms

FA
RF GC Refined GC

PPV TPR F1 PPV TPR F1 PPV TPR F1
1 0.836 0.832 0.833 0.974 0.969 0.971 0.977 0.972 0.974
2 0.788 0.781 0.782 0.961 0.953 0.955 0.962 0.954 0.955
3 0.753 0.746 0.745 0.927 0.911 0.913 0.933 0.917 0.920

Similarly, the deformation of structures to include more realistic curvature
in vessels and airways produces a decrease in the evaluation results. These de-
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formations increase the uncertainty in the computation of preferential directions
of vessels and airways and, therefore, a reduction in the orientation similarity
of neighboring particles, producing weaker connectivity links between them and
possibly stronger connections with other close particles. All of this could result
in classification errors in some subtrees that would explain the quite small but
appreciable deterioration of the algorithm performance in the deformed version
of the bronchopulmonary segment phantoms.

Figure 9.5: Example of AV segmentation in a non-deformed bronchopulmonary phantom with
100 terminal nodes for arteries, veins and airways (Nfin = 100 and high density of airways:
FA = 1). First row includes the reference standard of the synthetic image, displaying the
volumetric render of arteries (red), veins (blue) and airways (green) and the corresponding
particle-based representation of vessels. The second row shows the artery-vein classification
obtained after each one of the classification stages: RF, GC and Refined GC. The third row
shows the evaluation of the results, displaying particles correctly classified in green and errors
in magenta. Although first stage (RF) obtained relatively good results, GC strategy is able to
correct almost every initial classification errors. Only one small isolated subtree is misclassified,
but corrected when using the refined version of GC. F1 scores: RF=0.835 GC=0.998, Refined
GC=1.0. Electronic version contains high resolution images to ease visualization of results.
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Figures 9.5, 9.6 and 9.7 show the AV segmentation results and the correspond-
ing evaluations in three bronchopulmonary segment phantoms with different
characteristics. We encourage the reader to look at the electronic version of
the document that contains high resolution images to ease the visualization of
results.

Figure 9.6: Example of AV segmentation in a deformed bronchopulmonary phantom with
90 terminal nodes for arteries, veins and half of the density for airways (FA = 2). First
row includes the reference standard of the synthetic image, displaying the volumetric render
of arteries (red), veins (blue) and airways (green) and the corresponding particle-based
representation of vessels. The second row shows the artery-vein classification obtained after each
one of the classification stages: RF, GC and Refined GC. The third row shows the evaluation
of the results, displaying particles correctly classified in green and errors in magenta. Although
first stage (RF) obtained relatively good results, GC strategy is able to correct most initial
classification errors. The refined version of GC approach improves the results, but leaving one
subtree incorrectly classified. F1 scores: RF=0.793 GC=0.991, Refined GC=0.994. Electronic
version contains high resolution images to ease visualization of results.
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Figure 9.7: Example of AV segmentation in a non-deformed bronchopulmonary phantom with
low density of airways (FA = 3) and 60 terminal nodes for arteries and veins (Nfin = 60).
First row includes the reference standard of the synthetic image, displaying the volumetric
render of arteries (red), veins (blue) and airways (green) and the corresponding particle-based
representation of vessels. The second row shows the artery-vein classification obtained after each
one of the classification stages: RF, GC and Refined GC. The third row shows the evaluation
results, displaying particles correctly classified in green and errors in magenta. In the first stage,
RF obtained one of the worst classification results for the set of bronchopulmonary phantoms.
However, GC strategy is able to correct most errors and obtain very good results, that ends in a
perfect artery-vein separation with the use of refined GC. Note that RF stage does not classify
every vessel particle; the small density of airways makes that some arterial and venous particles
fall outside the smaller convex hull of airways, so they are only classified with GC approaches
that include connectivity information to perform the work. F1 scores: RF=0.738 GC=0.954,
Refined GC=1.0. Electronic version contains high resolution images to ease visualization of
results.
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9.2.2 Results on Anthropomorphic Pulmonary CT
Phantoms

Since anthropomorphic pulmonary CT phantoms were not used in the training
stage of the algorithm and they have been demonstrated to be quite similar to
real cases, the evaluation over this database allows a proper validation of the AV
segmentation algorithm.

9.2.2.1 Experiments Definition

Two tests were performed using these generated realistic phantoms. In the first
experiment we followed a leave-one-out cross-validation (CV) strategy. A second
experiment with a 2-fold strategy was used to confirm the results using a lower
amount of data to train the algorithm.

Leave-one-out CV

In this strategy, only one case is selected to test the algorithm and the rest of
cases conform the training dataset. This is repeated on all possible combinations
(equal to the number of cases) and mean evaluation results are reported as final
evaluation measures. This strategy maximizes the amount of data used in the
training stage, but obtaining robust values for the accuracy of the algorithm due
to the exploration of all possible combinations.

2-fold

The database is split in 2 subsets, conforming the training and the testing
databases respectively. In our case, both subsets contain half of the total cases,
randomly selected and keeping the balance in the number of right and left lungs.
The existence of enough testing cases which allows a reliable use of statistics,
together with the use of less amount of cases to train the method would strengthen
the validation of results obtained using just the leave-one-out CV strategy.

9.2.2.2 Evaluation Results

Tables 9.2 and 9.3 present the classification results obtained using leave-one-out
CV and 2-fold strategies, respectively, for the three evaluation stages. Outcomes
from both non-deformed and deformed (with realistic curvature of structures)
versions of anthropomorphic pulmonary CT are included in the tables.

Both evaluation strategies output very similar results, demonstrating the
robustness of the ML classification algorithm based on RF, which is able to
perform similarly when the amount of data used for training changes. The small
differences displayed in subsequent stages also mean that GC can deal with low
changes in the pre-classification step properly, slightly affecting the performance
of the global algorithm.

In summary, the AV classification displays F1-scores around 73% in the first
stage, improved with the use of GC, reaching final values close to 93%. Again,
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the inclusion of a refinement step in the graph construction slightly outperforms
the results, demonstrating the benefits obtained with its use, but also the low
prevalence of isolated trees in these phantoms. The variability in different cases is
not too large, as reported by the standard deviation of the measures, supporting
the stable and robust performance of the AV method.

Table 9.2: Evaluation results using leave-one-out CV on anthropomorphic pulmonary CT
phantoms. Mean and standard deviation values for precision (PPV ), recall (TPR) and F1-
score (F1) are reported for both non-deformed and deformed versions of the phantoms in the
three evaluation stages: random forest (RF), graph-cuts (GC) and final refined graph-cuts
(Refined GC).

Non-deformed Anthropomorphic Pulmonary CT Phantoms
Evaluation Measures

Stage PPV TPR F1
RF 0.737± 0.029 0.735± 0.031 0.734± 0.030
GC 0.931± 0.033 0.924± 0.035 0.925± 0.035
Refined GC 0.937± 0.028 0.934± 0.030 0.934± 0.030

Deformed Anthropomorphic Pulmonary CT Phantoms
Evaluation Measures

Stage PPV TPR F1
RF 0.727± 0.033 0.723± 0.035 0.723± 0.034
GC 0.911± 0.057 0.902± 0.065 0.903± 0.067
Refined GC 0.931± 0.043 0.922± 0.058 0.923± 0.059

Table 9.3: Evaluation results using 2-fold strategy on anthropomorphic pulmonary CT
phantoms. Mean and standard deviation values for precision (PPV ), recall (TPR) and F1-score
(F1) are reported for both non-deformed and deformed versions of the phantoms in the three
evaluation stages: random forest (RF), graph-cuts (GC) and final refined graph-cuts (Refined
GC).

Non-deformed Anthropomorphic Pulmonary CT Phantoms
Evaluation Measures

Stage PPV TPR F1
RF 0.739± 0.033 0.738± 0.036 0.736± 0.034
GC 0.935± 0.029 0.922± 0.038 0.924± 0.036
Refined GC 0.947± 0.024 0.938± 0.032 0.940± 0.030

Deformed Anthropomorphic Pulmonary CT Phantoms
Evaluation Measures

Stage PPV TPR F1
RF 0.731± 0.035 0.728± 0.038 0.728± 0.037
GC 0.920± 0.049 0.907± 0.061 0.909± 0.060
Refined GC 0.939± 0.023 0.927± 0.043 0.929± 0.041
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As expected, deformed versions of anthropomorphic pulmonary phantoms
reports slightly worse results compared with the non-deformed versions. The
reduction of 1-2% in the accuracy of the classification algorithm is consistent
with the values obtained with bronchopulmonary segment phantoms.

Analyzing the numerical results, we can observe that precision, recall and
F1-score values report almost the same results in each evaluation stage (although
recall is always slightly lower than precision), meaning that the behavior of the
algorithm is very similar when classifying both arteries and veins. Thus, there
is no preferential class during the AV separation and the accuracy of arterial
classification is balanced with the venous one, resulting in F1-scores with values
in the range of PPV and TPR.

Figures 9.8, 9.9 and 9.10 show the AV segmentation results and the corre-
sponding evaluations in three interesting cases of anthropomorphic pulmonary
CT phantoms with different characteristics. We encourage the reader to look at
the electronic version of the document that contains high resolution images to
ease the visualization of results. All figures follow the same scheme:

� First row includes the reference standard of the synthetic image, displaying
the volumetric render of arteries (red), veins (blue) and airways (green) in
the left hand side, and the corresponding particle-based representation of
vessels in the right hand side.

� Second row shows the artery-vein classification obtained after each one of
the classification stages: RF, GC and Refined GC respectively.

� Third row shows the evaluation results, displaying particles correctly
classified in green and errors in magenta.

� Note that RF stage only classify vessel particles within the convex hull
of airways; particles falling outside this region are only classified with GC
approaches that include connectivity information.
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Figure 9.8: Example of AV segmentation in a non-deformed anthropomorphic pulmonary
CT phantom, corresponding to one of the best results. In the first stage, RF obtained regular
classification results that were highly improved with GC. Refined GC slightly increases the
accuracy by correcting some mistakes, resulting in an almost perfect artery-vein separation.
Misclassifications are located in small subtrees located in peripheral areas of the synthetic
lung. F1 scores: RF=0.729 GC=0.968, Refined GC=0.983. Electronic version contains high
resolution images to ease visualization of results.
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Figure 9.9: Example of AV segmentation in a non-deformed anthropomorphic pulmonary
CT phantom, corresponding to one of the worst results. Although RF obtained relative good
results in the first stage, the extension to classify all vessels in the lung using GC displays a good
improvement in the accuracy, but lower than usual. The refined version of GC can only correct
a small part of mistakes, resulting in nearly the same scores. In this case, many initial pre-
classification errors are located in some central parts of the lung, probably due to the absence
of bronchial structures in these areas. As consequence, some principal vessels are misclassified,
and the inclusion of connectivity information in GC can not overcome this problems. F1 scores:
RF=0.752 GC=0.867, Refined GC=0.870. Electronic version contains high resolution images
to ease visualization of results.
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Figure 9.10: Example of AV segmentation in a deformed anthropomorphic pulmonary CT
phantom, corresponding to one of the best results. In the first stage, RF obtained quite good
classification results (better than the mean value) that were highly improved with GC. Refined
GC slightly increases the accuracy by correcting some mistakes, resulting in a highly accurate
artery-vein separation. Misclassifications are located in small subtrees located in peripheral
areas of the synthetic lung preferentially. F1 scores: RF=0.779 GC=0.959, Refined GC=0.978.
Electronic version contains high resolution images to ease visualization of results.
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9.3 Results on Real Cases

The definitive tests to check the performance of the proposed AV segmentation
method involve real CT cases. The three manually-labeled noncontrast CT
images presented in section 4.1 have been used to validate the algorithm in a
real scenario. First we study the accuracy of the approach in the whole dataset
directly. Second, we analyze the critical importance of having an accurate airway
segmentation at the beginning of the process to achieve good results.

9.3.1 Evaluation of AV in Noncontrast CT Database

Only six lungs with their corresponding segmentations obtained by manual
labeling were available, resulting in a relative small amount of cases, but still
a very singular dataset, to perform the evaluation on real cases.

9.3.1.1 Experiments Definition

Due to this restriction related with the availability of data, a leave-one-out CV
strategy was followed to obtain enough probabilistic power to extract conclusions
from the results.

Therefore, only one lung is selected to test the algorithm and the rest of the
lungs conform the training dataset. This is repeated on all possible combinations,
equal to the number of cases.

9.3.1.2 CV Results

Table 9.4 presents the classification results obtained in each lung for the
three evaluation stages using leave-one-out CV strategy. Means and standard
deviations of the six cases are also reported to summarize the results.

Table 9.4: Evaluation results using leave-one-out CV strategy on real noncontrast CT cases.
Precision (PPV ), recall (TPR) and F1-score (F1) values are reported for the three evaluation
stages: random forest (RF), graph-cuts (GC) and final refined graph-cuts (Refined GC). The
last two rows show mean and standard deviation values.

Case
RF GC Refined GC

PPV TPR F1 PPV TPR F1 PPV TPR F1
1 0.771 0.744 0.748 0.807 0.768 0.780 0.823 0.801 0.810
2 0.796 0.796 0.796 0.890 0.873 0.877 0.911 0.906 0.908
3 0.803 0.805 0.803 0.888 0.885 0.887 0.894 0.895 0.894
4 0.802 0.802 0.802 0.939 0.922 0.929 0.945 0.930 0.937
5 0.837 0.829 0.827 0.957 0.954 0.955 0.970 0.971 0.971
6 0.812 0.811 0.812 0.918 0.911 0.914 0.930 0.927 0.928

mean 0.803 0.798 0.798 0.900 0.886 0.891 0.912 0.905 0.908
std 0.020 0.026 0.024 0.048 0.059 0.056 0.047 0.052 0.050
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The first information we can extract from these results is that the pre-
classification step based on RF outputs very good results (mean F1-score of 80%),
statistically higher than the ones obtained with synthetic images (around 73%).
The restriction of particles subject to be classified during the first stage, located
in the convex hull of segmented airways and with constraints in their sizes, clearly
identifies main vessels in their first generations in a proper way. As result, they
can be classified using local features more accurately than in synthetic images,
where the not fully realistic nature of air and vessel flow systems complicates the
scenario and the appropriate identification of desired vessels to classify in this
stage is masked by the selection of other secondary vessel particles.

Contrarily, although the use of GC extends the classification to the whole set
of vessel particles within the lung and highly improves the results, the accuracy of
the classification is lower than in phantom images. Nevertheless, final evaluation
results still show a good AV separation, displaying F1 values around 89% when
using GC and 91% when using the refined version of GC.

Again, precision, recall and F1-score report similar values in each evaluation
stage, meaning that the accuracy of the method for detecting both arteries and
veins is almost the same and there is not a preferential label during the AV
classification.

The accuracy of the algorithm is close or higher than 90% in 5 out of 6
lungs. However, the first case reports reduced evaluation results in every stage,
achieving a final 81% of agreement with actual AV classification. Figures 9.11 and
9.12 show the performance of the AV segmentation algorithm in two interesting
lungs corresponding to the best and worst resultant classifications. We encourage
the reader to look at the electronic version of the document that contains high
resolution images to ease the visualization of results. The same scheme used in
figures for synthetic cases is followed:

� First row includes the reference standard of the synthetic image, displaying
the volumetric render of arteries (red), veins (blue) and airways (green) in
the left hand side, and the corresponding particle-based representation of
vessels in the right hand side.

� Second row shows the artery-vein classification obtained after each one of
the classification stages: RF, GC and Refined GC respectively.

� Third row shows the evaluation results, displaying particles correctly
classified in green and errors in magenta.

� Note that RF stage only classify vessel particles within the convex hull of
airways and fulfilling the size requirements.
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Figure 9.11: Example of AV segmentation in a real noncontrast CT image: case 5 (best
result). In the first stage, RF obtained the greatest classification result among all cases tested.
GC and refined GC increase the accuracy by correcting some mistakes, resulting in a highly
accurate artery-vein separation. Misclassifications are located in some subtrees with small
caliber, and, in this particular example, in some parts close to the hilum where all air and
blood flows run very close one from each other. F1 scores: RF=0.827 GC=0.955, Refined
GC=0.971. Electronic version contains high resolution images to ease visualization of results.
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Figure 9.12: Example of AV segmentation in a real noncontrast CT image: case 1 (worst
result). RF obtained a sufficient 74% F1-score, but one of the lower final result values.
Misclassifications located in important vessels in RF stage limited the correct behavior of
GC strategy, which is not able to correct them and propagates the errors to other particles.
Nevertheless, refined GC shows a critical importance to improve the final classification. F1
scores: RF=0.748 GC=0.780, Refined GC=0.810. Electronic version contains high resolution
images to ease visualization of results.
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9.3.2 Importance of Accuracy in Airway Segmentation
in Results

Although the use of FA factor in bronchopulmonary segment phantoms, con-
trolling the density of airways with respect to arteries and veins, has already
demonstrated the critical importance of the bronchial system in the AV segmen-
tation process (Table 9.1), a deepest study in real cases would consolidate the
statement.

A way to check the consequences of missing bronchial information in real cases
could be the evaluation of the AV separation method using pruned versions of
the original airway tree segmentation. To that end, we iteratively remove airway
particles with scale lower than a specific value from the segmented bronchial trees
of the six real cases and rerun the leave-one-out CV validation.

Figure 9.13 displays the evaluation results in each variation of the real
noncontrast CT database obtained by changing the threshold value used for
pruning the airway trees. An example of airway particle-based segmentation
showing the scales at each bronchial location is also presented to demonstrate
the parts that would be removed at each iterative step graphically.

(a) (b)

Figure 9.13: Importance of airways in AV segmentation results. (a) Evolution of F1-scores
when prunning particle-based airway segmentations by removing particles with scales lower
than a specific value. Mean values (lines) and standard deviations (shadows) are displayed for
the three evaluation stages: RF (red), GC (green) and refined GC (blue). Note that values for
RF were computed using only particles within the convex hull of airways and not the whole
set of vessel particles. (b) Example of an airway tree segmentation corresponding to one real
CT case, representing the scale of particles at each bronchial location using a colormap. This
graphical representation allows the identification of areas that would be removed when pruning
airway trees with a specific threshold in the size (scale) of airways.
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Analyzing the results (Figure 9.13a), we can observe that evaluation measures
do not decrease until removing airway particles with sizes greater than 0.5 mm,
keeping the original values presented in Table 9.4. A visual examination of airway
segmentations (Figure 9.13b) allow us to check that only few particles present
scales in that range of values, probing the limitations of the airway segmentation
method in the detection of low-caliber airways, and explaining the null reduction
in the accuracy of the AV algorithm. Removing airway particles greater than
0.5 mm, evaluation measures start decreasing drastically until reaching values
even worse than the ones that a random classification would obtain. The number
of pre-classification mistakes increases because of the lack of airway information
that limits the computation of features based on vessel-airway relationship. The
inclusion of connectivity information during the GC strategy, together with the
decreased number of particles pre-classified with RF (the convex hull of airways
becomes smaller with the pruning of the bronchial tree) implies the spread of
errors through all the vessel structures.

We can conclude that the use of an accurate and sensitive method for airway
segmentation is essential to reach a good performance of the proposed AV
separation algorithm.

9.4 Results Combining Real and Synthetic

Cases

Additional tests involving real and synthetic cases all together, could provide
interesting information about the interchangeability of both types of dataset.
Two experiments were conducted by training the AV segmentation algorithm in
one of the databases and testing in the other one.

9.4.1 Train Real - Test Synthetic

In the first combinational experiment, the database of real cases was used to
train the AV segmentation algorithm, and the evaluation is performed over the
dataset of anthropomorphic pulmonary CT phantoms with realistic curvature of
structures (deformed versions).

Table 9.5 presents the AV results obtained using this strategy. Pre-
classification results obtained with RF display a huge decrease when evaluating
the classification model in anthropomorphic pulmonary CT cases instead of real
ones (Table 9.4). The structural and topological differences between real and
synthetic vessels, specially noticeable in first generations and areas close to the
hilum, reduce the classification power of the algorithm drastically, reaching values
lower than 69% for all evaluation measures. It is also important to remember that
the pseudoaleatory component used during the synthesis of pulmonary phantoms
relax the desired vessel-airway relationship restriction, so it is expected that
features related with that display a more stable behavior in real lungs with
respect to synthetic ones. Nevertheless, GC stages are able to overcome the initial
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misclassifications and improve the limited accuracy of the algorithm, obtaining
acceptable F1-score values around 88%.

Table 9.5: Evaluation results obtained by training the AV algorithm in the dataset of real
CT cases and testing in the synthetic dataset of deformed anthropomorphic pulmonary CT
phantoms. Mean and standard deviation values for precision (PPV ), recall (TPR) and F1-
score (F1) are reported for the three evaluation stages: random forest (RF), graph-cuts (GC)
and final refined graph-cuts (Refined GC).

Evaluation Measures
Stage PPV TPR F1
RF 0.688± 0.031 0.685± 0.031 0.684± 0.032
GC 0.866± 0.052 0.854± 0.065 0.850± 0.067
Refined GC 0.897± 0.52 0.887± 0.066 0.883± 0.069

9.4.2 Train Synthetic - Test Real

The opposite strategy was followed in the second experiment. Training step was
performed using the set of (deformed) anthropomorphic pulmonary CT phantoms
with realistic curvature of structures, and real cases were use to report the
evaluation measures.

Table 9.6: Evaluation results obtained by training the AV algorithm in the dataset of deformed
anthropomorphic pulmonary CT phantoms and testing in real CT cases. Mean and standard
deviation values for precision (PPV ), recall (TPR) and F1-score (F1) are reported for the three
evaluation stages: random forest (RF), graph-cuts (GC) and final refined graph-cuts (Refined
GC).

Evaluation Measures
Stage PPV TPR F1
RF 0.739± 0.046 0.734± 0.049 0.735± 0.048
GC 0.827± 0.080 0.800± 0.072 0.808± 0.072
Refined GC 0.840± 0.078 0.817± 0.066 0.824± 0.069

Table 9.6 summarizes the evaluation results obtained with this experiment.
Although RF trained with synthetic cases outputted suitable F1-scores around
73% when evaluating real cases, and these values are very close to the ones
obtained when testing anthropomorphic pulmonary CT phantoms (Table 9.2), a
huge discrepancy (close to 10%, decreasing from 92% to 82%) can be observed in
the stages involving GC. The difference in the accuracy of vessel segmentations
in real and synthetic cases could be the major reason for this disagreement.
Unlike in real CT images, segmentations of vessels in synthetic cases (section
4.3.4.2) were performed in arteries and veins individually, taking advantage of
the existence of an AV reference standard that differentiates both blood systems
from the beginning. As consequence, segmentations in real cases could suffer
from instabilities in areas displaying intertwined structures, resulting in vessel
particles with improper sizes and/or locations. This situation has consequences
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in the computation of features extracted from particles and in the definition
of connectivity between different particles, and therefore, in the performance
of the AV segmentation algorithm. These problems are substantially avoided
in anthropomorphic pulmonary phantoms, where intertwined structures do not
affect the particle-based segmentation stage because of the independent treatment
of arterial and venous blood systems.
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Final Discussion

197





Final Discussion

This part presents the discussion of results, including the final conclusions of the
work, the inherent scientific contributions and the publications related with this
Ph.D Thesis. It also describes the future research lines and potential applications
that could be addressed from the methods developed in this project.
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Chapter 10

Conclusions

This chapter encloses the final conclusions and the discussion of results obtained
in this work. Each one of the sections focus on one of the three main
contributions: the design of anthropomorphic pulmonary CT phantoms, the
implementation of an optimized pulmonary vessel segmentation algorithm, and
the final development of an AV segmentation/separation method to differentiate
between pulmonary arteries and veins.

10.1 Discussion on Anthropomorphic

Pulmonary CT Phantoms

The first objective of this Ph.D. Thesis was the design and implementation of a
synthetic pulmonary CT image generation system in order to create a database
of realistic labeled pulmonary cases. The generated anthropomorphic pulmonary
CT phantoms could overcome the lack of proper reference standard cases for
different image analysis methods in the lung.

Both qualitative and quantitative results suggest high similarity between the
real and synthetically generated lungs. Therefore, despite the artificial structure
of air and blood flow systems in synthetic images, their intensity distributions,
dispersions of structures, and relationships between arteries and airways are close
enough to real cases. The simulation of features displayed in real CT images of
the lungs, such as intertwined structures, partial volume effects affecting small
elements, and the limitation in the distinction of medium-to-small generations
of the bronchial tree, increases the degree of realism in the final phantoms.
Furthermore, the variability introduced by the random component of the system
guarantees the ability to generate different and suitable phantoms sharing the
same input parameters.

All these characteristics support the capability of the proposed framework
to generate databases of labeled anthropomorphic CT images of the lung that
could be useful to train and/or evaluate algorithms for processing pulmonary CT
images. For example, registration methods could demonstrate their robustness
when only internal pulmonary structures have changed. Validation schemes
for vessel segmentation algorithms could increase their accuracy and evaluation
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power with the inclusion of information about the whole structure of interest
and its inherent topology. Additionally, differentiation between arteries and
veins in the synthetic lungs could encourage and facilitate the development of
AV segmentation algorithms, a very promising field with vast potential scientific
opportunities, but barely explored until now [Gao et al., 2012; Mekada et al.,
2006; Park et al., 2006; Saha et al., 2010; Varghese and Ramya, 2013].

On the other hand, the system presents several limitations. Real pulmonary
vasculature and airways have a strict tree structure in which each air and
blood flow system is connected through the hilum and develops from there.
However, lung segmentations exclude this anatomical area, so segmented vessels
and airways in the region of interest of real cases are not necessarily connected
with the remaining subtrees belonging to the same internal structure. The pro-
posed anthropomorphic phantoms are generated conforming a single connected
component, so the spatial distributions of first generations could be far from
the real situation. Similarly, the segmental property of the lung is not fully
addressed in this work. Different lobes and segments represent nearly independent
functional and anatomical units, and they are associated with one principal artery
and its accompanying airway. Although real locations of arteries are used in our
simulation of the synthetic ones, and oxygenation maps encourage the growth of
the structure close to the real one, the random components of the system do not
force the generation of one principal artery in each lung segment or lobe. Both
situations could be overcome in the future with the inclusion of more complete
lung segmentations. A labeled hilum could set the area where all connected air
and blood flow systems could start growing. Lobe segmentation could be used to
generate subtrees independently in each lobar region.

Apart from these challenges, differences between air and blood flow systems
in some features such as branching angles, and the lengths and sizes of segments
within the tree have not been studied in depth when generating the phantoms.
Although many works [Huang et al., 2008, 1996] have examined these kinds of
morphometric parameters, variations and differences in healthy and pathological
cases are still being studied using medical imaging, especially in arterial and
venous flow systems independently. The development of AV segmentation
algorithms would allow the study of morphological and topological properties
of pulmonary vessels that could enable the proposed methods to achieve more
realistic pulmonary phantoms.

The use of more sophisticated or dedicated methods for pulmonary ves-
sel/airway generation, integrated with the methodology presented in this work to
combine different air and blood flow systems could also improve the outcomes.
For instance, approaches based on fractal branching algorithms [Kitaoka, 2002]
seem to create more realistic pulmonary structures. However, they are less flexible
in being able to include some desired pathological variations, which is a critical
feature to create a diverse database.

Additionally, it is known that many types of cardiopulmonary pathology
present important phenotypical changes associated with structural and image-
based features. For example, pulmonary arterial hypertension and bronchiectasis

202



10.2. DISCUSSION ON LUNG VESSEL SEGMENTATION METHOD

result in abnormal sizes in some of the structures and probably also in branching
patterns and general topology [Helmberger et al., 2014]. The proposed framework
is flexible enough to simulate these states by incorporating the correct information
through the input parameters. Other diseases, such as pulmonary embolism and
emphysema, could also be simulated in the stage of inclusion of realistic features
by incorporating a specific model of the phenotypical imaging expression of the
disease. Therefore, despite the described limitations of the system, the ability to
tune parameters easily in generating pathological databases increases its utility
and power.

The distribution of the labeled synthetic database will enable the community
to improve evaluation schemes, to train or test different methods for processing
pulmonary structures in CT images, as well as support the development of new
image processing algorithms.

10.2 Discussion on Lung Vessel Segmentation

Method

In this Ph.D. Thesis we have also presented a novel approach to enhance lung
vessels simultaneously to airway in CT scans. An existing method for vessel
enhancement was improved to reduce false positives in airways walls, obtaining
good results in vessel detection and airway wall exclusion.

Since mean AUC values show good results discerning vessels and airways
walls, there is room for improvement in specificity and sensitivity. Additionally,
a new vesselness function specifically designed for airway enhancement or the
independent selection of parameters for vessel and airway segmentations could
improve bronchial lumen detection and consequently, airway wall estimation.

A visual evaluation of the output segmentations shows higher exclusion of
airway wall areas in the results. In studies where a connectivity analysis is
important, our method could achieve more reliable segmentations of vessels. Its
use could be also critical when a separation between veins and arteries is needed
or in irrigation studies assessing which vessel branches supply blood to specific
lung areas.

Finally, this approach could have a direct application in the estimation of
airway lumen area/arterial area (LA/AA ratio), a critical marker of bronchiectasis
in, for example, cystic fibrosis studies.

10.3 Discussion on AV Segmentation Method

The core of this Ph.D thesis was the development of a novel approach to
perform artery-vein segmentations in pulmonary CT images, providing a very
powerful biomedical image processing tool that has been barely explored until
now despite the objective usefulness and potential applications in both clinical
and methodological studies.
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The completely automatic AV segmentation/separation approach comprises
a first general lung vessel segmentation to obtain a simplified particle-base
representation of pulmonary blood flow systems, and a posterior classification
of vessel particles into arteries or veins based on the combination of local features
and connectivity information. The use of ML algorithms has demonstrated
relatively good performance to distinguish arterial and venous particles using
local features, specially in central areas of the lung, where airways are visible
and detectable easily in CT images, and therefore, the existing vessel-airway
relationship can be exploited. However, the spatial inconsistency of results
demanded the inclusion of connectivity information into the system. As
consequence, a GC approach was followed to merge both sources of information.

The discretization of vessels with scale-space particles allows not only the
simplification of structures and a better representation for classification purposes,
but a fairer evaluation of the AV separation with respect to pixel-based strategies
where the importance of each vessel portion and its contribution to the final
results depend on the caliber of the vessel. Although this particle-based
discretization of the structures is a prerequisite of the presented AV segmentation
method, the system is highly independent on the particle-based vessel and airway
segmentation algorithms used in this work. Any external segmentation of vessel
and bronchial trees could be transformed into a particle-like representation by
using scale-space particles or any other discretization algorithm, allowing the
reuse of the developed AV system. However, we would suggest a new adjustment
of parameters when the structure, distances and disposition of new discrete
vessel/airway particles change, in order to achieve an optimal performance of
the method.

Compared with the few published methods dealing with the AV segmentation
problem in CT images (Table 3.1), our approach excels in usability, validation and
performance, by providing a: i) completely automatic tool; ii) strong and rigorous
evaluation using precise AV ground truths covering the whole lung and reaching
high generations of the vasculature; and iii) validation of the method in real
and synthetic scenarios, using a relatively high amount of data including 6 lungs
from real noncontrast CT images and 24 synthetic lungs from anthropomorphic
pulmonary CT phantoms (factually more realistic and appropriate than the
simple mathematically generated tubular phantoms used in previous works, figure
3.3c).

Three evaluation measures have been reported (precision, recall and F1-score)
in three different stages of the algorithm: a first pre-classification of particles
located in the convex hull of airways, using RF based on local features; a complete
vessel particle classification using GC combining the RF pre-classification step
with connectivity information; and a final artery-vein classification using a refined
version of GC that addressed some problems related with the disconnection of
subtrees within the graph.

Bronchopulmonary segment phantoms were used to set up the system and
select the best parameters for the algorithm. Results on these data reveals
that the proposed approach is able to obtain almost perfect AV separations in
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pseudorealistic and simplified lung scenarios.

An actual validation of the system was performed with anthropomorphic
pulmonary CT phantoms and real noncontrast CT images. Results on both
datasets suggest very good performance of the algorithm in real and complex
synthetic scenarios, reporting F1-scores higher than 90% in most of the cases. The
avoidance of disconnections between different subtrees, addressed by the refined
version of GC, achieved important improvements in classification results in almost
all cases. These results outperform the ones obtained with most of the methods
(automatic and semiautomatic) found in the literature (Table 3.1), proposing
and using a stronger, fairer, and more complete validation strategy with precise
reference standards. Furthermore, the importance of a 90% of accuracy becomes
more relevant considering that the interuser variability of manual annotations
performed by experts is lower (74-87%) [Gao et al., 2012], indicating that the
proposed method could be considered as good or even better than manual AV
segmentations performed by experts.

Visual examinations revealed that most classification mistakes appear in
peripheral and distal areas of the lung (specially where subtrees not connected
with the principal structure exist), and in areas close to the hilum (where the
three air and blood flow systems are closely situated and start to develop).
Nevertheless, most errors are accumulated in the same subtrees keeping a
classification consistency through all subsequent generations, so interactive tools
for manual correction could be used to correct the mistakes with relative low user
burden.

As expected, experiments with phantoms probe that curvature of structures
introduce changes in the definition of connectivity between particles that ends
with a reduction in the accuracy of the algorithm. At the same time, it shows that
the robustness on vessel segmentation and the detection of principal directions,
are vital for the proper definition of connectivity and therefore, to maximize
the classification power of the AV segmentation method. Similarly, tests with
real cases have demonstrated the critical necessity of an accurate and sensitive
method for airway segmentation to maximize the computation of vessel-airway
relationships that drive the final AV classification.

When comparing results obtained using only synthetic cases and using only
real cases, the AV segmentation method performed comparatively, reinforcing
the similarity between anthropomorphic pulmonary CT phantoms and real
noncontrast CT images. However, some results suggest the existence of some
differences that go against the full interchangeability of real and synthetic cases.
Real lungs display air and blood flow systems with higher complexity especially
in peripheral areas. As consequence, despite the good results obtained with
RF in the pre-classification stage in real cases, GC are not able to extend a
proper classification to the whole arterial and venous systems in the best way.
The lack of information from airway segmentations in some principal bronchial
locations (falling outside the convex hull) of real lungs, together with the more
complex relation of arteries and veins outside the central part (displaying close
and intertwined structures in higher vessel generations), impede to achieve the
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same accuracy obtained in synthetic cases when applying GC. Moreover, the
noise introduced by the vessel segmentation step due to the proximity of both
vascular systems, which results in the generation of improper vessel particles, can
be avoided only in synthetic cases (where the segmentation of arteries and veins
can be performed independently). This allows a better definition of particle-
connectivity in synthetic lungs compared with real cases, providing an additional
reason to explain why final results with GC are better when using phantoms.
On the other hand, pre-classification of particles located within the convex hull
of segmented airways, based on local features, reported better results in real
cases, meaning that their features display a more stable and repetitive pattern.
For instance, real cases follow the theoretical vessel-airway relationship more
accurately than the synthetic lungs, whose pseudoaleatory component relax the
mimicry of these characteristics. This discrepancy could be overcome with the
future improvement in the automatic synthesis of anthropomorphic pulmonary
CT phantoms. The inclusion of more complete lung segmentations, by labeling
the hilum or the different lung lobes or segments, would allow a better adaptation
of synthetic lungs to the real anatomy and the synthesis of structures with more
realistic distributions.

Experiments combining real noncontrast CT images and anthropomorphic
pulmonary CT phantoms in training a testing datasets also support the existence
of all these differences (described in the previous paragraph) between them.

Despite the good overall results, the relative small number of real cases with
an available AV reference standard used in this work implies limitations in the
proper validation of the AV segmentation method. The future incorporation of
more noncontrast CT images would reinforce the results of this challenging task.
In parallel, the use of CTPA images would allow the evaluation in a dataset of
cases including contrast media to enhance pulmonary vessels. Similar or even
better results are expected in this scenario, where local intensity distributions
of vessels could play an important role in the performance of the algorithm. In
a properly gated CTPA image, arteries display higher HU values than veins,
a feature that can be used to better distinguish the two irrigations. The AV
segmentation system was developed taking it into account, so the addition of this
characteristic to the rest of local features could improve the classification power
of the ML algorithm.

The future database extension would also allow the exploration and validation
of different applications for the AV segmentation. For instance, AV outcomes
could be used to avoid FP detections of Pulmonary Embolism (PE) using
CAD systems, by removing venous locations that should not contain clots.
Moreover, the AV system open the possibility of studying different features such
as density, distribution, structure and size of arteries and veins independently
in an automatic way. Diseases that imply vasculature remodeling, such as
PAH, could use these measurements to check or even discover the phenotypical
consequences on arterial and venous systems, that could lead to the definition of
new biomarkers. The potential benefits for the analysis of pulmonary diseases in
the future are undeniable.
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Contributions

The main contributions of this Ph.D Thesis are:

Synthetic Pulmonary CT Image Generation System

� The design and implementation of a completely automatic system able
to generate multiple pseudorealistic synthetic images: bronchopulmonary
segment phantoms as well as more complex anthropomorphic pulmonary
CT phantoms.

� The parametrization of the system to provide flexibility for the adaptation
of outcomes to user demands, including the possibility of generating healthy
and pathological datasets.

� The synthesis of 284 different bronchopulmonary segment phantoms and 24
diverse anthropomorphic pulmonary CT phantoms.

� The use of the generated phantoms and their corresponding reference
standard in the optimization, training and evaluation of a pulmonary AV
segmentation/separation method.

� The public release of the labeled anthropomorphic pulmonary CT phantoms
to enable its use by the community to improve evaluation schemes, to train
or test different methods for processing pulmonary structures in CT images,
as well as to support the development of new image processing algorithms.

� The future inclusion of the software into the Chest Imaging Platform
(https://github.com/rjosest/ChestImagingPlatformPublic), a public
repository with multiple image processing tools specifically designed for
lung and chest CT imaging.

Pulmonary AV Segmentation System

� The design and implementation of a completely automatic method for the
segmentation and differentiation of pulmonary arteries and veins in CT
images.
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� The evaluation of the system in both synthetic (192 bronchopulmonary
segment phantoms and 24 anthropomorphic pulmonary CT phantoms) and
real (6 lungs from 3 noncontrast CT images) cases, reporting F1-scores
higher than 90% in most of cases.

� The design and implementation of a dual vessel-airway enhancement
algorithm specifically optimized for pulmonary structures in CT images;
and its validation in a public database of CT cases.

� The introduction of future research lines, potential applications and
different scenarios where the system could provide relevant information for
improvement or growth of methodological and clinical studies of multiple
cardiopulmonary diseases.

� The future inclusion of the software into the Chest Imaging Platform
(https://github.com/rjosest/ChestImagingPlatformPublic), a public
repository with multiple image processing tools specifically designed for
lung and chest CT imaging.
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Future Research Lines

As introduced in the conclusions (chapter 10), the are several potential future
research lines to be explored in the future for the two main contributions of this
work: the design of pulmonary CT phantoms and the development of an AV
segmentation/separation method in lung CT images.

12.1 Perspectives on Pulmonary Phantoms

We can summarize the direct research lines on pulmonary phantoms in three key
points: extension, improvement and applications.

12.1.1 Extension of Pulmonary Phantoms Database

Because of the random component of the system, the extension of the existing
dataset is quite direct by simulating more phantoms from the same initial CT
images.

With the inclusion of different additional images with their corresponding
reference standard, new cases could be created accomplishing new image features.
For instance, an interesting and easy experiment would be the simulation of
CTPA images instead of noncontrast CT ones, either with the use of new labeled
CT cases with some contrast media as reference, or with the modification of
internal parameters to introduce a different intensity distribution for the synthesis
of arteries and veins.

Moreover, the system to generate pulmonary phantoms is flexible enough to
simulate different real or fictitious conditions related with internal structures
(sizes, density, distribution, topology, intensity, branching patterns), lung
parenchyma (texture, intensity, size) or general image characteristics (noise,
background intensity...). Related with that, a very promising possibility would
be the generation of healthy and pathological cases by incorporating the proper
information through the input parameters and/or a specific model of the
phenotypical imaging expression of diseases to simulate. Two examples are
pulmonary embolism and emphysema, whose simulation would consist on the
inclusion of intensity and texture changes in arteries and lung parenchyma,
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respectively, to mimic the phenotypical expression observed in pulmonary CT
images.

12.1.2 Improvements on Phantom Generation System

A more complete lung segmentation, differentiating lung lobes, segments and
including a labeled hilum, would allow the generation of more accurate phantoms
with more realistic structure of vessels and airways. Pulmonary segments and
lobes could be used to independently generate subtrees in each lobar region,
addressing the segmental property of the lung, where each bronchopulmonary
segment represents nearly an independent functional and anatomical unit asso-
ciated with one principal artery and accompanying airway. Hilum area would
place the locations where air and blood systems start to develop, connecting all
subtrees from different lobes and segments that belong to the same irrigation.

The future incorporation of different algorithms for the generation of vessels
and airways, or methods for the inclusion of realistic features to the final image
could also be possible.

Finally, the growing knowledge about the relationship between cardiopul-
monary diseases, their effect on pulmonary arteries, veins, airways and parenchyma,
and the corresponding consequences in image features will incrementally allow
the construction of more sophisticated, case-specific and accurate pulmonary
phantoms.

12.1.3 Applications of Pulmonary Phantoms

Apart from using pulmonary phantoms for the development and evaluation of AV
segmentation/separation algorithms (the main objective of this Ph.D. Thesis),
future potential applications include the support and initial test of other image
algorithms and tools processing the lung or its internal structures. Methods
for lung, vessel and airway segmentations can take advantage of the complete
reference standards accompanying the airways to perform detailed evaluations of
the results, by using information about the whole 3D structure that allows the
computation of multiple measurements and metrics that are usually unavailable
in these scenarios. Additionally, other processes such as general registration
algorithms in CT images could demonstrate their robustness when only the lung,
vessels and airways have changed.

Future datasets of pathological CT images could be used to test the
performance of methods studying the specific diseases. Some examples are the
detection of lesions, tumors or pulmonary embolisms synthetically generated, as
well as the quantification and analysis of different degrees of emphysema.
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12.2 Perspectives on Pulmonary AV

Separation

The most important future research lines on pulmonary AV segmentation can
be condensed in: evaluation reinforcement, improvement of the method and
potential applications.

12.2.1 Evaluation Reinforcement of AV Segmentation

Although the developed AV separation method has been properly validated in
real and synthetic cases, the amount of labeled real noncontrast CT images
was quite limited. The incorporation of more cases where arteries and veins
are unequivocally differentiated would strengthen the validation of the tool.
Additionally, the use of CTPA where contrast media was used during acquisition,
would also probe the power and potential of the algorithm in this scenario.

12.2.2 Improvement of AV Segmentation Method

Future improvements for the AV separation algorithm could be related with
the two main tasks: the initial segmentation of pulmonary structures, and the
classification of particles representing the segmented vessels.

As previously described, the accuracy and sensitivity of airway segmentations
are critical for the correct behavior of the AV segmentation method. An
improvement on this challenging task could increase the precision of results
considerably. The improvement of current methods or the use of more accurate
algorithms for vessel segmentation could also improve the performance of the
system, specially if they achieve better results in unsettled areas such as
bifurcations and crossings of different irrigations, implying a better description
of connectivity information and a more precise computation of local features.
In both situations, a proper transformation of segmentation outcomes to obtain
particle-based representations would be necessary to keep the use of the developed
AV separation method using GC.

The use of more sophisticated supervised (or semisupervised) machine
learning methods and the inclusion of new features related with prior knowledge
about differences between arteries and veins could be studied to enhance the
pre-classification stage. Methods to improve the final results obtained with GC
include the detection of vessel bifurcations, the use of models for the distribution
of arteries, veins and airways, the definition of new connectivity functions or
the use of normalize graph-cuts (to balance the number of particles classified as
arteries and veins).

12.2.3 Applications of AV Segmentation

A biomedical image processing tool that is available, accurate and reproducible,
is relatively useless if there is no application in the clinical routine and/or clinical
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research. Therefore, the applicability of the tools into clinical studies and different
scenarios and problems is an absolutely necessary future research line.

Most cardiopulmonary diseases could benefit from the separation of pul-
monary arteries and veins, specially those that imply vasculature remodeling.
Some interesting examples are detailed in following subsections.

12.2.3.1 Computer-Aided Detection of Pulmonary Embolism

The independent segmentation of pulmonary arterial and venous trees in CTPA
images would be interesting to remove FP detections of CAD systems detecting
abnormalities that occur inside or proximal to vessels. This is the case of
PE, where clots can only be located in arterial subtrees, and many erroneous
detections obtained with CAD systems are placed in veins.

Two strategies could be applied to decrease dramatically the number of
erroneous detections by using the AV segmentation system developed in this
work:

� The removal of the whole venous tree from the area where pulmonary
embolisms are searched for. This strategy implies an absolute confidence in
AV outcomes, where classification errors could avoid the detection of some
clots if some arterial segments are classified as venous ones.

� The integration of the local features used in the pre-classification step,
specially those related with vessel-airway relationships, into the set of
features used to train the CAD system and to classify new instances from
the generated classification model. This strategy does not use the AV
classification results directly, but the main information used to get it.

12.2.3.2 Pulmonary Hypertension

The possibility of studying arterial and venous systems independently allows
the extraction of topological and structural information, critical in diseases
that imply the remodeling of pulmonary vasculature, which was unfeasible until
now. For instance, in Pulmonary Hypertension (PH) and PAH, processes such
as growth, cellular apoptosis, inflammation and fibrosis contribute to changes
in arterial and/or venous systems differently. These changes could be deeply
studied by analyzing density, structure and size of arteries and veins, allowing
the physicians to diagnose and follow the pathological state of patients, leading
the decision making for treatment and speed up the design of drugs in clinical
trials (monitoring the effects and efficiency) for this kind of diseases.

12.2.3.3 Other Applications

Other applications include matching of followup scans and the study of other
pulmonary diseases such as lung cancer or the study of pulmonary nodules,
where the relation between lesions and arterial/venous systems could provide
important information. In addition, AV segmentation could be useful as a
preprocessing step in multiple scenarios: to enhance airway tree segmentation
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(based on artery/airway relationship), to extract landmarks for data registration,
to generate an atlas relating AV tree geometry, topology and branching patterns.

Finally, the facilitation and encouragement provided by the AV segmentation
results of this Ph.D. Thesis, could allow the future extraction of information that
remains hidden and could be critical in the analysis of some cardiopulmonary
diseases. The opportunity to define new image-based biomarkers (an emerging
an useful practice in the clinical field) from this information is undeniable.
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