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Abstract

Medical image analysis focuses on the extraction of meaningful information from
medical images in order to facilitate clinical assessment, diagnostics and treatment.
Image processing techniques have gradually become an essential part of the modern
health care system, a consequence of the continuous technological improvements
and the availability of a variety of medical imaging techniques.

Magnetic Resonance Imaging (MRI) is an imaging technique that stands out as
non-invasive, highly versatile, and capable of generating high quality images without
the use of ionizing radiation. MRI is frequently performed in the clinical setting
to assess the morphology and function of the heart and vessels. When focusing on
the cardiovascular system, blood flow visualization and quantification is essential
in order to fully understand and identify related pathologies. Among the variety of
MR techniques available for cardiac imaging, 4D Flow MRI allows for full three-
dimensional spatial coverage over time, also including three-directional velocity
information. It is a very powerful technique that can be used for retrospective
analysis of blood flow dynamics at any location in the acquired volume.

In the clinical routine, however, flow analysis is typically done using two-
dimensional imaging methods. This can be explained by their shorter acquisition
times, higher in-plane spatial resolution and signal-to-noise ratio, and their relatively
simpler post-processing requirements when compared to 4D Flow MRI. The extrac-
tion of useful knowledge from 4D Flow MR data is especially challenging due to
the large amount of information included in these images, and typically requires
substantial user interaction.

This thesis aims to develop and evaluate techniques that facilitate the post-
processing of thoracic 4D Flow MRI by automating the steps necessary to obtain
hemodynamic parameters of interest from the data. The proposed methods require
little to no user interaction, are fairly quick, make effective use of the information
available in the four-dimensional images, and can easily be applied to sizable groups
of data. The addition of the proposed techniques to the current pipeline of 4D Flow
MRI analysis simplifies and expedites the assessment of these images, thus bringing
them closer to the clinical routine.
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Populärvetenskaplig Beskrivning

Medicinsk bildanalys fokuserar på extrahering av meningsfull information från
medicinska bilder för att underlätta klinisk bedömning, diagnostik, och behandling.
Bildbehandlingsteknik har gradvis blivit en viktig del av det moderna sjukvårdsys-
temet, en följd av de kontinuerliga tekniska förbättringarna och tillgången till en
mängd olika medicinska bildtekniker.

Magnetic resonanstomografi (MRT) är en bildteknik som är ickeinvasiv, flexibel
och kan generera bilder av hög kvalitet utan joniserande strålning. MRT utförs
ofta i klinisk miljö för att bedöma anatomi och funktion av hjärtat och blodkärlen.
När man fokuserar på hjärt-kärlsystemet är bedömning av blodflödet viktigt för att
kunna förstå och identifiera sjukdomar fullt ut. Bland de olika MRT-teknikerna som
är tillgängliga för avbildning av hjärtat möjliggör 4D flödes-MRT komplett täckning
av hjärtat i tre dimensioner över tid, och med hastighetsinformation i tre riktningar.
4D flödes-MRT är en mycket effektiv metod som kan användas för retrospektiv
analys av blodflödesdynamik på vilken position som helst i den avbildade volymen.

Till vardags görs dock blodflödesanalysen vanligtvis på bilder tagna med tvådi-
mensionella avbildningsmetoder. Detta kan förklaras av deras kortare insamlingstider,
högre spatiella upplösning, bättre signal-brusförhållandet, och att de är relativt en-
klare att efterbehandla jämfört med 4D flödes-MRT. Utvinningen av användbar
information från 4D flödes-MRT-data är väldigt utmanande på grund av den stora
mängden information som dessa bilder innehåller och kräver vanligtvis väsentlig
användarinteraktion.

Denna avhandling syftar till att utveckla och utvärdera metoder som underlättar
efterbehandlingen av 4D flödes-MRT genom att automatisera de steg som är nöd-
vändiga för att härleda hemodynamiska parametrarna av intresse från dessa data. De
föreslagna metoderna kräver liten eller ingen användarinteraktion, är relativt snabba,
använder all information som finns i de fyrdimensionella bilderna, och kan enkelt ap-
pliceras på stora datamängder. Tillägget av de i avhandlingen beskrivna metoderna
till den nuvarande analysen av 4D flödes-MRT medger en avsevärd förenkling och
uppsnabbad utvärdering, vilket gör att den avancerade 4D flödes MRT-tekniken
kommer närmare att kunna användas i kliniskt rutinarbete.
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Chapter 1

Introduction

Changes in intracardiac blood flow patterns appear to be early markers of cardiac
disease. Altered blood flow patterns have been observed in many cardiac diseases,
often as a result of early remodeling of the cardiac chambers. These alterations have
turned out to be extremely difficult to predict based on anatomy [1].

Magnetic Resonance Imaging (MRI) is a very versatile technique, allowing for
velocity imaging at any location and in any direction without harmful radiation. For
non-invasive flow measurements, MRI is often seen as the gold standard, particularly
since it can be used to generate flow measurements with good spatial resolution in
two or three dimensions [2].

Assessment and quantification of blood flow velocities in the entire cardiovascu-
lar system has been achieved successfully using 4D Flow MRI [3]. This technique
enables the calculation of hemodynamic markers such as flow volumes, flow eccen-
tricity, pulse wave velocity, pressure, turbulence, wall shear stress, among others,
which can be used to provide a greater understanding of abnormal flows in the
cardiovascular system. Visualization of these markers, typically through volume
renderings or isosurfaces, and of the blood flow data using vector plots or particle
traces, can also be of relevance during cardiac function assessment.

Manual analysis of 4D Flow MR data has been shown to be extremely difficult
and time-consuming. Therefore, current methods for 4D Flow MRI analysis have
included some degree of automation [4, 5]. The bulk of the studies, however, con-
tinue to rely on manual methods, especially when it comes to segmentation of the
heart’s chambers, necessary for the calculation of several important hemodynamic
markers.

Due to the large amount of information included in a 4D Flow MRI acquisition,
manual methods applied on them are tedious and usually very time consuming.
The aim of this project is to develop and evaluate tools for the assessment of 4D
Flow MRI data that can be used in large groups of data, are mostly automatic, and
consequently easy to use. Moreover, the formulated tools should be able to take
advantage of all the information available in the 4D Flow MRI dataset.

Image analysis offers an extensive array of techniques with the potential to
automate many of the steps required in order to extract useful information from
medical images. Appropriate application of these techniques whenever possible is
increasingly necessary in the modern health care system due to the continued growth
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CHAPTER 1. INTRODUCTION

of the amount of images acquired daily for medical purposes. A trend that will most
likely continue with the ongoing advances in image generating techniques, together
with the increase in computing power available for image processing. With this in
mind, the focus of this work lies in the application and evaluation of current image
processing techniques to improve 4D Flow MR-based research.

This thesis is outlined as follows: The main aims of the project are summarized
in Chapter 2. A physiological background of the cardiovascular system and its blood
flow is included in Chapter 3. Chapter 4 contains descriptions of the most important
MRI techniques used during throughout this project, while Chapter 5 provides an
introduction to the image analysis techniques applied in this work. Chapter 6 de-
scribes the current state of the art for 4D Flow MRI assessment, focusing on each
of the steps required in order to obtain useful information from this type of MR
acquisition. Subsequently, Chapter 7 presents a series of proposed improvements to
this standard developed and evaluated during the course of this project. Chapter 8
concludes with a summary of the goals achieved and a future outlook for this field
of research.
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Chapter 2

Aims

The main objective of this work was to develop tools to improve the clinical utility
of the 4D Flow MRI acquisition technique. More specifically, we focused on the
following aims:

• Improving the analysis process of 4D Flow MR images in order to facilitate
the assessment of blood flow in the cardiovascular system.

• Decreasing the time necessary to analyze 4D Flow MR images by automating
steps that typically require arduous manual supervision.

• Improving visualization of vessels and blood pool areas when using 4D Flow
MRI data, with special focus on including all the information present in the
four-dimensional images.

• Increasing the feasibility of 4D Flow MRI data analysis in sizable cohorts, for
both individual and group-wise assessment of the images.
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Chapter 3

Physiological Background

3.1 The Cardiovascular System

The main purpose of the cardiovascular system is to drive and maintain the circu-
lation of blood throughout the body. It serves to provide the cells with oxygen and
nutrients, while also facilitating the management of waste products in the opposite
direction.

The cardiovascular system’s main component is the heart, which functions as
a pump that drives the circulation of blood through the body by way of the vas-
cular system. The heart itself is composed of two pumps with equalized outputs;
the left heart which pumps oxygenated blood, and the right heart which handles
deoxygenated blood.

Anatomically, the vascular system can also be classified into two circuits com-
prising the systemic and the pulmonary circulation. The systemic circulation carries
oxygenated blood from the cardiac left ventricle through the arteries to all the body
tissues, and returns deoxygenated blood through the veins back to the right atrium.
The pulmonary circulation handles the delivery of blood to and from the lungs by
transporting deoxygenated blood from the right ventricle to the lungs, and from
there, newly oxygenated blood is returned to the left atrium via the pulmonary veins
[6]. The cardiovascular system is illustrated in Figure 1. A detailed image of the
heart can be seen in Figure 2.

3.2 Cardiovascular Blood Flow

Each chamber of the heart has a specific size and shape that influences the way
in which the blood moves through it with each heart beat. Previous studies have
proposed that the specific distribution of each of the cardiac chambers with respect to
each other, together with the way that each of them contracts during the cardiac cycle,
contribute to the conservation of energy in the flowing blood, therefore improving
the heart’s efficiency [7, 8].

There has been significant research establishing the fact that different patholo-
gies cause alterations in the normal cardiac flow patterns [9–11]. Consequently,
visualization and quantification of altered flows could also be used as an additional
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CHAPTER 3. PHYSIOLOGICAL BACKGROUND

Systemic Circuit

Pulmonary Circuit

Figure 1: Schema of the cardiovascular system depicting the systemic and pulmonary cir-
cuits, the white arrows indicate the direction of blood flow. Red: Oxygen rich blood, blue:
Carbon dioxide rich blood.

diagnostic tool in cardiovascular research. However, flow pattern analysis relies
strongly on visualization; therefore, most of the techniques require a subjective anal-
ysis of the flow information, which in many cases is not quantitative. Clinically
useful, concise information can be difficult to generate.

In practice, providing a per-case analysis of flow information has been of value
in specific cases, particularly when the morphology observed is greatly removed
from the norm, or when the flow patterns have been significantly altered by the
underlying pathology. Recently, however, studies have applied MRI techniques to
generate information that represents a group of subjects in a single dataset [12, 13],
which could help in identifying the characteristic flow patterns of particular diseases.

6



3.2. CARDIOVASCULAR BLOOD FLOW

Pulmonary 
Artery

Pulmonary 
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Superior
Vena Cava

Inferior
Vena Cava

Aorta

Right
Atrium

Left Atrium

Pulmonary
Valve

Tricuspid
Valve

Left Ventricle

Right Ventricle

Mitral Valve

Aortic Valve

Figure 2: Anatomy of the human heart. Red: Left side of the heart containing oxygen rich
blood, blue: Right side of the heart with deoxygenated blood. The white arrows indicate the
direction of blood flow.

There has also been some discussion about the idea of using flow analysis to help
in the generation of treatments for diseases that affect the normal flow patterns in
the heart and vessels [1]. For example, valve replacements and stents that focus on
the preservation of the original flow patterns of the affected region might produce
better results than valves that simply focus on restoring flow to the ventricle or
vessel [14, 15]. Another way of utilizing blood flow pattern information for disease
diagnostics has been proposed by Eriksson et al. [16]. This semi-automatic method
can be used to analyze and quantify the different components of the cardiac flow,
and has been evaluated for the left and right ventricles [17–19], and has also been
modified to adapt to the left atrial flow [20].

In order to improve diagnosis, treatment, and follow up of cardiac diseases, we
need to be able to quantify the severity of cardiac dysfunction, and to understand the
stages and processes that can provoke heart failure. The incorporation of flow-based
assessments into the diagnostic and treatment strategies for cardiovascular diseases
would positively influence the ability of the physicians to understand the underlying
physiological alterations caused by these disorders. It is our intent to eventually
reach a point where the assessment of flow patterns will become just one of the
available visualizations rendered directly after a medical examination. With the
steady improvement in medical imaging techniques, and the increasing computing
power available to technicians and researchers this idea might soon become a reality.
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Chapter 4

Cardiovascular Magnetic Resonance
Imaging

4.1 Magnetic Resonance Imaging Basics
This section aims to explain the basic concepts behind Magnetic Resonance Image,
for a more detailed perspective, please refer to [21, 22].

Magnetic Resonance Imaging is a medical imaging technique based on the fact
that the angular momentum, or spin, of hydrogen protons contained in biological
tissues, can interact with an external magnetic field. When placed in a strong mag-
netic field,

−→
B0, the proton’s spin will precess about the field’s direction. Using a

radio frequency (RF) pulse, an MRI scanner is able to influence the magnetization
alignment of the hydrogen spins relative to

−→
B0. Subsequently, the protons return to

equilibrium towards the direction of
−→
B0 at different speeds depending on the proton

density of the tissue to which they belong.
The time that it takes for the magnetization to return to equilibrium is called

relaxation time, two types of which are of interest in MR imaging: The longitudinal
relaxation time, typically represented by a time constant T1, follows the recovery of
the magnetization vector component in the direction of

−→
B0; and the transversal re-

laxation time, represented by T2, follows the relaxation of the transverse component
of the magnetization vector, related to the loss of phase coherence of the hydrogen
spins.

These changes in magnetization are exploited by a combination of RF pulses
and gradient fields resulting in a signal that can be detected by a receiver coil in the
MR camera. Using these tools, the MR scanner is also able to locate each received
signal to a specific position in the resulting raw data. Finally, a Fourier transform is
applied to the data, generating an image in which the intensity value of each element
is related to the relaxation times of the different tissues included in the picture.

4.2 MRI of the Cardiovascular System
Magnetic Resonance Imaging of the heart and vessels is commonly used in the
clinic with a variety of aims, such as assessment of cardiac anatomy and structure,
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CHAPTER 4. CARDIOVASCULAR MAGNETIC RESONANCE IMAGING

measurement of myocardial function, tissue characterization, visualization and quan-
tification of myocardial perfusion, and visualization and quantification of vascular
and intracardiac blood flow. With these goals in mind, several MR acquisition tech-
niques have been specifically developed and extended for use in the cardiovascular
system.

A major challenge when imaging the heart and thoracic vessels using MR is
the likelihood of motion artifacts in the resulting images. Therefore, successful
cardiac imaging requires handling two types of motion: the motion of the heart
as it pumps, and the motion of the thorax caused by respiration. Cardiac motion
compensation is achieved by synchronizing the image acquisition to the signal of
an electrocardiogram or photoplethysmograph placed on the subject. Using this
technique, the acquisition sequence is able to identify the phase of the cardiac cycle
to which each acquired segment belongs to. Respiratory motion can be managed
with the use of breath-held or respiratory-triggered acquisitions. In cardiac imaging,
it is common to acquire one section (typically a slice) of the image per breath-
hold. Other acquisition methods handle respiratory motion by locating a respiratory
tracking device on the subject’s abdomen, or by using a pencil beam, usually called
respiratory navigator, to acquire a column of pixels at the interface between the lung
and the liver [23].

The following sections describe the MR acquisition methods most significant
for this work.

4.3 Balanced Steady-State Free Precession
Balanced steady-state free precession (b-SSFP) is an MRI acquisition technique
typically chosen for cardiac anatomy visualization and cardiac function assessment
due to its relatively short acquisition times, very high signal-to-noise ratio, and its
ability to result in images with high contrast between blood and myocardium. One
of the most important characteristics of b-SSFP MR images is that their contrast
is given by a composition of T1 and T2 contributions; this is advantageous when
imaging tissues with different ratios of T1 and T2, such as blood and muscle, fat and
muscle, or vessels and surrounding tissue. This feature makes b-SSFP MR a very
good choice for assessing myocardial motion and performing angiographic imaging
[24].

b-SSFP MR allows for the acquisition of 2D and 3D cine (time-resolved) images
that include the whole cardiac cycle. A typical b-SSFP acquisition for cardiac
assessment is composed of 2D long-axis cine images containing two-, three-, and
four-chamber views of the heart, and a stack of 2D short-axis cine images to cover
the cardiac ventricles, with spatial resolution of about 1mm2, and slice thickness of
7-10mm. Figure 3 shows the location of the standard cardiac imaging views relative
to the cardiac anatomy. Figure 4 contains an example of a b-SSFP cardiac MRI.

Each image, or subset of images is, when possible, acquired during a breath-hold.
Performing the image acquisition at the end of exhalation during a breath-hold has
been determined to be more consistent, however, misalignments between the slices

10



4.3. BALANCED STEADY-STATE FREE PRECESSION

of the short-axis stack caused by slightly different positions during breath-holding
are a common issue in cardiac MR imaging [25].

Figure 3: Location of the cardiac imaging planes relative to the anatomy of the heart. Red:
Short-axis views, blue: Long-axis views.

(a) (b)

(c) (d)

LV

RV

LA

Ao

RA LV

RV

LV

RV

LV

LA LA

Figure 4: Cardiovascular MRI using balanced steady-state free precession. (a) Long-axis
two-chamber view, (b) long-axis three-chamber view, (c) long-axis four-chamber view, and
(d) short-axis view typically composed of a stack of images.

11



CHAPTER 4. CARDIOVASCULAR MAGNETIC RESONANCE IMAGING

4.4 4D Flow MRI
Blood flow patterns in the heart have been studied using a variety of medical imag-
ing techniques such as echocardiography, particle image velocimetry, and Magnetic
Resonance Imaging [26]. These imaging techniques are able to provide in-vivo visu-
alizations of the cardiac blood flow patterns, in addition to quantifiable flow velocity
information. Among them, MRI permits two- and three-dimensional visualization
of blood flow dynamics, and is typically considered the clinical gold standard [2].

In the clinical routine, the most common flow imaging technique based on mag-
netic resonance is Phase Contrast MRI (PC-MRI). This acquisition makes use of an
initial gradient field followed by an opposing field, usually called bipolar gradients,
which cause phase shifts in the flowing spins while the static tissue’s phase remains
unaffected. Furthermore, the phase shift accumulated by the moving tissues will be
proportional to the velocity in the gradients’ direction. Consequently, the blood flow
velocity can be visualized and quantified in the resulting images [27–29].

The relationship between blood velocity and the phase shift is calibrated by a
parameter called velocity encoding range or VENC. The VENC value indicates the
velocity that corresponds to a phase shift of π radians. VENC is the maximum
velocity (positive or negative) that can be properly encoded by the sequence, and
velocities higher than ±VENC will result in aliasing on the acquired image. The
chosen VENC must be able to encode the highest expected velocities, but also se-
lecting a too high VENC will result in a large dynamic range where lower velocities
will be more difficult to observe. Consequently, choosing a proper VENC value to
encode the required velocities in the resulting image is of great importance, and it is
typically done based on the visualization requirements of the specific case.

Magnitude Velocity(x) Velocity(y) Velocity(z)

Figure 5: 4D Flow MRI dataset including anatomical information and velocities in three
directions. Each box represents a four-dimensional volume.

4D Flow MRI can be defined as an extension of PC-MRI where flow-encoding
has been performed in all three spatial directions relative to the three dimensions
of space, also including the dimension of time along the cardiac cycle [3, 30, 31].
The resulting dataset is composed of four four-dimensional volumes, a magnitude,
M, with anatomical information, and a velocity volume for each direction in space:
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Vx, Vy, and Vz. These volumes are isotropic or near-isotropic, with a typical spatial
resolution of around 3mm3 when imaging the whole heart and great vessels. A
4D Flow MRI dataset includes one cardiac cycle generated from a combination of
multiple cardiac cycles collected over the course of the acquisition. The temporal
resolution is usually 30-50ms, and the scan time is around 10 minutes for a volume
covering the heart and great thoracic vessels. A 4D Flow MRI is illustrated in Figure
5.

The availability of this type of acquisition has added to the understanding of
the physiology and cardiovascular flow patterns in health and disease [32], and
has been shown to be valuable in clinical applications [33]. As the complete time-
resolved three-directional three-dimensional velocity field is contained within the
4D Flow MRI, the blood flow can be analyzed using a large range of tools [5].
Quantitative measures, such as pressure, vorticity, kinetic energy, among others, can
also be calculated and visualized based on 4D Flow MRI data [34–36]. Additionally,
studies have also examined flow connectivity and distribution in the cardiovascular
system over the cardiac cycle [16, 37].

4.5 MR Angiography

Magnetic Resonance Angiography (MRA) refers to a group of techniques based on
magnetic resonance imaging created with the goal of improving the visualization of
blood vessels. These techniques enable the generation of images that contain infor-
mation about arteries and veins in order to evaluate them for stenoses, occlusions,
aneurysms, or other abnormalities [38].

There are several different methods to obtain angiographic images using MR,
among these, the ones most often used in the cardiovascular system and more closely
related to this project are described more in detail in sections 4.5.1-4.5.3.

4.5.1 Contrast-enhanced MRA (CE-MRA)

When using CE-MRA, vascular images are produced using a contrast agent injected
into the subject’s blood system. This agent modifies the relaxation time of the
regions in which it accumulates, which can be exploited by the acquisition sequence
to increase the contrast of the blood in the resulting image [39]. An example of a CE-
MRA can be seen in Figure 6. CE-MRA imaging is independent of flow behavior,
and data can be collected in a short amount of time with high signal-to-noise ratio.
However, this technique requires good timing in order to acquire the image when
the contrast agent is most concentrated in the regions of interest. Additionally,
contrast agents are typically expensive, may be contraindicated in certain subjects,
and accumulation of residual amounts of gadolinium-based contrasts in the brain
has been reported [40].
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Figure 6: Maximum intensity projection of a contrast-enhanced MRA of the thoracic cardio-
vascular system.

4.5.2 Phase-contrast MRA (PC-MRA)
Phase-contrast MRA uses the same concepts as the previously described PC-MRI in
order to generate angiographic images in which the flowing blood inside the vascular
structures results in higher image intensities [41–43]. PC-MRA data are typically
acquired without cardiac gating in a breath-hold. Consequently, the cardiac motion
present during the acquisition is averaged in the resulting image, likely becoming
difficult to perceive. As is the case with PC-MRI techniques, the resulting PC-MRA
data allows for flow velocity quantification in the regions included.

4.5.3 4D Flow MRI generated angiography
A 4D Flow MRI dataset can also be used to generate angiographic images similar to
those obtained with PC-MRA, given the similarity of the underlying phase-contrast
acquisition techniques present in both imaging methods. In this case, the magnitude
and velocity images included in the 4D Flow MRI are combined, such as in equation
1, in order to preserve higher intensities in areas where there is blood flow.

PC-MRA(t) =
1
N

N

∑
t=t

M2(t)∗
√

V 2
x (t)+V 2

y (t)+V 2
z (t) (1)

In this equation, t is a timeframe in the cardiac cycle, N is the number of timeframes
available in the dataset, M is the magnitude component of the 4D Flow MRI, while
Vx, Vy and Vz are the flow velocity components in the three spatial directions. A PC-
MRA generated from a 4D Flow MRI dataset using equation 1 can be seen in Figure
7. Different approaches of combining the 4D Flow MR data for the generation
of angiographic images have been proposed and evaluated [44–46]. In most of
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these methods, the information over the cardiac cycle is averaged resulting in a
three-dimensional image.

(a) (b) (c)

Figure 7: PC-MRA visualized as: (a) a coronal slice, (b) a maximum intensity projection,
(c) an isosurface.
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Chapter 5

Medical Image Analysis

Medical image analysis consists of a series of techniques and procedures for the ex-
traction of clinically useful information from the images acquired using a multitude
of medical imaging methods such as radiography, ultrasound, magnetic resonance,
computed tomography, among others. The goal of these techniques is to facili-
tate and improve the interpretation of medical images for diagnostic or therapeutic
purposes.

Since their advent in the early twentieth century, medical imaging methods have
greatly improved, both in respect to image quality, and also in relation to the time
it takes to acquire and generate such images. In this context, as the amount of data
generated by the modern health care system increases steadily, it creates a need for
reliable processing techniques to assist in the interpretation of this vast source of
information.

The subject of medical image analysis includes a broad range of techniques for a
variety of objectives [47]. In this work, however, we will focus on the two methods
most significant for this thesis: Image registration and image segmentation.

5.1 Image Registration
Image registration is the process of spatially aligning two or more images into a
single frame of reference. It is used when the images have been acquired at different
times, from different viewpoints, or by different sensors. Image registration is
typically applied to solve problems such as scene reconstruction, object detection
and recognition, motion analysis and compensation, change detection, image fusion,
or object tracking. This section offers a concise introduction to the extensive topic
of image registration; for a more detailed explanation, please refer to [48–50].

In general terms, the problem of image registration can be defined as follows:
Given a fixed or reference image, IF(x), and a moving or template image IM(x), find
a displacement, u, such that the transformed moving image, IM(x+u(x)) is spatially
aligned to the fixed image, IF(x). The expression x+ u(x) can also be defined as
a transformation, T = x+u(x), that maps the moving image to the fixed image. A
straightforward registration method typically consists of the following components:

• Distance measure: Also referred to as similarity measure, defines the quality
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of the spatial alignment calculated by the registration method. The registration
is finished when the transformed moving image IM(x+ u(x)) is sufficiently
similar to the fixed image IF(x). A few well-known distance measures typi-
cally used in image registration are the sum of squared differences, sum of
absolute differences, mutual information, and cross-correlation [51].

• Transformation model: Determines the set of transformations that are al-
lowed during the registration process in order to align the images. Transfor-
mation models used in image registration can be divided into rigid and non-
rigid. Rigid transformations only include rotation and translation, while non-
rigid models allow for more complex transformations, such as skewing and
shearing, and can in term be subdivided into parametric and non-parametric
transformations.

• Optimization method: Indicates the technique used to calculate the optimal
transformation, T̂ , for which the moving image is sufficiently similar to the
fixed image. With the goal of image registration, standard numerical optimiza-
tion methods, such as gradient descent, Quasi-Newton, conjugate gradient,
among others, are usually employed [52].

Once all the components have been selected, the registration method can be defined
as an optimization problem where the similarity measure must be maximized until
an optimal transformation T̂ is obtained:

T̂ = arg min
T

C(T ; IF , IM), (2)

C(T ; IF , IM) = D(T ; IF , IM)+αR(T ) (3)

where C is the cost function to minimize, D is the distance measure, α weighs
similarity of the images versus the smoothness of the displacement field, and R is a
regularization term that determines the smoothness of the field, typically included
to constraint T to be continuous and physically plausible.

A great number of registration methods have been implemented by extending
and improving this relatively simple framework. These techniques have been eval-
uated in medical imaging in general [53, 54], and specifically in cardiovascular
imaging [55, 56]. In cardiovascular image analysis, registration has been used for
a variety of tasks, such as comparison of images acquired at different times or by
different imaging modalities [57], motion artifact correction [58, 59], motion and
strain quantification [60, 61], segmentation [62, 63], and generation of statistical
shape models [64, 65].

The main challenge of registration in this field of study is its high requirement
for computational resources, which can make image registration a time-consuming
process. Additionally, deformations applied on medical images can result in morpho-
logical changes in the physiological structures of interest, which must be carefully
considered when using these images for diagnostic assessment.
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5.1.1 Registration Considerations for this Thesis
Registration is an extensive topic of research in the field of image analysis. Con-
sequently, there is a considerable number of implementations and parameters to
be selected within each possible implementation in order to address the specific
registration problem we attempt to solve.

In this work, registration was used to align MR images acquired with different
techniques and for a variety of purposes, such as motion correction, time-resolving,
and segmentation. Therefore, we experimented with several registration techniques
previously implemented, and explored the best parameters to apply for each particu-
lar question. This section aims to give a theoretical introduction to the concepts that
we found useful during this project regarding image registration.

Distance Measures

A wide variety of methods for the quantification of the degree of similarity between
two images have been proposed and evaluated for medical image analysis [51, 66,
67]. Amongst them, the ones used at different stages of this thesis were:

• Sum of Squared Differences (SSD): This is a common, easy to use method.
However, it assumes that the intensities in the images are directly compara-
ble, which might not be the case regarding images acquired with different
modalities. The SSD between two images, IF and IM, can be calculated as:

SSD(IF , IM) =
∫

Ω

(IM(x+u(x))− IF(x))2dx (4)

• Normalized Cross Correlation (NCC): Estimates the strength of the relation-
ship between two signals, in this case represented by the compared images.
Given a fixed and a moving image, IF and IM, respectively, and T , a spa-
tial transformation mapping the moving to the fixed image, the NCC can be
calculated as follows:

NCC(IF , IM) =

∑
xi∈ΩF

(IF(xi)− IF)(IM(T (xi))− IM)

√
∑

xi∈ΩF

(IF(xi)− IF)2 ∑
xi∈ΩF

(IM(T (xi))− IM)2
, (5)

where IF and IM, are the average values of the fixed and moving images,
calculated as:

IF =
1
|ΩF | ∑

xi∈ΩF

IF(xi), and (6)

IM =
1
|ΩF | ∑

xi∈ΩF

IM(T (xi)) (7)
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Ω represents the domain of the image, and |Ωr| the number of pixels in the
image.

• Normalized Mutual Information (NMI): Mutual information is a measure of
the mutual dependence between the images [68, 69]. It is a similarity measure
typically used for multi-modality image registration, since it does not depend
directly on the intensities of the images, but on the statistical relationship
between these intensities. In terms of entropy, H, which serves to evaluate the
degree of unpredictability of a state, the NMI can be calculated as:

NMI(IF , IM) =
(H(IF)+H(IM))

H(IF , IM)
(8)

Additionally, as defined in [70], the NMI can be calculated using B-spline
Parzen windows as:

NMI(IF , IM) =

∑
m∈LM

∑
f∈LF

p( f ,m) log2(pF( f )pM(m))

∑
m∈LM

∑
f∈LF

p( f ,m) log2 p( f ,m)
(9)

where LF and LM are sets of regularly spaced intensity bin centers, p is the
discrete joint probability function, and pF and pM are the marginal discrete
probabilities of the fixed and moving images, respectively. In both equations,
IF and IM represent the fixed and moving images.

• Local Phase Difference: Local phase is a concept derived from signal pro-
cessing with the aim of measuring local shape [71]. It is invariant to local
variations in the signal intensity, which is an advantage when used for image
registration. This measure is the basis for the Morphon registration algorithm
[72], described in more detail at the end of this section.

The phase is defined as a one-dimensional measure, however, for a multi-
dimensional image, it can be calculated using a set of quadrature filters, fk,
with K different orientations, n̂k. Given a fixed and moving image, IF and IM,
respectively, their phase-difference for orientation k, ∆ϕk, can be calculated
as the argument of the complex conjugate product of the quadrature filter
responses:

∆ϕk = arg(Qk) (10)

Qk = qF,k q∗M,k (11)

where qk denote the filter responses from the quadrature filter:

qF,k = IF ∗ fk (12)

qM,k = IM ∗ fk (13)
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Additionally, local phases allow for the calculation of another useful term, the
local structure tensor, used to describe the orientation of signal variation [73].
It can be calculated as a summation of the quadrature filter output magnitudes
as follows:

T = ∑
k
||qk||(n̂kn̂T

k −αI) (14)

where α = 1
m−1 , m being the dimensionality of T , and I is the identity tensor.

Transformation Models

As mentioned previously, the transformation models used during image registration
can be divided into parametric and non-parametric models, both of which where
used in this work.

In a parametric model, the transformation is defined as a function of indepen-
dent parameters. Examples of parametric transformations typically used in image
registration include rigid, affine, radial basis functions, and B-splines. When using
a low dimensional set of parameters, regularization of the resulting transformation
field is implicitly included in these transformations.

Non-parametric models estimate the transformation as an unknown function
without explicit parameterization. This represents an ill-posed problem since its
solution is not unique, and consequently, requires a regularization term to be ap-
plied to the transformation. Regularization of the estimated transformation field is
used to guarantee certain characteristics in the solution such as smoothness, spar-
sity, or rigidity, while at the same time avoiding cracks, foldings, or undesirable
deformations.

The Morphon Algorithm

In this work, non-rigid registration was applied using a non-parametric framework
based on the Morphon algorithm [74]. The Morphon was first described in [72]
and has been used previously for several medical image processing tasks, such as
atlas-based segmentation [75–77] and anatomical atlas generation [78, 79].

The Morphon algorithm makes use of local phase differences as a measure of
local structure for the estimation of displacement fields between the input images.
Consequently, the algorithm is less sensitive to variations in the image intensities
when compared to other methods that rely on these intensities directly.

A displacement field between the moving and the fixed images, IM and IF , is
accumulated from a number of iterations using multiple scales that progress from
coarser to finer. In each iteration, an update to the current displacement field, δu, is
calculated as the solution to the following least squares problem:

δu = min
d

∑
k

1
2
||ckT (dkn̂k−d)||2 (15)

where d is the estimated displacement, T is the local structure tensor of IM and
IF , calculated as the average tensor of the two images (see equation 14), n̂k is the
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direction of filter k, dk is the displacement estimate in direction k, and ck is a certainty
term used to reduce the effect of noise in the local phase corresponding to direction
k, and it is calculated as:

ck =
√

Qk cos2
(

∆ϕk

2

)
(16)

Equations 10 and 11 show how to calculate the local phase differences ∆ϕk and Qk.
Additionally, a certainty map δc, related to δu can be defined as:

δc = ∑
k

ck (17)

The total displacement field for each iteration is the result of accumulating the
displacement field, u, calculated in the previous iteration and the update field δu.
This is done using the following formula:

u =
c u+δc(u+δu)

c+δc
(18)

where c is the certainty map related to the displacement field u, calculated using δc
as:

c =
c2 +δc(c+δc)

c+δc
(19)

Once the displacement field has been calculated for the current iteration, the next
step consists of regularization of the field in order to make it smooth and ensure a
physically plausible transformation. This can be accomplished in a number of ways;
however, during this work we focused on the following regularization methods:

• Elastic regularization: Calculated using the elastic potential of the displace-
ment field u [80], defined as:

R(u) =
1
2

∫

Ω

µ〈∇u,∇u〉+(λ +µ)(∇ ·u)2dx (20)

where λ and µ are the Lamé parameters that define material properties of the
field.

• Fluid regularization: Uses the characteristics of a viscous fluid to model
the displacement field [81]. It is calculated using the elastic potential of the
velocity of the displacement field u:

R(v) =
1
2

∫

Ω

µ〈∇v,∇v〉+(λ +µ)(∇ · v)2dx (21)

where v is a velocity field defined as v = ∂tu+ vT ∇u, t is an artificial time
introduced for this calculation.

22



5.2. IMAGE SEGMENTATION

5.2 Image Segmentation

The goal of segmentation is to divide the image into sections that represent objects
or areas of the real world. Different characteristics of the images such as noise,
artifacts, or low contrast of the structures of interest can make segmentation quite a
challenging process. Moreover, even when performed by a trained expert, manual
segmentation can be slow, tedious, and difficult to reproduce. Therefore, automatic
segmentation methods have been a focus of research since the beginnings of image
analysis [82, 83].

As is the case with the most useful image analysis techniques, extensive re-
search has been dedicated to develop and expand a great variety of segmentation
approaches. Some of the most commonly used techniques in medical image analysis
are based on thresholding, edge-detection, region-growing or merging, clustering,
pattern recognition, or atlases, to name a few [84, 85].

Within medical imaging, the typical areas segmented are different tissues, organs,
or pathologies. Segmentation is one of the most important challenges in medical
image analysis, since it is usually necessary to identify any anatomically relevant
structures in the image before useful information can be extracted [86, 87]. More
specifically, in cardiovascular imaging, segmentation is performed with the goal
of assessing myocardial motion, ventricular stroke volume or shape, assessment of
vessel geometry, flow analysis, among others [88–90].

Atlas-based segmentation is one among the several segmentation methods avail-
able that has lead to good results in medical imaging [91, 92]. The following section
expands further on this particular method, which is the basis for the segmentation
techniques proposed in this thesis.

5.2.1 Atlas and Multi-atlas Segmentation

In the context of medical image analysis, an atlas, sometimes also called a template,
is an image that incorporates locations and shapes of anatomical structures, and
the spatial relationships between them. An atlas can be generated by incorporating
information from multiple segmented images, or, on the other hand, when using
multi-atlas segmentation, several independent atlases can be combined into one final
segmentation [93].

Atlas and multi-atlas segmentation benefit from the non-trivial medical expertise
included in the atlases. This is particularly important for medical imaging, where
knowledge of the anatomy depicted in the images is essential for a successful seg-
mentation.

Atlas-based segmentation permits locating and labeling specific areas in the
cardiovascular image by registering the atlas to an unsegmented image. Using regis-
tration, a deformation is calculated in order to account for morphological differences
between the atlas and the image to be segmented. The deformed atlas will then indi-
cate the location of the areas it represents in the new image [94, Chapter 11]. The
use of multiple atlases strengthens the segmentation method by improving its abil-
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ity to handle anatomical variation between subjects, consequently achieving better
segmentation accuracy [92].

In the past decade, multi-atlas segmentation methods have been successfully
tested on several different types of medical MR images, such as brain MRI [95, 96],
prostate MRI [97], cardiac MRI [98, 99], whole body MRI [100], breast tissue MRI
[101], knee MRI [102], among others.

Label Fusion in Multi-Atlas Segmentation

In multi-atlas segmentation, the registered atlases represent a set of possible solu-
tions to the problem from which a final segmentation can be extracted. Several
studies have proposed different techniques to merge or fuse all these solutions into
one final labeling [97, 103–109].

When implementing multi-atlas segmentation in this work, label fusion was
accomplished using the simultaneous truth and performance level estimation (STA-
PLE) algorithm [103], which has been used previously for consensus ground truth
calculation for cardiac MR segmentation methods [110, 111].

STAPLE uses expectation-maximization (EM) [112] to calculate a probabilistic
estimate of the true segmentation based on the group of segmentations provided by
the registered atlases. EM is a widely applicable approach for computing maximum
likelihood estimates from incomplete data. When applied in multi-atlas segmen-
tation, the incomplete data is the collection of expert decisions, D, in this case
represented by the registered atlases, while the complete data also includes the true
segmentation T .

Let D be an N×R matrix describing the binary decisions made by R experts for
each of the N voxels of the image. T is the hidden true segmentation of N elements
to be estimated by the algorithm. The quality of each expert segmentation, r, is
represented by the performance level parameters sensitivity and specificity, p and q,
respectively, at each voxel i:

pr = P(Dir = 1|Ti = 1) (22)

qr = P(Dir = 0|Ti = 0) (23)

pr denotes the likelihood that expert r correctly identifies a voxel inside the true seg-
mentation, while qr is the likelihood that the expert correctly identifies a background
voxel as such. STAPLE estimates the performance level parameters of the experts
which maximize the complete data log likelihood function:

(p̂, q̂) = argmax
p,q

ln f(D,T |p,q) (24)

where f(D,T |p,q) is the probability mass function of the complete data (D,T ). At
iteration k, the performance parameters that maximize the conditional expectation
of the log likelihood function can be estimated as:

(p(k),q(k)) = argmax
p,q

E[ln (f(D,T |p,q) f(T )) | D, p(k−1),q(k−1)] (25)
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When used in STAPLE, the EM algorithm works by iterating two steps until
convergence:

1. The first step (E-step, expectation) estimates the conditional probability of
the true segmentation, W , given the registered atlas labels and the estimates
of sensitivity and specificity, p(k−1) and p(k−1), calculated in the previous
iteration (k−1):

W (k−1)
i ≡ f(T = 1|Di, p(k−1),q(k−1)) (26)

For each voxel in the image, Wi denotes the likelihood that voxel i corresponds
to 1 in the ground truth segmentation, i.e., Wi = P(Ti = 1).

2. In the second step (M-step, maximization) the new performance level esti-
mates, p(k) and q(k), are updated using W (k−1) as:

p(k)j =
∑i:Di j=1W (k−1)

i

∑iW
(k−1)
i

(27)

q(k)j =
∑i:Di j=0(1−W (k−1)

i )

∑i(1−W (k−1)
i )

(28)

5.2.2 Evaluating Segmentation
A broad range of metrics have been proposed in order to measure the quality of a
segmentation [113]. This is a very important step in the evaluation of automatic or
semi-automatic segmentation techniques. In medical imaging, it typically consists
of a comparison between the generated segmentation and the ground truth, which
is generally obtained using the clinical gold standard, considered to be the most
accurate segmentation possible.

Segmentations generated or corrected in this work were evaluated using the
following metrics:

• Dice Similarity Coefficient (DSC): First presented in [114], is one of the
most commonly used metrics for image segmentation evaluation. It is a mea-
sure of overlap between the input volumes, calculated as:

DSC =
2|A∩B|
|A|+ |B| (29)

where A and B are the segmentations we wish to compare. The operator
|A| is defined as the number of elements (pixels or voxels) included in the
segmentation. The resulting coefficient is a number in the range [0,1], where
zero represents no overlap while one signifies complete overlap.
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• Hausdorff Distance (HD): It is defined between two sets of points as the
maximum of all the distances from a point in one set to its closest point in the
other set [115]. Given two finite sets of points A and B, the Hausdorff distance
is given by:

HD = max(h(A,B),h(A,B)) (30)

where h(A,B) is the directed Hausdorff distance, calculated as:

h(A,B) = max
a∈A

min
b∈B
||a−b|| (31)

||a−b|| is a norm, such as the Euclidean distance.

In addition to the geometric measures, the proposed methods were also evaluated
using the following morphological and flow related criteria:

• Cardiac volume: Segmentations of the cardiac chambers at representative
timeframes of the cardiac cycle, such as end-systole and end-diastole, are typi-
cally done in the clinic in order to assess cardiac function. Volume comparison
between the segmentations at these timeframes has been previously used as a
measure of quality in cardiac imaging. This is particularly useful when evalu-
ating segmentations generated using images obtained with different imaging
acquisition methods, since cardiac volume should remain the same for the
different images.

• Stroke Volume (SV): Volume of blood pumped by a cardiac ventricle in a
heartbeat, used to measure cardiac efficiency. The stroke volume for the left
and right ventricles should be equal in a heart without shunts, which can be
used a marker for cardiac disease, and additionally, as an evaluation measure
for segmentation. It can be calculated using equation (32).

SV = EDV−ESV (32)

where EDV (end-systolic volume) is the volume of blood in the cardiac cham-
ber at end-diastole, and ESV (end-systolic volume) is the volume of blood in
the chamber at end-systole.

• Ejection Fraction (EF): Fraction of blood expelled from a cardiac ventricle
in a heartbeat, calculated using equation (33). It is also a measure of cardiac
efficiency.

EF =
SV

EDV
×100 (33)

• Flow Volume (Q): Measure of the volume of fluid that passes through an area
in a specific amount of time. Within the field of cardiology, it is often used to
account for the volume of blood that travels through a vessel in one heartbeat.
It is frequently calculated at a plane located in the proximal ascending aorta
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(systemic flow volume, Qs), or at a plane located in the pulmonary trunk
(pulmonary flow volume, Qp). The flow volume can be calculated as follows:

Q =
∫

t
V dt (34)

V = v ·A (35)

where v is the through-plane flow velocity, and A is the cross-sectional vector
area of the vessel.

With the goal of segmentation evaluation, Qs can be compared to the left
ventricular stroke volume, while Qp should correspond to the right ventricular
stroke volume.
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4D Flow MRI Assessment

Besides having long acquisition times, application of 4D Flow MRI has been hin-
dered by the complexity of the analysis of these comprehensive datasets [3]. Anal-
ysis of 4D Flow MRI data can be extremely time consuming, especially during the
segmentation stage which is a requirement for most assessment methods. Addition-
ally, in 4D Flow MR images, the contrast between the myocardium and the blood
is typically not very high, resulting in the need to include other MR acquisitions
during the analysis method.

This chapter provides a description of the procedures frequently followed in
order to generate clinically useful information from 4D Flow MRI datasets.

6.1 Vessel Segmentation
Several studies have combined the 4D Flow MRI magnitude and velocity informa-
tion in order to obtain an angiographic visualization of the thoracic blood vessels
[45], see section 4.5.3 for a brief description of these techniques. The resulting
angiograms have then been employed to segment the main vessels contained in
the 4D Flow MRI dataset using a variety of approaches: level sets [116–118], wa-
tershed transformation [46], graph cuts [119], among others. These techniques
typically result in a three-dimensional segmentation of the vessels, ignoring any
vessel movement that occurs during the cardiac cycle, which might be sufficient for
the assessment of certain hemodynamic parameters that are not affected by motion.

Previous studies have generally focused on three-dimensional segmentation
due to its relative simplicity and shorter time requirements with respect to four-
dimensional segmentation methods; however, some semi-automatic attempts have
been made [120]. Four-dimensional segmentations can be useful for calculations
that must be performed near the vessel walls or for a more detailed visualization of
blood flow throughout the cardiac cycle.

6.2 Cardiac Segmentation
Current methods for 4D Flow MRI cardiac segmentation incorporate the usage of
separately acquired b-SSFP MRI in order to segment the cardiac ventricles and atria
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[24]. These images have higher in-plane resolution and better contrast between
the blood and the myocardium than 4D Flow MR images, and are consequently
frequently used to locate and segment the cardiac chambers. However, the use of
b-SSFP MR images also introduce some extra challenges when attempting to use
the segmentations on 4D Flow MRI data:

• When acquired for cardiac assessment, b-SSFP MR images usually include a
short-axis stack that covers the cardiac anatomy. As discussed in section 4.3,
b-SSFP MR images are acquired during a series of breath-holds. Typically,
only one or two slices of the stack are acquired per breath-hold, and about one
breath-hold is taken per minute. In order to decrease the acquisition time, the
short-axis stack is made to cover the cardiac ventricles (from the apex to the
ventricular outflow tract), and exclude the complete cardiac atria and major
thoracic vessels, which are frequently contained in the 4D Flow MRI. Part
of the cardiac atria can be observed in the b-SSFP long-axis images that are
usually included in the imaging sequence. However, these images only offer
a partial depiction of the atrial chambers and are not enough to discern their
precise shape.

• The images included in the b-SSFP MR short-axis stack are typically ac-
quired with a relatively large slice thickness (between 7 and 10mm) in order
to increase the signal-to-noise ratio in the image plane. The resulting lower
resolution in the direction perpendicular to the image plane is sufficient for
myocardial motion assessment and calculation of cardiac stroke volume and
myocardial volume. However, the large slice thickness can affect the quality
of the segmentation when superimposed on the isotropic or near-isotropic 4D
Flow MR images.

• The different slices of the short-axis stack are acquired over the course of
several breath-holds. Therefore, misalignments between the slices of the
stack are quite common when the position of the subject’s diaphragm changes
between breath-holds [25, 121].

Advanced methods for semi-automatic or automatic ventricle segmentation fo-
cusing on b-SSFP MRI have been previously presented, using techniques such as
deformable models [122], active shape and appearance models [123], atlas-guided
segmentation [124], among others. A review of segmentation methods in short- and
long-axis cardiac MR images can be found in [90, 125]. These techniques have
reduced the processing time needed to analyze b-SSFP MR images, but have not
been made to be used directly on 4D Flow MRI. Moreover, the 4D Flow MR images
include more regions of interest, such as the atria and thoracic vessels, which could
also be segmented and analyzed.
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6.3 Visualization
Many approaches for visualization of intracardiac blood flow have been published
over the past decades [2, 126–128]. Visualization can be performed using cut planes,
vector maps, maximum intensity projections, isosurfaces, volume renderings, and
particle traces, to name a few. The type of visualization used must be based on the
particular goal of the study, moreover, choosing the right way of visualizing the data
can be essential in understanding the processes that take place within the complex
4D Flow MRI datasets.

Particle traces, i.e. streamlines and pathlines, have become especially popular
for intuitive visualization of time-resolved three-dimensional blood flow in the heart
and vessels. Streamlines are lines parallel to the velocity vector field at an instant
in time, they are useful for representing instantaneous flow characteristics. On the
other hand, pathlines are calculated by integrating the vector field over time; they
follow the path that an imaginary particle, or a tiny drop of dye, would take over
time. Pathlines are suitable for inspecting flow features through time.

Isosurfaces, maximum intensity projections, and volume renderings have been
used for visualization of anatomical landmarks, or to depict hemodynamic parame-
ters that have a structure, such as vortex rings or turbulence [30, 129, 130].

6.4 Hemodynamic Analysis
As the complete time-resolved three-directional three-dimensional velocity field is
contained within the 4D Flow MRI, its data can be analyzed using a large range of
tools [5]. Using these velocity fields, hemodynamic markers such as flow volume,
pressure, vorticity, kinetic energy, pulse wave velocity, turbulence, helicity, wall
shear stress, flow connectivity, among others, can also be calculated and visualized
[16, 34–37].

Many of the studies regarding hemodynamic assessment of cardiovascular dis-
eases consist of comparisons between patients and healthy volunteers in order to
derive markers of disease [19, 35, 129, 131, 132]. There has also been some effort
in recent years to create tools to generate group-wise average quantification and
visualization of hemodynamic parameters [12, 13]. The underlying idea is to cre-
ate statistical models of the behavior of certain parameters under disease to aid in
clinical understanding and diagnosis of different conditions.

A subset of the currently existing hemodynamic parameters were calculated
during the course of this thesis in order to evaluate the proposed techniques, and to
compare different datasets or groups of datasets to each other. The following is a
list of these parameters and their definitions:

• Flow Volume (Q): Described previously in section 5.2.2, the flow volume can
be calculated using equation (34).

The flow volumes in the proximal ascending aorta and pulmonary trunk, Qs
and Qp, respectively, are commonly used to calculate the pulmonary-systemic
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flow ratio (Qp/Qs), which can be used in a similar way to the comparison of
stroke volumes between the left and right ventricle. In a healthy heart, without
any septal defects, the outputs of the left and right ventricles should be the
same, i.e., the pulmonary-systemic ratio should be close to one.

• Kinetic Energy (KE): Measure of the energy of an object generated by its
movement. In the context of cardiovascular hemodynamic analysis, alterations
in the KE of the cardiovascular flow can be a consequence of the loss of
energy in the system, which can be caused by a decrease in cardiac efficiency.
Consequently, KE has been previously used as a marker of disease in both the
heart and vessels [19, 133, 134]. Voxel-wise KE of the blood can be computed
using equation (36).

KE =
1
2

mv2 (36)

where m represents the mass, and v the blood’s speed. Using the formula to
calculate density (ρ), m can be calculated as:

m = ρ dV (37)

where ρ is the blood’s density, with a known average value of 1060kg/m3,
and dV is the volume per voxel.

• Helicity (H): Denotes the extent of helical patterns within the flow, observed
when a fluid rotates around an axis that follows the main direction of flow. It
is a pseudo-scalar; consequently, it changes sign depending on the direction of
the helical patterns. It has been previously used in the analysis of the typically
helical aortic flow [135, 136]. The equation to calculate H in a volume V is:

H =
∫

V
~u ·ω dV (38)

where ~u is the velocity vector, and ω is the vorticity or curl of the velocity
vector field, defined as:

ω = ∇×~u =
(

∂vz

∂y
− ∂vy

∂ z
,
∂vx

∂ z
− ∂vz

∂x
,
∂vy

∂x
− ∂vx

∂y

)
(39)

Additionally, the density of the helicity (Hd) can be calculated as the dot
product between the velocity vector and the vorticity:

Hd =~u ·ω (40)

32



Chapter 7

Proposed Techniques

The following sections contain a detailed description of the methods proposed in
the papers included in this thesis. These techniques were developed with the aim of
increasing the clinical utility of 4D Flow MRI, and as such, they focus on improving,
facilitating, and expediting some of the steps in the current standard of 4D Flow
MRI assessment.

7.1 Automatic Segmentation Correction

As discussed in section 6.2, the current standard for cardiac image segmentation in
4D Flow MRI uses short- and long-axis b-SSFP MR images of the cardiac anatomy
due to their comparatively higher myocardial contrast and in-plane resolution. Fre-
quently, the cardiac chambers are delineated manually by an expert or using semi-
automatic methods. In addition to the challenges already involved when manual
operations are required, the specific characteristics of the b-SSFP MR images also
incorporate some extra challenges to the utility of the resulting segmentations for 4D
Flow MRI analysis. Among these challenges, the issue of misalignments between
slices caused by differences in the thorax’s location during the distinct breath-holds
required for the b-SSFP MRI acquisition can particularly hinder flow assessment
when using a segmentation created from a misaligned short-axis stack on the 4D
Flow MRI [19, 132].

In Paper I, “Improving Left Ventricular Segmentation in Four-Dimensional
Flow MRI Using Intramodality Image Registration for Cardiac Blood Flow Analy-
sis”, we proposed a method to automatically align the slices of the b-SSFP short-axis
stack to the 4D Flow MRI using rigid registration. The technique consists of the
following steps:

1. A region of interest (ROI) is automatically defined to contain the heart and its
closely surrounding areas in order to exclude other areas of the anatomy that
might negatively affect the registration. This is an optional step and may be
ignored if desired.

2. For each slice of the short-axis stack of the b-SSFP MRI:
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(a) Calculate the intersection between the slice and the 4D Flow MRI as an
interpolation of the 4D Flow MRI magnitude image at each voxel of the
b-SSFP MR slice.

(b) Use rigid registration to calculate a transformation, T̂ , between the inter-
section generated in the previous step and the b-SSFP MR slice.

(c) Apply the transformation T̂ to the b-SSFP MR slice.

A result of the proposed method can be seen in Figure 8, and an example of the
effect of correction on the flow pathlines generated using the 4D Flow MRI can be
seen in Figure 9.
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Figure 8: Uncorrected versus corrected segmentations for one dataset. The left ventricular
segmentation is superimposed over a four-chamber view of the heart using an isosurface
(top) and the isosurface boundary (bottom).
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Figure 9: A representative example of the effect of segmentation correction on the flow
pathlines generated using 4D Flow MRI. (a) Uncorrected, (b) Expert corrected, (c) Automat-
ically corrected. The leftmost figures correspond to the outflow pathlines, and the rightmost
to the inflow pathlines. Visible errors caused by misalignment of the short-axis images are
depicted with red arrows, while errors affecting the generated pathlines are shown with white
arrows. The pathline colors were defined in a previous study with the goal of ventricular
flow analysis [16].
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The rigid registration included in the method was evaluated for two different sim-
ilarity measures: normalized cross-correlation (NCC) [137], and normalized mutual
information (NMI) [70], with NMI resulting in the best outcomes during the eval-
uation. The implementation of this method employed an open-source registration
framework, Elastix. [138].

The method was tested in 20 subjects, 10 healthy volunteers and 10 patients
with ischemic cardiomyopathy or idiopathic dilated cardiomyopathy. To evaluate
the technique, we calculated the geometric accuracy of the automatic correction
by comparison with manual correction performed by an expert. Two well-known
methods for the calculation of spatial correspondence were used: Dice Similarity
Coefficient (DSC), and Hausdorff distance (HD). Additionally, we evaluated the
effect of the correction in the volume of flow calculated using pathlines going in and
out of the left ventricle [16].

The correction method resulted in reduced differences between the expert cor-
rected and the automatically corrected segmentations when compared to the uncor-
rected labels for all the evaluation methods included in the study. See Figure 10
for the geometric accuracy results, and Figure 11 for the flow analysis comparison
between uncorrected and corrected segmentations.
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Figure 10: Geometric accuracy results for three different sections of the heart: Apical
(Apex), mid-ventricular (Mid), and basal (Base). Uncorrected and automatically corrected
segmentations were compared to the expert corrected segmentations using two measures of
spatial correspondence: Dice similarity coefficient (left) and Hausdorff distance (right).

More powerful transformation models for the registration method, such as spline
or more general non-rigid registration, were not considered for this task since the
aim of the proposed method was to correct for breath-hold motion misalignments
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Figure 11: Comparison of flow volumes calculated using pathlines between the uncorrected
(black) and the automatically corrected (white) segmentations. Inflow differences (left),
outflow differences (right).

that typically present themselves as small rigid differences between short-axis slices.
Additionally, non-rigid transformations might result in unwanted alterations in the
anatomy depicted in the images. Large differences between the b-SSFP and the 4D
Flow MRI caused by other types of motion or by acquisition issues were not the
focus of this work and would most likely require different correction procedures.

The method does not require any manual input, it is fairly quick, and can be used
to correct data that has already been segmented; therefore, no extra segmentations
or new image acquisitions are required. Consequently, the implemented correction
method can be easily added to the pre-processing steps of 4D Flow MRI analysis.

7.2 Vessel Segmentation

Clinical blood flow based assessment with MRI is typically done by measuring blood
flow passing through a 2D PC-MRI plane placed perpendicular to a vessel, manually
or semi-automatically segmenting the vessel in each timeframe of the cardiac cycle,
and calculating the flow volume over all these timeframes in order to assess the
amount of blood that goes through the blood vessel during a heartbeat. Assessment
of flow volumes in the great thoracic vessels can also be done using 4D Flow MRI,
with the advantage of having the possibility to include and relocate as many analysis
planes as necessary, without requiring any additional MR acquisitions [139–141].
However, as discussed in section 6.1, most vessel segmentation techniques intended
for 4D Flow MRI have aimed for three-dimensional results and require a varying
degree of manual inputs in order to generate adequate results.

In Paper II, “Atlas-based analysis of 4D flow CMR: Automated vessel segmen-
tation and flow quantification”, we propose the use of atlas-based segmentation with
4D Flow MRI to automatically segment the great thoracic vessels at each timeframe
of the cardiac cycle, locate planes at predefined vessel positions, and calculate their
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corresponding flow volumes. The main goal of the study was to automate and sim-
plify the post-processing steps required to generate a four-dimensional segmentation
of the vessels, together with a general evaluation of the cardiac status of the subject
done through vessel flow analysis.

For this study, an atlas was created by semi-automatically segmenting the aorta,
pulmonary artery, and caval veins in one 4D Flow MRI dataset. Additionally, the
atlas included plane locations at which flow volume calculations would be valuable
for cardiac function evaluation. The image used to segment the vessels was an
angiography of the atlas dataset created by including only the systolic timeframes
of the 4D Flow MRI. The atlas can be seen in Figure 12, while Figure 13 shows the
plane locations chosen for each vessel.

Aorta

Caval
Veins

Pulmonary
Artery

Figure 12: Atlas of the great thoracic vessels. Red: aorta, blue: pulmonary artery, green:
caval veins.
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Figure 13: Great thoracic vessels included in the atlas visualized independently with their
corresponding planes for flow volume analysis.

The automatic procedure to segment and assess a target 4D Flow MRI dataset
can be described as follows:

1. As done previously for the atlas, an angiography of the systolic timeframes
was generated using the input 4D Flow MR dataset.

2. The angiographies were registered and the resulting displacement field was
applied to the atlas’ segmentation labels to generate a segmentation for the
target dataset. This segmentation includes labels for the major vessels at
systole, and locations of the flow analysis planes.

3. A systolic timeframe, ts, of the input dataset was chosen as the one correspond-
ing to the segmentation generated in the previous step. The target’s magnitude
image at ts, M(ts), was non-rigidly registered to all the available timeframes
of M. The resulting deformations were applied to the segmentation generated
in step 2. The final result was a four-dimensional segmentation of the vessels,
also including the locations of the assessment planes.

4. Net flow volumes and volumetric flow rates at each timeframe were calculated
for all the planes included in the segmentation.

Figure 14 shows the resulting segmentation generated for one subject, together
with flow velocity visualization for all the vessels using instantaneous streamlines.
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Figure 14: Segmentation generated with the proposed method at one systolic timeframe.
Top: All the vessels visualized using isosurfaces (left), and instantaneous streamlines of
the flow velocities (right). Bottom: Flow velocities for each vessel, aorta (left), pulmonary
artery (center), and caval veins (right).
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Note that only one timeframe is shown in the figure due to space considera-
tions; however, the segmentation generated is four-dimensional and includes all the
timeframes available in the 4D Flow MR dataset.

To evaluate the method, 4D Flow MRI acquisitions were obtained from healthy
volunteers and patients with mild or moderate heart failure for a total of 21 datasets.
The results obtained in the ascending aorta were compared to manual segmentation
of the same vessel performed in 2D PC-MRI planes, obtaining excellent correlation.
Also, the flow volumes obtained at different locations were compared in order to en-
sure that the values obtained were coherent with the expected cardiovascular inputs
and outputs. Good agreements were found between the flow volumes obtained in
the ascending aorta, pulmonary trunk, pulmonary branches, and caval veins. Linear
regresion analysis of these comparisons are shown in Figure 15.
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Figure 15: Linear regression analysis of the flow volumes calculated with the proposed
method. (a) Ascending aorta vs. pulmonary trunk. (b) Pulmonary trunk vs. pulmonary
branches. (c) Pulmonary trunk vs. caval veins. (d) Proximal descending aorta vs. distal
descending aorta.
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Once an atlas has been created, the method is completely automatic and can be
used as part of the post-processing and visualization techniques applied on the 4D
Flow MRI datasets. Additionally, the four-dimensional segmentations generated
could be used to visualize the motion of the vessels throughout the cardiac cycle,
and could aid in the calculation of hemodynamic parameters that depend on the
location of the vessel wall, such as wall shear stress.

The main limitation of the proposed method is the use of a single atlas to seg-
ment the vessels, whose morphology can potentially vary between distinct subjects.
A new atlas, or set of atlases, would be required to segment and assess specific
pathological vascular anatomies. We improved upon this method in Paper V by
including multiple atlases in the segmentation process in order to account for more
variability between subjects, in addition to generating a segmentation for the cardiac
chambers. See section 7.5 for further details.

7.3 Angiographic Visualization
As discussed in section 4.5.3, Phase-contrast Magnetic Resonance Angiography (PC-
MRA) data can be generated by combining the blood flow velocity information and
the magnitude data included in a 4D Flow MRI acquisition. However, the current
standard for 4D Flow MRI angiographic data generation typically averages all the
available timeframes into one three-dimensional image in which moving structures
are difficult to perceive. This can impair visualization of the heart chambers, as well
as the computation of parameters that rely on a precise segmentation, such as wall
shear stress in the large arteries.

In Paper III, “Improving visualization of 4D Flow CMR with four-dimensional
angiographic data: Generation of a 4D pase-contrast magnetic resonance Car-
dioAngiography (4D PC-MRCA)”, we propose an improvement over the method
used for PC-MRA data generation from 4D Flow MRI. We present a technique for
the generation of a temporally resolved Phase-Contrast Magnetic Resonance Car-
dioAngiography (4D PC-MRCA) that includes the geometry of the lumen of the
vessels as well as the heart over the entire cardiac cycle.

The procedure to generate a 4D PC-MRCA from a 4D Flow MRI dataset can be
described as:

1. Generate a phase-contrast angiography without averaging the image data,
thereby retaining the four-dimensional information included in the 4D Flow
MRI dataset. We used equation (41) in order to take advantage of the particu-
lar settings of our datasets; however, this equation can be adapted accordingly,
as suggested in previous studies [45].

PC-MRA(t) = M(t)∗
(
V 2

x (t)+V 2
y (t)+V 2

z (t)
)γ (41)

where t represents each timeframe of the dataset, M is the magnitude volume
of the 4D Flow MR image, Vx,Vy and Vz are the velocity volumes in each of
the three space directions, and γ is a correction value experimentally set to
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0.2 to enhance the image intensities in areas of lower blood flow, such as the
cardiac chambers.

2. The image generated in the previous step has considerable differences be-
tween the intensities of its different timeframes, a consequence of the cardio-
vascular system’s pulsatile blood flow. In this step, we use non-rigid regis-
tration to align all the timeframes of the 4D Flow MRI magnitude volume to
one chosen timeframe t̂ of M. The result is a set of N − 1 transformations,
B = {B1,B2, . . . ,BN−1}, for N timeframes in the 4D Flow MR dataset.

3. Each timeframe t of the PC-MRA created in step 1 is transformed using its
corresponding transformation Bt , resulting in a four-dimensional angiography
in which all timeframes are morphologically located at timeframe t̂, but with
with different blood flow intensities depending on their position in the cardiac
cycle.

4. Generate a maximum intensity projection (MIP) of the four-dimensional im-
age generated in the previous step, resulting in a three-dimensional PC-MRCA.
This step is comparable to the averaging step included in the previously pub-
lished PC-MRA generation techniques; however, in this case we are able to
identify the particular timeframe to which the PC-MRCA belongs to at this
point, i.e., the chosen timeframe t̂.

5. Calculate a new set of transformations F = {F1,F2, . . . ,FN−1} using non-rigid
registration between M(t̂) and the remaining timeframes of M. As in step
3, the transformations are applied to the 3D PC-MRCA resulting in a four-
dimensional cardioangiography.

Figure 16 shows a 4D PC-MRCA at one mid-diastolic timeframe using different
visualization methods. The 4D PC-MRCA at different timeframes of the cardiac
cycle is depicted in Figure 17.

(a) (b) (c)

Figure 16: 4D PC-MRCA at mid-diastole visualized as: (a) a coronal slice, (b) a maximum
intensity projection, (c) an isosurface from different points of view.
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Figure 17: Several timeframes of the cardiac cycle visualized using isosurface renderings of
the 4D PC-MRCA

The method was visually evaluated in a group of ten healthy volunteers with no
prior history of cardiovascular disease. The 4D PC-MRCAs were compared to 3D
PC-MRA data generated using equation (42), previously described in [46].

PC-MRA(t) =

√
1
N

N

∑
t=1

M2(t)∗ (V 2
x (t)+V 2

y (t)+V 2
z (t)) (42)
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Two experts scored maximum intensity projections of the 4D PC-MRCAs and 3D
PC-MRAs based on visibility of anatomical regions for clinical assessment. For
this purpose, we devised an image quality scale from 1 to 4 based on criteria that
we considered would be most important for cardiovascular diagnosis. The resulting
scores were higher for the PC-MRCAs in all the regions evaluated. Additionally, no-
ticeable discrepancies with respect to the cardiovascular morphology were observed
on the PC-MRAs on a considerable number of timeframes throughout the cardiac
cycle due to cardiac and vessel motion.

In addition to offering an improved visualization of the heart and vessels over the
cardiac cycle, the 4D PC-MRCAs can also be used in order to compare or register
different 4D Flow MRI datasets to each other. This feature was used in Paper IV
to create an average dataset from a group of subjects, and in Paper V to generate
automatic four-dimensional segmentations of the cardiac chambers and vessels (see
sections 7.4 and 7.5).

7.4 Assessment of Hemodynamic Parameters
A current challenge in the assessment of 4D Flow MRI data is the lack of automatic
methods that are able to handle the extensive amount of information available when
considering a large group of datasets, or when comparing sizable groups of datasets
to each other, each with particular characteristics. Moreover, the desired methods
should also be able to extract complex knowledge from these datasets without re-
ducing the amount of information to a single value, as it is quite common when
analyzing 4D Flow MR images.

In Paper IV, “Creating Hemodynamic Atlases of Cardiac 4D Flow MRI”, we
developed a framework for cohort-based blood flow assessment of 4D Flow MRI
data, with the main objective of improving the feasibility of cohort studies based
on this type of MR acquisition. A cohort-averaged hemodynamic atlas was created
from a set of healthy volunteers in order to visualize and assess the group-wise
behavior of hemodynamic parameters during the cardiac cycle.

The technique developed in Paper III was used to generate 4D PC-MRCAs for
all datasets, and these images were used to generate the cohort’s averages. Creating
average images or volumes for a group of datasets has been done previously with
different objectives in mind, such as, hemodynamic analysis, model-based segmen-
tation, and statistical shape analysis [13, 64, 142]. In this study, the procedure to
create an average volume for a cohort was the following:

1. PC-MRCAs were generated for each of the datasets in the cohort. See section
7.3 for details on how to generate a PC-MRCA from a 4D Flow MRI. These
images were used to register the datasets to each other.

2. The PC-MRCAs were temporally aligned to each other with respect to each
subject’s cardiac cycle. To do this, the velocities included in the 4D Flow MRI
were used to define three specific phases in the cardiac cycle: mid-systole,
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early-diastole, and end-diastole. Subsequently, these timeframes were used
to temporally align the 4D PC-MRCAs, using interpolation to generate the
intermediate frames so that all the datasets consisted of 40 timeframes.

3. One subject, referred to as “Subject 1” (S1), was randomly selected to be
the base of the average volume. The PC-MRCAs of all datasets were rigidly
registered to S1 to reduce possible rotation or translation differences between
the images.

4. Using non-rigid registration, the PC-MRCA of S1 was registered to the PC-
MRCAs of all the datasets in the cohort obtained in the previous step.

5. The deformation fields obtained in step 4 were averaged into one four di-
mensional displacement field that was applied to S1, resulting in an average
volume, or “average heart”. Since the images were temporally aligned in step
2, all the registrations were done for each timeframe available. Consequently,
the generated average volume is also four-dimensional.

Once created, the average volume was used to generate hemodynamic atlases of
specific parameters as follows:

1. A hemodynamic parameter to be assessed was selected and calculated for
each of the 4D Flow MR datasets in the group. The output of this step is a
four-dimensional image for each dataset in which each voxel’s value is the
chosen hemodynamic parameter calculated for that voxel.

2. All the PC-MRCAs of the group were non-rigidly registered to the average.
The resulting displacement fields were applied to the hemodynamic volumes
generated in the previous step.

3. The registered hemodynamic volumes were averaged to obtain the hemody-
namic atlas for the chosen parameter. Atlas volumes were also created using
the standard deviation of the hemodynamic parameter in order to visualize the
areas where group values differ.

4. Regions of interest were segmented in the average volume, using the resulting
segmentation on the hemodynamic atlas. For this study, we segmented the left
ventricle, left atrium, and ascending aorta at three timeframes: mid-systole,
early-diastole, and end-diastole.

The proposed method was evaluated in a group of thirteen 4D Flow MR datasets
acquired from healthy volunteers with no current or prior history of cardiovascular
disease. Hemodynamic atlases of kinetic energy (KE) and helicity density (Hd)
were generated for the group, and the effect of registration on these parameters was
evaluated. Volume renderings of the hemodynamic atlases for KE and Hd at three
timeframes of the cardiac cycle can be seen in Figure 18.

Registration was applied to each dataset individually to evaluate the effect of
displacement and interpolation on the hemodynamic parameters. We found that the
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Figure 18: The kinetic energy and helicity density atlases at three timeframes of the cardiac
cycle including the left ventricle (LV), left atrium (LA) and the ascending aorta.

peak values were slightly underestimated after registration. However, the general
value distribution of the parameters remained the same after they were registered,
and the mean values were also not significantly affected.

The accuracy of the average volume generation method was assessed by creating
additional manual segmentations of the cohort’s PC-MRCAs, using non-rigid, rigid,
and affine registration between these PC-MRCAs and the average volume, and
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comparing the overlap of these new registered segmentations with the segmentation
of the average volume. Additionally, rigid and affine registration methods were
evaluated for step 2 of the hemodynamic atlas creation in order to determine the
benefit of using non-rigid registration in this step. Non-rigid registration was found
to generate better results in all cases.

The proposed method is mostly automatic, requiring only the segmentation of the
group’s average volume. Segmentation of each individual dataset is not necessary,
thereby avoiding a considerable amount of time-consuming work.

The approach developed in this paper could be used to generate disease-specific
hemodynamic atlases of patient groups with different cardiovascular disorders. The
technique could also be applied to assess other valuable parameters such as turbulent
kinetic energy, energy loss, vorticity, flow speed, among others, in any region of
interest included in the 4D Flow MR image.

7.5 Cardiac Segmentation
Segmentation of the cardiac chambers and great thoracic vessels is one of the most
important and simultaneously difficult challenges to resolve when assessing 4D Flow
MR images. As discussed in section 6.2, the current standard for cardiac 4D Flow
MR segmentation makes use of b-SSFP MR images of the heart by delineating the
regions of interest in these images. However, the use of cardiac b-SSFP MR for
this purpose affects the resulting segmentations negatively due to the inherent char-
acteristics of this acquisition. On the other hand, direct manual or semi-automatic
segmentation on 4D Flow MR images has frequently been deemed unfeasible due
to a number of reasons:

• Their relatively lower resolution when compared to other cardiac MR ac-
quisitions. This typically results in partial volume effects which can make
structures like the myocardium, papillary muscles, or cardiac valves difficult
to distinguish.

• The sheer amount of data included in the images. A comprehensive segmenta-
tion requires a three-dimensional segmentation per timeframe for each region
of interest, which ideally should include the cardiac ventricles and great tho-
racic vessels.

In Paper V, “Automated Multi-atlas Segmentation of Cardiac 4D Flow MRI”,
we propose and evaluate an automatic method to segment the cardiac chambers
and great thoracic vessels in 4D Flow MRI data. The technique is based on multi-
atlas segmentation, and, similarly to Paper IV, takes advantage of the information
available on the 4D PC-MRCAs presented in Paper III in order to register different
4D Flow MR datasets to each other.

A group of atlases was created by segmenting eight 4D Flow MR datasets using
semi-automatic methods. Each atlas included labels for the four cardiac chambers,
aorta, and pulmonary artery at two timeframes: end-systole (tES) and end-diastole
(tED). Figure 19 shows two of the atlases used in the study.
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End-systole (tES) End-diastole (tED)

Figure 19: Labels created using semi-automatic methods on two atlases at end-systole and
end-diastole. Red: aorta, yellow: LV, orange: LA, green: pulmonary artery, blue: RV, cyan:
RA.

A 4D PC-MRCA was generated for each atlas. Subsequently, to segment a target
4D Flow MRI, the method was a follows:

1. Generate a 4D PC-MRCA for the target dataset using the technique described
in section 7.3.

2. Apply multi-atlas segmentation independently for tES and tED with the follow-
ing steps:

(a) Register the 4D PC-MRCA of each atlas to the 4D PC-MRCA of the
target dataset at tES and tED. For this step, affine registration was applied
first, followed by non-rigid registration.

(b) Apply the displacement fields corresponding to each atlas to its labels,
resulting in a set of possible segmentations for the target dataset at the
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chosen timeframes.

(c) Fuse the eight available solutions into one segmentation for each of
the selected timeframes, tES and tED. To this end, we used the STAPLE
algorithm, described in section 5.2.1, to calculate a probabilistic estimate
of the true segmentation for each timeframe.

3. Propagate each of the generated segmentations in time as follows:

(a) Register the target’s magnitude at tES, M(tES), to all timeframes to gen-
erate a set of displacements fields, one for each of the N available time-
frames. Similarly for M(tED). Note that these displacement fields were
already calculated during step 1.

(b) The displacement fields were applied to the segmentations obtained in
step 2(c) to create two possible segmentations, each based on one of the
chosen timeframes, tES and tED.

4. Create a final segmentation by combining these two segmentations into one
final result. The segmentation created from tES was preferred during systolic
timeframes, and its influence was made to decrease as we got farther from end-
systole. Correspondingly, the segmentation based on tED had less influence
during systole, and its importance increased gradually towards end-diastole.

Figures 20 and 21 show the segmentation results for three 4D Flow MRI datasets
at end-systole, mid-diastole, and end-diastole visualized using isosurfaces from two
different points of view.

The proposed method was evaluated on a group of 110 datasets acquired from
both healthy volunteers and patients with suspected or diagnosed ischemic heart
disease. End-systolic and end-diastolic volumes obtained automatically with the
proposed technique versus those delineated manually on b-SSFP MR images were
compared for the left ventricle and the left atrium. Figure 22(a-b) shows the results
for the left ventricle. The correction method introduced in Paper I (Section 7.1) was
used in order to minimize the effect of misalignments in the short-axis images on the
manual segmentations. As an additional evaluation measure, flow volume analysis
planes located in the ascending aorta and pulmonary artery root were generated
using the technique described in Paper II (Section 7.2). These flow volumes were
subsequently compared to the stroke volumes calculated using the segmentations
of the left and right ventricles (see Figure 22(c-d)). Limits of agreement for all the
values evaluated were lower or around 30ml, which is similar to the results reported
by previously published automatic segmentation techniques focusing on cardiac
MRI [108, 143, 144].

The presented technique allows for fast and automatic segmentation of all the
regions of interest included in a 4D Flow MRI dataset and can facilitate visualization
and assessment of hemodynamic parameters in these images. Figures 23 and 24
use the segmentations shown in Figures 20 and 21 to visualize blood flow veloci-
ties throughout the cardiac cycle for three datasets. The flows are depicted using
instantaneous streamlines at each timeframe.
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End-systole Mid-diastole End-diastole

Figure 20: Segmentations generated for three datasets at three timeframes of the cardiac
cycle visualized using isosurfaces. Red: aorta, yellow: LV, orange: LA, green: pulmonary
artery, blue: RV, cyan: RA.
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End-systole Mid-diastole End-diastole

Figure 21: Segmentations generated for three datasets at three timeframes of the cardiac
cycle visualized using isosurfaces. Red: aorta, yellow: LV, orange: LA, green: pulmonary
artery, blue: RV, cyan: RA.
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(a) (b)

(c) (d)

Figure 22: Blandt-Altman plots corresponding to the comparison of: (a) manual versus
automatic segmentations of the LV EDV, (b) manual versus automatic segmentations of the
LV ESV, (c) automatic LV SV versus systemic flow volume (Qs), and (d) automatic RV SV
versus pulmonary flow volume (Qp)
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Filling Late filling Early systole Mid-systole End-systole

Figure 23: Flow visualization using the segmentations generated for three datasets at five
phases of the cardiac cycle. The pulmonary flows are shown in shades of blue, and the
systemic flows in shades of red.
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Filling Late filling Early systole Mid-systole End-systole

Figure 24: Cardiac flow visualization using the segmentations generated for three datasets at
five phases of the cardiac cycle. The pulmonary flows are shown in shades of blue, and the
systemic flows in shades of red. The heart is displayed using a four-chamber point of view.
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Chapter 8

Summary and Future Outlook

8.1 Contributions of this thesis

The main contribution of this thesis is the application and evaluation of novel image
analysis techniques for the assessment 4D Flow MRI data, a complex and extensive
category of MR acquisition. Accordingly, we have developed a series of tools
to automate and assist an image analyst or physician throughout the process of
visualizing and quantifying the valuable information included within these images.
All the tools require minimal or no interaction from the user, with the aim of focusing
the majority of the expert’s analysis time in the assessment of the 4D Flow data,
instead of during mandatory image preprocessing tasks.

Research done using 4D Flow MRI frequently focuses on regions with stronger
blood flow dynamics, such as the cardiac left ventricle and aorta. Additional regions,
such as the cardiac atria, right ventricle, and pulmonary artery are generally also
included in the images, although they have typically been the focus of fewer studies.
In Papers III, IV, and V, we presented techniques that can be used to visualize and
assess any region of interest included in the 4D Flow MRI datasets.

In Papers IV and V we focused on cohort analysis from two points of view
commonly used in medical research: analysis of groups of subjects with similar
characteristics, and individual assessment per subject. These automatic tools for
the analysis and segmentation of 4D Flow MR images facilitate the assessment of
large cohorts of data, and can be valuable assets when aiming to obtain clinically
significant results.

8.2 Comments on the Current Implementation

Image registration is a very popular subject within the research of medical imag-
ing; consequently, thousands of methods and method variations have been proposed
over the past decades. Section 5.1.1 contains a description of the registration tech-
niques used during this work, which were chosen and evaluated for our specific
aims. Nevertheless, the proposed methods are not constrained to these particular reg-
istration techniques in order to accomplish their goals, and any sufficiently adequate
registration technique could likely be used for each case instead of the proposed
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ones.
During the development of most of the presented methods, we focused on es-

tablishing their feasibility when applied to 4D Flow MRI datasets. Consequently,
although some efforts were made to use parallel programming when suitable, we
did not focus on reducing the execution time of the algorithms as much as possible.
The execution times required per-dataset for each of the proposed methods are the
following:

• Paper I: ∼1 minute

• Paper II: ∼10 minutes1

• Paper III: ∼10 minutes2

• Paper IV: ∼20 hours. Parallel computing was used for the generation of
4D PC-MRCAs, but not during the calculation of the average atlas or the
hemodynamic atlas

• Paper V: ∼25 minutes
Further improvements could be done in this regard; for example, using GPU pro-
cessing or cloud computing to help in the execution of the most demanding portions
of the techniques, such as registration or hemodynamic parameter calculation.

Notably, most of the results are saved to disk after the first execution, and sub-
sequent runs require only a few seconds. This is specially true for the techniques
presented in Papers II and V, where the addition of new flow analysis planes or
regions of interest to be segmented after the first run will be completed in a matter
of seconds.

8.3 Evaluation of Results
A very important factor when developing image analysis tools is the evaluation of
the generated results. This evaluation process depends almost entirely on the nature
of the problem solved, but it typically incorporates a series of similarity measures to
compare the results to a chosen ground truth.

In Paper III, we developed a technique for the generation of four-dimensional
angiographic data from 4D Flow MRI. To evaluate this method, we considered a
previous technique to generate angiographic images from 4D Flow MRI as ground
truth for a visual quality assessment. This evaluation technique can be somewhat
subjective, and could be influenced by external factors such as quality and brightness
of the display used, degree of experience of the image expert, and relevance of the
scoring technique. Nevertheless, we attempted to make the evaluation as trustwor-
thy as possible by including two experts in the evaluation process and comparing
their agreement, establishing an appropriate scoring scale, and providing a suitable
environment for the evaluation. A perhaps more exhaustive evaluation could have

1Execution times reported in Paper II didn’t use parallel programming.
2The implementation reported in Paper III was improved after publication to include more paral-

lelization.
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been done by pixelwise assessment of the blood pool boundary at different locations
throughout the image. However, the main goal of this study was to provide with
an angiographic image that could be used for visualization of the blood pool, as
opposed to a segmentation consisting of precise boundary locations.

Paper V, focusing on cardiac segmentation, used comparison to manual seg-
mentations to evaluate the volumes in two ways: by comparing cardiac volumes at
specific timeframes, and by calculating similarity between the volumes. Volume
comparison can be a quite reliable evaluation measure, provided that the entire vol-
ume of interest is included in both MR acquisitions. Alternatively, using an overlap
or distance measure between the ground truth and the generated segmentation is
very commonly used in the medical imaging field to evaluate segmentation results.
For this specific case, however, manual segmentation of 4D Flow MRI images on
the scale necessary to sufficiently evaluate this method was deemed unfeasible. Con-
sequently, for the left ventricle and atrium, the similarities were calculated using
manual segmentations obtained using a different MR acquisition method—i. e., b-
SSFP MR. The main disadvantages of using b-SSFP for this purpose were described
in Section 6.2. Additionally, similarity measures such as Dice Similarity Coeffi-
cient and Hausdorff Distance can also be impacted negatively, resulting in unfair
outcomes for the evaluation.

In Papers I, II, and V, we took advantage of the flow velocities contained in the
4D Flow MR datasets and used this information as part of the method’s assessment.
This evaluation technique only depends on the 4D Flow MR image, and was done
automatically in all cases using the technique presented in Paper II. Consequently, it
was reliable, easy to reproduce, and unaffected by human error. Moreover, automatic
flow volume analysis at different locations could also be used as a quality control
measure for the 4D Flow MRI datasets to detect excessive noise, phase wrapping,
or background correction errors.

8.4 Use of Contrast Agents
The 4D Flow MRI datasets used in Papers I, II, III, and V were obtained a short
time after a CE-MRA acquisition that required the injection of a non-blood pool
gadolinium-based contrast agent. Consequently, these 4D Flow MR images had
some visible contrast difference between the blood and myocardium that facilitated
the visualization of typically slower blood flow areas such as the cardiac apex and
atria. We did not evaluate the methods proposed in these papers extensively using 4D
Flow MRI datasets acquired without the use of contrast agents; however, previous
studies have focused on segmenting the epicardial, rather than the endocardial wall
of the heart chambers, when applied to datasets acquired without contrast [144].

The datasets used in Paper IV were acquired without the use of contrast agents.
To account for the lower contrast differences in these images, we made a few changes
in the PC-MRCA generation procedure to reduce the dependence of the resulting
cadioangiographies on the magnitude component of the 4D Flow MRI datasets. As
expected, the blood pool in the resulting images had lower contrast when compared
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to those obtained from datasets acquired with the use of a contrast agent. Neverthe-
less, the study’s results were not visibly affected by this factor, particularly since the
segmentation of the average atlas was performed manually.

The use of non-blood pool and blood pool contrasts agents in 4D Flow MRI
acquisitions is fairly extensive [31, 145], and positively influences the quality of the
resulting images [146, 147]. However, the most common type of contrast agents
are gadolinium based, which is contraindicated in patients with renal impairment.
Recently, several studies have highlighted the potential of ferumoxytol, an iron
replacement product indicated for the treatment of iron deficiency anemia, as a
non-toxic contrast agent that could be used in MR imaging. Ferumoxytol has also
been tested in 4D Flow MRI acquisitions, where it has achieved promising results
[148]. Currently, however, ferumoxytol is not authorized to be used in Europe, and
has only been approved for its use as an iron deficiency treatment in the USA. The
availability of safer contrast agents intended for MR imaging, and specifically for
4D Flow MRI, would have a positive impact on the feasibility of this acquisition
method in the clinical setting.

8.5 Future Outlook
Recently, deep neural networks have been successfully used in a great variety of
fields, and medical image analysis is not the exception [149]. Several studies based
on deep learning have focused on image segmentation and have applied this tech-
nique on two- and three-dimensional medical images [150, 151]. One of the main
challenges of deep learning, however, is the requirement of a relatively large set of
already labeled data to be used in the process of training the network. The size of
the required set can vary greatly and depends on the complexity of the problem and
the particular architecture of the network. Specifically in reference to 4D Flow MRI
data, manual generation of such a training set would be extremely time consuming.
Moreover, commonly used straightforward techniques for augmenting the labeled
set, such as cropping or rotating the original data, are not directly applicable to these
more complex MR images. A possible solution to this problem could be to use
the segmentations resulting from applying the technique described in Paper V to
generate a sufficiently large training set.

Using the presented segmentation technique, clinically important features in the
4D Flow MRI data can be readily analyzed and visualized in the heart and large
vessels. Automatic geometry guided seeding of pathlines or streamlines can be used
to visualize the velocity fields. Hemodynamic parameters such as kinetic energy,
peak flow velocity, helicity, pressure, and flow connectivity, among others, can be
automatically calculated and visualized for each region of interest. Abnormal flow
(e.g. shunt flow between heart chambers, abnormal flow directions through valves,
elevated turbulence intensity) could be emphasized in the results. Moreover, the
segmentations could also be used for the generation of input data for model-based
analysis tools, such as mathematical models of the cardiovascular system [152], a
step towards creating fully automated subject-specific models to characterize global
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hemodynamics.
The addition of a tool to automatically generate and visualize all this information

would expedite and significantly improve the utility of 4D Flow MRI in the clinical
setting. An example of the visualization capabilities of such a tool can be seen in
Figure 25, where kinetic energy, turbulent kinetic energy [153], and helicity density
were depicted using volume rendering for a patient with aortic valve stenosis.
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Figure 25: Visualization of hemodynamic parameters using a segmentation generated with
the technique presented in Paper V. The dataset belongs to a patient with aortic valve stenosis.
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