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ABSTRACT

Coronary artery disease (CAD) is a pathology resulting in reduced blood
and oxygen supply to the heart muscle caused by stenosis in the coronary
arteries. Accumulation of plaques leads to thickening of the coronary artery wall and a reduction of the vessel lumen. If this condition is not treated, myocardial infarction may result causing irreversible damage to the
heart muscle affecting its contractility. Early diagnosis and treatment of
CAD is therefore a key factor for both the longevity of the individual patient and life expectancy of the population as a whole.
First-pass perfusion cardiovascular magnetic resonance imaging
(MRI) allows for non-invasive assessment of CAD at high spatial and temporal resolution. Qualitative diagnosis of perfusion deficits is performed
by visually identifying myocardial areas of relative hypo-enhancement.
Three-dimensional (3D) myocardial perfusion MRI based on scan acceleration methodology has enabled whole-heart evaluation of CAD. Quantification of myocardial blood flow (MBF) from perfusion MRI is of particular
interest as a supplement to qualitative diagnosis. Absolute estimates of
perfusion are not reliant on observer experience and comparison to a
healthy remote region. In this thesis, advances in quantification of 3D myocardial perfusion MRI and clinical validation thereof are presented.
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Numerical simulation is the primary approach to the validation of
novel MRI acquisition techniques. Simulation complexity is increased by
dynamic processes such as cardiac contraction, respiratory motion and
contrast enhancement in first-pass myocardial perfusion MRI. A numerical
phantom framework with realistic underlying human anatomy and adjustable motion for cine and first-pass perfusion MRI is proposed in this thesis.
The framework was validated using in-vivo images and example applications analysing image reconstruction from undersampled data and subsequent MBF quantification.
A fundamental conflict in first-pass myocardial perfusion MRI pertains to contrast agent dose. High-dose imaging leading to strong signal
enhancement is preferred for visual identification of CAD. In contrast,
quantitative approaches based on single-sequence acquisition benefit
from lower doses, which retain a linear relationship between signal intensity and contrast agent concentration. To address the issue, a dualsequence acquisition protocol interleaving 3D myocardial perfusion imaging with a separate assessment of the arterial input function is presented.
By comparing low- and high-dose in-vivo acquisitions it is shown that highdose imaging enables robust estimation of MBF at high myocardial contrast-to-noise ratio.
The quantitative evaluation of highly accelerated 3D first-pass perfusion MRI has been reported. However, the accuracy and precision of
MBF estimation based on undersampled imaging have not yet been validated against ground truth data. In the thesis, spatiotemporal fidelity and
MBF estimation errors were systematically investigated using numerical
simulations in conjunction with linear system theory. Dual-sequence aciv

quisition interleaving highly undersampled 3D imaging with moderately
undersampled 2D acquisition of the arterial input function was employed
for validating the simulations in-vivo. It is demonstrated that this approach enables accurate MBF estimation with a minor reduction in precision compared to ground truth.
The feasibility of 3D first-pass myocardial perfusion MRI in clinical
routine was investigated in a multicentre single-vendor study including
150 patients from five European cardiac MRI sites. Patients with suspected
CAD were prospectively enrolled and underwent 3D myocardial perfusion
MRI, fractional flow reserve assessment and quantitative coronary angiography. High diagnostic performance of 3D perfusion MRI is reported.
In summary, novel approaches to quantitative first-pass 3D myocardial perfusion MRI have been presented, implemented and clinically evaluated in this thesis. Major limitations in existing numerical simulation and
acquisition frameworks for 3D perfusion MRI could be addressed. The use
of the proposed methods was demonstrated in a study analysing the spatiotemporal fidelity and MBF quantification accuracy upon data undersampling. In a multicentre study previous findings reporting high diagnostic accuracy of 3D perfusion MRI were confirmed.

v

KURZFASSUNG

Die koronare Herzkrankheit (KHK) ist eine Erkrankung, welche durch Stenosen der Herzkranzgefässe verursacht wird. Durch Ansammlung von
Plaques werden die Gefässwände dicker und die für die Blutzufuhr verfügbare Gefässöffnung wird verringert. Mit der reduzierten Blutzufuhr vermindert sich auch die Sauerstoffzufuhr zum Herzmuskel. Die unbehandelte KHK kann zu einem Myokardinfarkt führen, welcher dem Herzmuskel
irreversiblen Schaden zufügt und seine Kontraktilität verringert. Eine frühzeitige Diagnose und Behandlung der KHK ist deshalb von grosser Bedeutung sowohl für die Lebenserwartung des einzelnen Patienten als auch der
Bevölkerung im Allgemeinen.
Eine Methode zur nicht-invasiven Diagnose der KHK ist die kontrastmittelverstärkte Magnetresonanztomographie (MRT) der kardialen
Perfusion mit ihrer hohen örtlichen und zeitlichen Auflösung. Perfusionsdefizite können qualitativ anhand verminderter Kontrastaufhellung des
Myokards relativ zu gesunden Bereichen identifiziert werden. Die dreidimensionale (3D) kardiale Perfusions-MRT basiert auf den Prinzipien der
beschleunigten Bildgebung und ermöglicht die Diagnose der KHK im ganzen Herzen. Als Ergänzung zur qualitativen Diagnose spielt zudem die
Quantifizierung des myokardialen Blutflusses (MBF) eine entscheidende
Rolle. Absolute MBF-Werte sind unabhängig vom Betrachter und der Konvi

trastaufhellung in gesundem Gewebe. In dieser Arbeit werden neue Methoden zur Quantifizierung von 3D Herz-Perfusions-MRT und deren klinische Evaluation beschrieben.
Numerische Simulationen sind ein erster Schritt zur Validierung von
neuartigen Aufnahmetechniken für die kardiale MRT. Dynamische Prozesse wie Herzmuskelkontraktion, Atembewegung und Kontrastmittelverstärkung in der Perfusions-MRT vergrössern die Komplexität der Simulationen. Ein numerisches Phantom mit realistischer menschlicher Anatomie
und parametrisierbarer Bewegung wird in dieser Arbeit vorgeschlagen.
Das Phantom wurde anhand von in-vivo Bildern und Beispielanwendungen
im Bereich der beschleunigten Bildgebung und MBF-Quantifizierung validiert.
Ein grundsätzliches Problem in der kontrastmittelverstärkten HerzPerfusions-MRT bezieht sich auf die verwendete Kontrastmitteldosis. Für
die qualitative Diagnose wird eine hohe Dosis bevorzugt, weil sie zu starker Signalaufhellung führt. Im Gegensatz dazu werden für die quantitative
Auswertung geringere Dosen verwendet, wenn die Messung mit Standardsequenzen durchgeführt wird. Die Verwendung tiefer Dosen garantiert eine lineare Beziehung zwischen Signal-Intensität und Kontrastmittelkonzentration und vereinfacht die Quantifizierung. Um diesen Widerspruch zu beseitigen wird eine duale MRT-Sequenz vorgestellt, bei der
abwechselnd die 3D Perfusions-Bildgebung und eine separate Akquisition
der arteriellen Inputfunktion durchgeführt wird. Durch den Vergleich von
Messungen bei niedriger und hoher Dosis wird gezeigt, dass mittels dieser
Methode eine gute Schätzung des MBF mit hohem Kontrast-RauschVerhältnis im Myokard kombiniert werden kann.
vii

Eine MBF-Quantifizierung basierend auf der beschleunigten 3D Perfusions-MRT ist mehrfach durchgeführt und beschrieben worden. Die
Auswirkungen der Datenunterabtastung auf die MBF-Schätzung wurden
hingegen bisher nicht systematisch beleuchtet. In der vorliegenden Arbeit
wurden diese Effekte mittels numerischen Phantoms untersucht. Dadurch
konnten die räumlich-zeitliche Genauigkeit und Fehler im MBF durch die
beschleunigte Akquisition mit voll abgetasteten Referenzdaten verglichen
werden. Eine duale MRT-Sequenz mit abwechselnder 3D PerfusionsMessung und 2D Bildgebung der arteriellen Inputfunktion wurde für die
in-vivo Validierung verwendet. Es wird gezeigt, dass dadurch im Vergleich
zu voller Abtastung eine genaue Schätzung des MBF mit leichter Verringerung der Präzision möglich ist.
In einer multizentrischen Studie wurde die kardiale 3D PerfusionsMRT in der klinischen Routine getestet. 150 Patienten mit vermuteter KHK
wurden in fünf europäischen Herzzentren auf Geräten eines Herstellers
untersucht. Die Patienten unterzogen sich einer 3D Perfusions-MRT, einer
Messung der Fraktionellen Flussreserve und einer quantitativen Koronarangiographie. Resultate der Studie belegen, dass die 3D Perfusions-MRT
eine hohe diagnostische Genauigkeit bei der Ermittlung der KHK ermöglicht.
Zusammenfassend lässt sich festhalten, dass in dieser Arbeit neuartige Ansätze zur quantitativen kontrastmittelverstärkten 3D PerfusionsMRT des Herzens vorgestellt, umgesetzt und klinisch getestet wurden.
Verbesserungen numerischer Phantome und Aufnahmetechniken konnten
erreicht werden. Die vorgestellten Methoden wurden mittels einer Analyse der räumlich-zeitlichen Genauigkeit und des Fehlers im MBF nach beviii

schleunigter Bildgebung getestet. In einer multizentrischen Studie konnte
bestätigt werden, dass die kardiale 3D Perfusions-MRT eine hohe diagnostische Genauigkeit aufweist.
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CHAPTER 1
INTRODUCTION

The human heart is the central organ of the cardiovascular system acting
as a pump to distribute blood and oxygen throughout the body. To maintain cardiac function, the cardiac wall consumes oxygen for muscle contraction, which is supplied via the coronary arteries. Even though its size
accounts for less than one percent of the total body weight, the heart
consumes up to 10% of the total available oxygen in the human body (1).
In addition, the heart is highly adaptive to stress increasing the pumping
rate and contractility as well as blood and oxygen supply to the heart
muscle when required.
Impairment of blood and oxygen delivery to the myocardium is
caused by progressive narrowing of the coronary arteries due to plaques
accumulating inside the vessel walls. This pathology is referred to as coronary artery disease (CAD), or ischemic heart disease. CAD states range

Motivation
from oxygen shortage during exercise stress only to complete obstruction
of coronary arteries causing irreversible damage to the tissue. The latter
case is called myocardial infarction and yields scarring of the affected tissue. Identification and treatment of CAD in an early phase is therefore
crucial to mitigate pathological changes and reduce the risk of major adverse cardiac events.
The importance of efficient ways to diagnose and treat CAD is further emphasized by worldwide disease statistics. According to the World
Health Organization, ischemic heart disease was the primary cause of
death globally in 2012 with an estimated total of 7.4 million deaths (2).
Accounting for 13.2% of all deaths, CAD ranks first followed by stroke
(11.9%) and chronic obstructive pulmonary disease (5.6%). In the United
States in 2011, estimated direct and indirect costs of cardiovascular diseases (including CAD and stroke) amounted to 320 billion dollars (3), i.e.
roughly 1’000 $ per capita.
Magnetic resonance imaging (MRI) has been used for the diagnosis
of CAD based on contrast enhancement since the 1990s (4). The complexity and refinement of myocardial perfusion MRI methods have been advancing since then, with image quality and computational power increasing concurrently.
The introduction of accelerated imaging strategies in the spatial and
temporal domains has enabled multislice (5,6) and whole-heart threedimensional (3D) imaging (7,8) of myocardial perfusion. 3D imaging is especially appealing because it offers whole-heart coverage revealing perfusion deficits not only in the region covered by the acquired slices, but any-
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where in the left ventricle. First-pass 3D myocardial perfusion MRI has
been clinically validated in single and dual-centre studies (9–11).
Absolute quantification of blood supply to the myocardial tissue
represents a supplement to visual interpretation of myocardial perfusion
MRI. The advantages of quantitative assessment for clinical applications
are most apparent in the context of microvascular disease or triple vessel
disease (12). If all three main coronary arteries are narrowed by stenoses,
uniformly reduced myocardial blood flow (MBF) may lead to homogeneously lowered signal intensity enhancement in all myocardial territories.
Consequently, identification of CAD solely based on signal intensity enhancement may fail.
MBF estimation based on signal intensity-time curves converted to
contrast agent concentration using baseline subtraction has been proposed for multislice 2D and accelerated 3D imaging (13,14). However, this
approach assumes a linear relationship between signal intensity and concentration, and deviation from linearity is more prominent at higher contrast agent dose (15). On the other hand, higher doses yield stronger contrast enhancement and are therefore beneficial for qualitative diagnosis
up to a certain dose threshold (16).

1.1.

Motivation

Undersampling techniques are a key aspect of optimized measurements
enabling 3D imaging during the first passage of a MRI contrast agent
through the heart, the so-called first-pass. Although in-vivo MBF
quantification using accelerated 3D myocardial perfusion MRI has been
3
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reported (14), to date no systematic analysis of the effects of undersampling on quantitative values in 3D perfusion imaging has been presented. Validation of undersampling in first-pass imaging using fully sampled reference data is limited by the timing constraints imposed by the
first-pass. A numerical simulation framework with realistic underlying
anatomy and motion models might address these limitations enabling reproducible research with true ground truth.
Visual interpretation and quantitative evaluation of images from a
single first-pass examination are the goals of time-efficient diagnostic
imaging. However, requirements in terms of contrast agent dose and sequence timing for these aims are very different (17). To enable optimized
imaging for both endpoints, a dual-sequence acquisition approach allowing for high-dose imaging with myocardial blood flow quantification in the
whole heart might prove feasible.
Since spatiotemporal undersampling deteriorates spatial and temporal fidelity of 3D myocardial perfusion images, it eventually affects
quantitative perfusion estimates. A method for systematic analysis of this
effect has been proposed previously by introducing a numerical model
based on segmented in-vivo data and quantification of a single in-vivo patient dataset (18). Extension of the simulations to analyse spatiotemporal
effects in frequency (k-f) space and in the image domain is required. In
addition, quantification with known ground truth using sophisticated and
realistic computer models will further strengthen the fundament of 3D
quantification. Validation in a reasonable number of volunteers is desired
using dual-sequence methodology if recommended based on simulations.
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Clinical validation of whole-heart myocardial perfusion MRI so far
has been limited to 146 patients examined in one centre with quantitative
coronary angiography (QCA) as a reference (9), and 59/120 patients in
single-/dual-centre studies versus fractional flow reserve (FFR) (10,11). A
study across more than two centres would further probe the diagnostic
robustness of the method. Moreover, validation against QCA and FFR in
the same patient group could allow for better classification of the previously reported results with different references.

1.2.

Outline

In CHAPTER 2 the anatomy and function of the heart as well as the role of
myocardial perfusion are detailed. Coronary artery disease (CAD) is introduced. An overview of diagnostic tools including MRI is provided.
CHAPTER 3 covers the basics for the assessment of myocardial perfusion with MRI. The review focuses on dynamic contrast-enhanced MRI
and outlines different acquisition strategies pertaining to magnetization
preparation as well as accelerated acquisition. Furthermore, the
importance of numerical simulation of myocardial perfusion MRI is
highlighted.
The limitations of qualitative diagnosis have triggered quantitative
approaches to myocardial perfusion MRI, which are presented in CHAPTER
4. Semi- and fully quantitative approaches are discussed.
CHAPTER 5 presents a software framework for realistic numerical
simulation of cardiac MRI called MRXCAT. Cardiac cine and first-pass myo-
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cardial perfusion MRI including respiratory motion and cardiac contraction
can be simulated with MRXCAT. Applications to image reconstruction from
undersampled data and absolute myocardial perfusion quantification
highlight the utility of the presented software.
A dual acquisition scheme for quantitative 3D myocardial perfusion
MRI is proposed in CHAPTER 6. 2D imaging for arterial input function (AIF)
assessment was interleaved with 3D whole-heart myocardial perfusion
measurements. Individually optimized timing of the two acquisitions has
enabled concurrent qualitative diagnosis and myocardial blood flow quantification from a single examination. The method was validated in-vivo
comparing low and high contrast agent doses. High image quality and robust whole-heart quantification were achieved using high dose imaging
with dual-sequence acquisition.
CHAPTER 7 focuses on the influence of scan acceleration on myocardial blood flow quantification. Numerical simulations were employed
to analyse the response to undersampling by means of modulation transfer functions in k-f space and signal intensity-time curves in the image
domain. Measurements in healthy volunteers allowed for in-vivo validation of the simulation findings.
A multicentre study covering 150 patients across five European cardiac MRI sites is presented in CHAPTER 8. In this study 3D first-pass myocardial perfusion MRI has been validated against FFR and QCA in patients
with suspected CAD. It has been shown that 3D myocardial perfusion MRI
has high sensitivity and specificity for detecting significant CAD when
FFR<0.8 is used as a reference.
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In CHAPTER 9 a summary of the findings presented in this thesis and
an outlook on potential directions of further research are provided.

1.3.

Contribution of the Thesis

Numerical simulation of cardiovascular MRI requires realistic models for
breathing motion and cardiac contraction, generalized underlying anatomy and reproducibility of results. The MRXCAT numerical phantom
framework represents such an approach, which was made available to the
research community online.
AIF and myocardial signal intensity-time curves require different sequence timings and/or contrast agent doses for quantification. Dualsequence imaging combining a low-resolution AIF scan with an interleaved
high-resolution 3D perfusion image at high contrast agent dose enables
time-efficient quantitative perfusion MRI with high contrast-to-noise ratio.
Systematic effects of high undersampling on quantification of 3D
myocardial perfusion images are expected. MRXCAT can simulate reference and undersampled myocardial perfusion MRI. MRXCAT was used to
simulate the influence of undersampling on myocardial blood flow quantification in the frequency and image domains. Results were validated invivo in healthy volunteers using dual-sequence acquisition.
Proof of clinical feasibility and value is achieved by a series of studies with increasing numbers of patients and sites involved. Clinical feasibility of 3D myocardial perfusion MRI has been validated in a multicentre
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prospective study comparing data from five European institutes.
Evaluation against FFR has demonstrated the high diagnostic accuracy
of 3D perfusion MRI.

8

CHAPTER 2
CLINICAL BACKGROUND

Research in cardiovascular MRI is usually driven by the underlying clinical
question. How can current standards for the diagnosis of disease be improved? Which alternatives exist to diagnose a specific type of disease?
Answers to these questions rely on the collaboration between physicians
and engineers. In order to do research in myocardial perfusion MRI, a
basic understanding of the anatomy and function of the heart as well as its
diseased states is required. The following chapter contains an overview of
cardiac anatomy and function, and defines coronary artery disease (CAD).
Furthermore, a brief summary of existing techniques to diagnose CAD is
provided.

Anatomy, Function and Perfusion

2.1.

Anatomy, Function and Perfusion

The human heart is a roughly oval shaped organ of the size of a fist. It is
located around the centre of the left thorax, and is divided into two
halves. Each half consists of an atrium and a ventricle. The outlet of each
atrium and ventricle is equipped with a valve, which opens and closes depending on pressures in the adjacent compartments, ensuring unidirectional blood flow. The different chambers are surrounded by the cardiac
muscle (myocardium), which serves as barrier and blood pump. The human heart contracts about 60 times per minute in a controlled fashion, directed by involuntary electrical stimuli generated inside the heart itself
(19).

Figure 1. Anatomy of the human heart. Direction of blood flow is illustrated by white and black arrows indicating oxygenated and deoxygenated
blood, respectively. Derivative work (cf. List of Figure Sources for details).
10
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The primary task of the heart is to supply the human body with sufficient oxygen using blood as a carrier. Blood circulates in the closed cardiovascular system in different states of oxygenation. Oxygenated blood is
transported from the lungs to the heart and enters the left atrium via the
pulmonary veins, as illustrated in Figure 1. After proceeding to the left
ventricle, blood is pumped into the aorta by contraction of the left ventricular myocardium, and distributed in the whole body via the vascular
system. Oxygen is delivered and the deoxygenated blood returns to the
right heart through the venae cavae, and further to the lungs for renewed
oxygenation.
A vital factor for the maintenance of cardiac function is the supply
of the cardiac muscle with oxygen. The coronary arteries serve as blood
vessels for the myocardium. The left and right coronary arteries arise from

Figure 2. Illustration of the coronary arteries. Derivative work.
11
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the coronary sinuses above the aortic valve, as illustrated in Figure 2.
Through these inlets blood is pumped into the left and right coronary arteries. Further downstream, the coronary tree divides into smaller arteries
and arterioles supplying the whole myocardial capillary bed with blood.
This process is termed myocardial perfusion. Due to the early split of the
left coronary artery into two large branches, the coronary tree is often referred to as having three main branches: the left anterior descending
(LAD), the left circumflex (LCX), and the right coronary artery (RCA). These
three branches are used to specify the location or severity of CAD, as
shown in the following sections.
The timing of the cardiac cycle, consisting of an active systolic and a
passive diastolic phase, is adjustable to different conditions, specifically
hyperaemia caused by physical, pharmacological or mental stress. Whenever oxygen demand in the body is increased, heart rate and contractility
are adjusted to cope with the altered requirements. Heart rate adaptation
is mainly achieved by shortening the diastole, whereas the systolic phase
is less affected in duration but becomes more vigorous. Stress also increases the oxygen demand of the myocardium, and an adequate increase
of perfusion can be observed in the healthy heart. The ratio between perfusion under stress and at rest determines the myocardial perfusion reserve (20).

2.2.

Coronary Artery Disease

Sufficient oxygen supply to the myocardium is a precondition for its correct function. However, compared to the aorta and other main arteries,
the coronary arteries are very small in diameter, which makes them sus12
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ceptible to flow limiting stenosis. The stenosis is commonly caused by atherosclerotic plaque deposits in the arterial wall, which reduces the vessel
diameter and eventually causes ischemia. This pathology is called coronary
artery disease (CAD), or ischemic heart disease. The formation and different stages of CAD are detailed below.
Atherosclerotic plaques accrue in the coronary artery wall, preferably at locations where the arteries branch (21). Plaques are divided into six
types (I-VI) according to their progress and clinical implication (22). Types
I-III develop silently starting at young age, but only from type IV onwards
clinical manifestations of the disease are expected. Mature plaques are
divided into stable and unstable ones, depending on their lipid content
and the fibrous cap tissue architecture (23). Unstable plaques are more
likely to rupture and cause thrombosis, which leads to partial or total occlusion of the affected coronary artery (24). A second effect causing
thrombosis is plaque erosion without rupture, a mechanism which is still
not fully understood (25). On the other hand, stable plaques may grow
and cause flow limiting stenosis of the arterial lumen themselves (26).
The extent of coronary artery stenosis largely determines its impact
on myocardial perfusion. A classification of stenoses into six grades with
variable reduction on vessel diameter was proposed by the American
Heart Association (27). However, fewer grades suffice to classify stenosis
with respect to perfusion. Stenoses below 50% reduction of the vessel diameter are generally considered non-significant (28,29). Intermediate stenoses between 50% and 90% may reduce perfusion specifically during hyperaemia and may require revascularization. At the other end of the scale,
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high grade stenoses above 90% limit perfusion both at rest and stress (30).
Higher grade stenoses are more likely to require clinical intervention depending on a number of co-variables such as viability and collateralization.
If not resolved by reperfusion quickly, a total occlusion of coronary vessels
may lead to infarction. Due to the permanent lack of oxygen, necrosis sets
in and non-contractile scar tissue is formed. This reduces the overall contractility of the heart muscle und thus impairs its function as a pump. Less
frequently myocardial infarction is caused by conditions different from
CAD, such as coronary artery spasms.

2.3.

Diagnostic Tools

In the following section an overview of diagnostic methods used for the
assessment of suspected CAD is presented. These tests are generally performed upon suspicion of CAD based on suitable pre-tests such as anamnesis, electrocardiogram (ECG) monitoring at rest, or biochemical tests
(31). Indications about the choice of methods following a positive pre-test
result can be found in the corresponding guidelines (29,31).
A simple and cheap way of assessing CAD is ECG monitoring during
physical exercise. ECG changes such as depression of the ST-segment are
investigated at different exercise intensities (32). Physical stress testing
can further be combined with echocardiography to obtain 2D or 3D ultrasound images of the beating heart noninvasively. Tissue Doppler ultrasound allows for quantification of regional wall motion, strain and strain
rate. However, impaired perfusion precedes abnormal function in the ischemic cascade, and thus imaging methods mapping perfusion may be
more sensitive for the detection of early stages of CAD (33).
14
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Non-invasive perfusion imaging refers to a group of diagnostic tools
involving an imaging modality and typically a contrast agent injected intravenously to map perfusion. Physical exercise stress imaging is preferred,
but may be restricted by available space in the imaging device or requirement of motionless image acquisition. Pharmacologic induction of hyperaemia using vasodilators or dobutamine is more common. Imaging modalities to assess myocardial perfusion include single-photon emission computed tomography (SPECT), positron emission tomography (PET), MRI, and
computed tomography (CT), all of which have several advantages and limitations. While SPECT images are primarily limited by their low spatial resolution, PET perfusion tracers mostly have short half-life times and require
an onsite cyclotron. Cardiac MRI and CT enable imaging with very high
spatial and good temporal resolution. In contrast to CT, PET and SPECT
with intermediate to high radiation doses, MRI is devoid of ionizing radiation enabling repeated imaging or additional tests. A typical myocardial
perfusion MRI examination therefore includes functional cine imaging,
first-pass perfusion and late gadolinium enhancement imaging for the detection of myocardial scars (34). Furthermore, the status of the proximal
coronary arteries can be directly assessed by coronary MR angiography
(35). A more comprehensive comparison between non-invasive techniques to assess myocardial perfusion is provided in the review article by
Salerno and Beller (36).
Invasive methods may be indicated in case CAD cannot be ruled out
using non-invasive testing (37). Coronary angiography and fractional flow
reserve (FFR) measurements are used to directly assess the status of the
stenosed coronary arteries. Both require coronary catheterization, a tech15
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nique in which a catheter over a wire is guided through the femoral or radial artery into the coronary arteries. In coronary angiography, an X-ray
contrast agent is injected into the coronary tree through the catheter tip
during X-ray imaging in multiple orientations. The resulting images are investigated for degree and location of stenosis. In FFR examinations an ultrathin pressure wire is used to determine arterial, venous and distal coronary blood pressures, and to compare pressure differences in stenosed
and normal coronary arteries (38). The FFR is used to relate maximum perfusion in the stenosed artery to normal maximum perfusion, and can directly be derived from the measured pressures:
FFR = 1 −

Pa − Pd
.
Pa − Pv

(2.1)

In this equation, Pa and Pv are the mean arterial and venous pressures, respectively, and Pd is the coronary pressure distal to the stenosis (38). In
addition to diagnostic testing, catheterization is also used for percutaneous coronary intervention using stents for revascularization. A recent multicentre study indicates that using FFR<0.8 alongside with angiography for
the decision making about stenting reduces the rate of death and nonfatal myocardial infarction in the first two years following interventions
(39–41). This is remarkable, since the total number of implanted stents
was lower in the FFR<0.8 group than in patients where the decision was
made based on angiography alone.
It is important to note that angiography and FFR yield information
about the status of the coronary arteries, while the non-invasive imaging
methods allow for direct mapping of blood supply to the myocardial tissue
bed. Because of the variety of myocardial perfusion imaging modalities
16
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and associated spatial resolutions, it is common to localize ischemia based
on a standardized segmented heart model. The American Heart Association (AHA) recommends using 16 or 17 segments at different short axis locations and circumferential positions, as illustrated in Figure 3. The general correspondence of the AHA segments to coronary artery anatomy
was elaborated in an AHA scientific statement (42).

Figure 3. Standardized myocardial segmentation for the left ventricle (LV)
using 16 or 17 regions as suggested by the AHA (42). The basal and midventricular short axis views are divided in six circumferential sectors, the
apical slice consists of four sectors. The apex can be regarded as a single
17th segment. The supplying coronary artery corresponding to each segment is highlighted as texture. The reference for angular orientations is the
right ventricle (RV).
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MYOCARDIAL PERFUSION MRI

Amongst the various diagnostic methods available for assessing coronary
blood supply, MRI is one of the most promising offering high spatial resolution and minimally invasive examinations without exposure to ionizing
radiation. In this chapter, MR techniques enabling myocardial perfusion
imaging are reviewed. An overview of contrast-enhanced and contrast
agent free methodology for assessing perfusion is provided. Strategies for
accelerated acquisition and reconstruction tailored to first-pass contrastenhanced imaging are presented, and the importance of numerical simulations in this context is emphasized.

3.1.

First-Pass MRI and Alternatives

Contrast-enhanced MRI using gadolinium-based contrast agents (GBCA)
was proposed in the 1980s as a method to assess myocardial perfusion

First-Pass MRI and Alternatives
(43,44). Injected into the blood pool, a GBCA locally alters magnetic relaxation properties and is distributed to perfused tissue thereby influencing
contrast in MR images. The application of blood pool contrast agents is
suggested by the fact that myocardial scar tissue may be identified using
native T1 and T2 mapping but, in contrast, there was no difference in re-

laxation times observed between healthy and ischemic reperfused myocardial areas (45,46). The first clinical approach to fast contrast-enhanced

MRI of myocardial perfusion in humans was published by Atkinson et al.
(4), using gadolinium diethylenetriaminepentaacetic acid (Gd-DTPA) as
contrast agent in healthy volunteers. The novel technique was soon applied to patients at rest (47) and using pharmacological stress (48). This
triggered a cascade of developments yielding new acquisition and reconstruction methods, which will be reviewed in sections 3.2. and 3.3.
Nowadays, first-pass stress perfusion MRI has become a method of
choice for the diagnosis of patients with intermediate probability for coronary artery disease (CAD) (29). First-pass techniques are characterized by
their high contrast-to-noise ratios and short acquisition times enabling diagnostic imaging during a single breathhold.
Despite the remarkable rise of first-pass perfusion MRI investigations in the clinic, the administration of GBCA is a limiting factor. Due to
the high toxicity of the gadolinium ion itself, biological compatibility is
reached by chelate coating. However, the chelate compounds have limited
lifetimes; hence rapid clearance from the body via the kidneys is essential.
This can be problematic in patients with end-stage renal disease. In this
group of patients, a new severe disease emerged after 1997 (49). Now
termed nephrogenic systemic fibrosis (NSF), the disease was first linked to
20
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the administration of GBCA in 2006 (50). Further studies indicated a connection between the stability (or molecular composition) of the gadolinium chelate and the likelihood of NSF (51). While numerous NSF cases
were reported upon administration of less stable linear molecular compounds, only a handful of incidents were related to so-called macrocyclic
agents such as gadobutrol. With increased safety measures the number of
NSF cases per year started to decline in 2007 (52). Most recently, high signal intensities in unenhanced T1-weighted MR images of the brain were

reported for patients with a history of multiple gadolinium administrations
(53). Further investigations identified linear GBCA as possible cause, while
macrocyclic GBCA seem unproblematic in this context (54). To date no
negative consequences for the affected patients have been reported.
Nevertheless, concerns about adverse effects of contrast agents have fostered research on contrast agent free alternatives.
An elegant approach to perfusion imaging without external contrast
agents is arterial spin labelling (ASL). In ASL blood is labelled using radiofrequency pulses in a vessel supplying the region of interest (ROI), followed by imaging of the ROI. Thereby blood acts as a natural contrast
agent. Perfusion contrast is achieved by subtracting images acquired with
and without blood labelling, the tag and control images (55). Myocardial
ASL enables direct estimation of myocardial blood flow (MBF) because the
signal difference is proportional to MBF (56). On the other hand, the difference between tag and control magnetization amounts to less than 4%,
which inherently limits the sensitivity of this method (57).

21

First-Pass MRI and Alternatives
Intravoxel incoherent motion (IVIM) imaging is another approach to
perfusion mapping without contrast agent (58). The IVIM technique is
based on the observation that diffusion weighted images experience faster signal decay than expected from pure diffusion at low b-values (59). By
fitting the signal decay to a bi-exponential function
S = S 0 · ( f ·exp ( −b( D + D*)) + (1 − f )·exp ( −bD ) ) ,

(3.1)

the perfusion fraction f can be estimated. In this equation, D is the diffusion constant, D* the pseudo diffusion constant, b the diffusion b-value –
an adjustable diffusion weighting constant – and S0 the image without diffusion weighting (b = 0 s/mm2). First applications to cardiac IVIM imaging

have been published recently (60–62). As opposed to ASL imaging, the

perfusion fraction in IVIM is not an absolute measure of perfusion and relies on the comparison between ischemic and remote myocardium, or between stress and rest conditions. However, absolute quantification might
be feasible with sufficient knowledge about the microvascular anatomy
(63).
Early studies reported no difference in native T1 between healthy

and ischemic myocardium (45,46). Despite this, technological progress in

imaging methodology might improve the diagnostic yield, suggesting it
worth to revisit this topic. Most recently, T1 mapping without contrast

agent at rest and under adenosine stress has been proposed as a further
alternative method to discern healthy, ischemic and infarcted myocardial
tissue (64).
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3.2.

Acquisition Strategies

The basics of first-pass myocardial perfusion MR data acquisition are presented below. The requirements for diagnostic imaging are outlined,
which are primarily governed by timing constraints associated with the
first passage of the contrast agent (CA). These requirements restrict the
choice of acquisition sequences to the most time-efficient ones.
Short repetition and echo times yield optimal contrast in T1-

weighted imaging, which is well suited for perfusion imaging. Amongst the
candidate sequences, large varieties in terms of magnetization preparation and readout type exist. An overview of the most prevalent preparation and readout schemes is provided.

Requirements
There are several preconditions to the acquisition of first-pass perfusion
images with diagnostic quality, enabling discrimination between normal
and ischemic myocardium. The requirements for qualitative diagnosis of
ischemia based on myocardial contrast enhancement are (65):
•

Temporal resolution: A full image should be acquired every 1-2
heartbeats to ensure that the dynamics of contrast enhancement
are properly captured.

•

Acquisition window and timing: The acquisition time per image or
slice should be sufficiently short to acquire in quiescent heart
phases and “freeze” cardiac contraction.

•

Spatial resolution: The spatial resolution should be high enough to
capture small ischemic regions such as subendocardial defects.
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Spatial resolution better than 2.5 mm in-plane is desirable to minimize dark-rim artefacts (66). Although less obvious, dark-rim artefacts and partial volume effects may also be prominent in throughplane direction (67).
•

Spatial coverage: A high number of slices is required to cover as
much of the left ventricle as possible. If at least three slices are acquired, diagnosis can be based on the 16 AHA segments (Figure 3).

•

Image quality: The images should be free of artefacts and provide
good contrast between healthy and ischemic myocardium. An adequate signal-to-noise ratio (SNR) is a prerequisite for good image
quality.

Besides qualitative diagnosis by experienced physicians, quantitative approaches estimating perfusion in terms of blood flow rate to the tissue
came into focus of clinical research recently. For absolute quantification of
myocardial perfusion, further requirements must be met (17,65):
•

Accurate arterial input function (AIF): Most quantitative approaches necessitate knowledge about the AIF in relation to the
myocardial signal-time evolution to derive quantitative estimates
of perfusion. The AIF should be acquired in a region supplying the
myocardium with blood, e.g. the aortic root or the left ventricle.
Peak CA concentration in this blood pool is higher than in the myocardium, and pre-contrast T1 of blood is longer than native myo-

cardial T1 (68). Therefore, the dynamic signal intensity range during

acquisition is extended.
•

Signal to concentration relationship: In order to perform quantification, signal intensities need to be converted to CA concentration.
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This requires knowledge about the relationship between signal intensity and concentration. Often a linear relationship is desired, but
more complex signal models can be used, too.
•

Increased temporal resolution: To accurately capture the AIF during hyperaemia, the temporal resolution should be one heartbeat
(17).

More details on the importance of the AIF and signal to concentration
conversion can be found in section 4.2. and in CHAPTER 6.

Dynamic Contrast Enhancement and Cardiac Motion
Paramagnetic CAs based on gadolinium have been most widely applied.
After injection the CA mixes with blood and circulates in the blood vessels
of the cardiovascular system. The longitudinal and transverse relaxation
times of blood and perfused tissue scale linearly with gadolinium concentration c(t). The relaxation times change according to (69)

1
1
=
+ rj · c(t )
T j (t ) T j , 0

(3.2)

with j = 1, 2. Tj (t) represents the dynamic relaxation time, whereas Tj, 0 is
the pre-contrast value without CA, also known as the baseline relaxation
time. The relaxivity rj of the CA is a material-specific constant, which depends on molecular structure, magnetic field strength and the fluid the CA
is mixed with. Typical values for r1 and r2 in blood at 1.5 T are around
5 L/mmol·s for gadolinium-based CA in clinical use today (69,70).

Besides the rapid change of signal intensities introduced by the CA,
motion effects due to cardiac contraction and respiration need to be taken
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care of during image acquisition. A simple approach to get rid of respiratory cardiac motion is instructed breathholding before the start of the acquisition. However, breathhold techniques require short acquisition times
and cooperative patients, and breathholding capability can be impeded by
disease. Approaches to free-breathing imaging using prospective slice
tracking or retrospective motion correction are a field of ongoing research
(71–74).
Cardiac contraction, on the other hand, is persistent during acquisition. If not taken into account, cardiac contraction results in blurring of
the images especially around the myocardium. Prospective triggering using the R-wave of the ECG signal yields images acquired in synchrony with
the heartbeat. Depending on the duration of the image readout, it may be
necessary to restrict acquisition to quiescent heart phases, i.e. end systole
or mid diastole.

Magnetization Preparation
The rapid change in longitudinal relaxation time T1 after CA administration
dynamically modifies image contrast. In order to track these changes, im-

age acquisition can be prepared by transferring the magnetization vector
to the same state in each heartbeat.
A common way to provide constant magnetization in every heartbeat are inversion recovery (IR) sequences (4,75,76). As illustrated in Figure 4(a), a 180° non-selective inversion pulse is applied before each acquisition block. In order to maximize dynamic contrast with fixed inversion
times, the image may be acquired at a time point nulling the baseline
blood pool signal (65). To meet this condition the optimal inversion time
26
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TI between inversion pulse and acquisition can be estimated assuming a
simple signal model S for IR sequences:
S ∝ 1 − 2· exp( −TI / T1 ) .

(3.3)

Figure 4. Magnetization Mz evolution and timing for different magnetization-prepared myocardial perfusion imaging sequences. (a) ECG triggered
inversion recovery sequence with non-selective 180° inversion followed by
acquisition (ACQ); (b) ECG triggered saturation recovery sequence; (c) ECG
triggered acquisition throughout the cardiac cycle without Mz preparation;
(d) continuous acquisition without ECG triggering and Mz preparation.
Figure adapted from (65) and expanded.
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Accordingly, for baseline blood T1 = 1200 ms at 1.5 T (68) the calculated TI

is 830 ms. This time consuming preparation is incompatible with heart
rates of up to 120 min-1 expected during hyperaemia. Even with considerably lower TI below 200 ms, as suggested for quantitative studies by FritzHansen and colleagues (77), heart rate variations cause varying magnetization recovery and thus unwanted signal variations not related to CA
concentration changes.
A magnetization preparation scheme with insensitivity to heart rate

variations was suggested by Tsekos et al. (78). Before each inversion pulse,
a 90° saturation pulse is applied to null remaining transverse components
of the magnetization. However, this approach is even less time-efficient
than the basic IR sequence. In practice, removing the inversion pulse and
using a simple 90° saturation proved feasible (13). Because the time between saturation preparation and acquisition (TSAT) is usually shorter than

the equivalent TI in IR sequences, saturation recovery (SR) imaging inher-

ently qualifies for the acquisition of multiple slices during a single heartbeat. The saturation can be applied for each slice separately with equal
TSAT, as illustrated in Figure 4(b). Alternatively, the pulse may act on a

stack of slices resulting in different TSAT for each slice (79).

In SR sequences, homogeneous saturation is a key parameter for

perfusion contrast, which can be compromised due to B0 and B1 inhomo-

geneities (80). Saturation homogeneity can be improved using pulse trains

for saturation at the expense of elevated specific absorption rates (81). SR
myocardial perfusion imaging is nowadays the most prevalent method.
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A third class of magnetization preparation schemes are the so-called
magnetization-driven sequences. This class comprises approaches with
more sophisticated magnetization preparation patterns (82) and sequences driving the magnetization to a steady state by imaging (83–86). Images
can be acquired with or without ECG triggering, as shown in Figure 4(c,d).
If the number of preparatory pulses is minimized, these methods allow excellent acquisition efficiency throughout the cardiac cycle, thereby enabling concurrent assessment of perfusion and cine images.
However, since the magnetization history between heartbeats is not
removed as in SR techniques, signal models required for signal intensity to
concentration conversion have a higher complexity. Besides accurate book
keeping of magnetization history over multiple heartbeats, effects due to
inflow of unsaturated magnetization into the imaging volume need to be
taken into account (85). Absolute quantification becomes more challenging with magnetization-driven methods, unless they are combined with
interleaved saturation preparation (87). In addition, non-ECG triggered
imaging requires retrospective binning of the data into different heart
phases, which can be achieved using image-based self-gating (85,88). Radial golden angle trajectories (89) are therefore the natural choice for cardiac imaging without ECG triggering because the k-space centre is acquired in each profile.

Readout
A variety of fast readout types have been combined with magnetization
preparation. The most widespread type is spoiled gradient echo imaging
(75), which has been used in numerous clinical studies typically with SR
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preparation (90–92). Alternative readouts are balanced steady-state free
precession (bSSFP) and hybrid echo-planar imaging (EPI).
In spoiled gradient echo sequences, imaging is performed by repeatedly exciting the imaging volume using small flip angles and acquiring
a single k-space line (profile) at a time. The small flip angles ensure that
the longitudinal magnetization is not saturated, i.e. for each profile a sufficient amount of longitudinal relaxation is available for excitation even at
very short TR. After acquisition of each profile, the transverse magnetization is dephased using spoiling gradients in readout and slice directions, as
shown in Figure 5(a).
Using bSSFP, the transverse magnetization after each profile is reused. This is achieved by rephasing dephased magnetization in readout,
phase and slice directions ensuring zero net gradient area on every axis;
cf. Figure 5(b). bSSFP methods have inherently higher SNR than spoiled
GRE due to the reuse of transverse magnetization (93). On the other hand,
bSSFP sequences are very sensitive to banding artefacts originating from
off-resonance effects between repetitions (94).
The hybrid EPI sequence illustrated in Figure 5(c) is based on standard single-shot EPI, in which the whole k-space is acquired after a sole
slice-selective excitation. Due to the strong geometric and intensity distortions in standard EPI imaging of first-pass perfusion, a hybrid approach
with multiple excitations and segmented k-space acquisition was proposed (95). While the reduced number of excitations shortens the overall
acquisition time for hybrid EPI, there are major concerns about image artefacts due to blurring and ghosting of the image (96).
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Figure 5. Gradients, RF pulses and acquisition periods (AQ) for a single RF
excitation and different data readout schemes. (a) Spoiled gradient echo
imaging, (b) balanced SSFP acquisition and (c) hybrid EPI readout. The
gradients in slice direction marked in grey indicate optional phase encoding if 3D RF excitation is used. Note that the 3D encoding is missing in (c),
since application of a 3D hybrid EPI sequence for first-pass perfusion has
not been reported to date.
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Studies comparing the three readout schemes with respect to image quality and diagnostic feasibility do not yet allow for a final conclusion
in favour of one method (97,98).

Non-Cartesian Trajectories
A topic that has attracted considerable attention during the last decade is
the choice of the k-space trajectory for perfusion imaging. Traditionally,
data are acquired on a Cartesian grid in the Fourier domain with gradients
that are kept constant during the readout of a single line in k-space. Like
the reconstructed image, the acquired data are sampled on a regular Cartesian grid, with the Fourier Transform defining the transformation between image space and k-space.
It is not necessarily required to sample the k-space data on a regular
Cartesian grid. An alternative trajectory is golden angle radial sampling
(89), a projection technique in which each readout line (referred to as profile or spoke) traverses through the centre of k-space. Due to the symmetrical distribution of spokes in k-space, data can be reconstructed from any
continuous subset of multiple spokes with any acquisition window. The
inherent high temporal resolution and the ability to retrospectively discard acquired spokes render the method robust to motion effects (99).
Furthermore, radial acquisition allows reconstructing multiple images
from different spoke subsets, e.g. separate AIF and myocardial images
with different contrast enhancement (100). Continuous 2D radial acquisition directly yields cine images upon reconstruction. For multiple slices or
3D imaging interleaved sampling along the slice direction is needed, which
decreases the effective temporal resolution (83,85). In addition, care
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should be taken when using radial acquisitions in conjunction with quantitative postprocessing. Classic signal models for saturation-recovery sequences require a well-defined time between saturation prepulse and acquisition of data at the k-space centre (TSAT, cf. section 4.2.). Since the

centre is sampled with each radial spoke, it becomes more difficult to define such a time for radial sequences, and a weighted average TSAT has to
be used.

Spiral trajectories sample the data starting from the k-space centre
spiralling outwards in a 2D plane. The spiral can be designed with equidistant loops (101) or in a variable-density pattern with reduced sampling
density towards the k-space edge (102–104). Multiple slices can be covered using a stack of spirals, as proposed for 3D imaging. Similar to EPI
readouts, spiral trajectories allow for accelerated data collection by using
fewer RF excitations and long measurement times per excitation.

3.3.

Undersampling and Reconstruction

Fulfilling the requirements for first-pass imaging amounts to a trade-off
between spatial resolution, coverage and temporal resolution. In order to
optimize these parameters, parallel imaging can be employed in conjunction with accelerated data acquisition. In this section, the basics of undersampled parallel acquisition and image reconstruction are discussed in
brief.
MR data acquisition can be formally described as sampling a continuous object ρ in a discretized fashion using Nc receive coils. The acquired
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data d can be represented in matrix notation as

d = Eρ + η .

(3.4)

In this equation, d and ρ are vectors of size Nk·Nc and Nρ, respectively, E is
a matrix of size Nk·Nc × Nρ and η denotes noise. Nρ is the number of points

or voxels the object is divided into, and Nk represents the number of sam-

pled k-space positions. The encoding matrix E represents the sampling
process including Fourier Transform and receive coil sensitivity operators.
Image reconstruction is performed by solving the linear reconstruction
problem (105)

i = Fd ,

(3.5)

where F is the reconstruction matrix and i the reconstructed image. The
reconstruction matrix inverts the encoding matrix, yielding the identity
matrix 1,

FE = 1 .

(3.6)

However, since in general Nk·Nc > Nρ, the above equation does not fully

determine the reconstruction matrix F. The available degrees of freedom

in the choice of F are often utilized to enhance image SNR. An SNR optimized version of F can be obtained using the noise covariance matrix Ψ ,
yielding (105)
F = (EH Ψ −1E)−1 EH Ψ −1 .

(3.7)

The reconstruction problem above is overdetermined by up to a factor Nc.
In lieu of SNR optimization the measurement can be accelerated by
reduction of the number of acquired data points Nk. As long as the accel34
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eration factor R holds R ≤ Nc, the entire image can theoretically be recovered using knowledge about the sensitivity of each receiver coil. However,
in practice, noise and the linear dependence between coils lowers the
maximum achievable undersampling factor below the theoretical limit.
In early approaches to undersampling the sampled points in k-space
formed a regular and fixed grid (105,106), thereby exploiting correlations
in k-space. Unfolding can either be performed in image space using the
SENSE formalism described in equation (3.7), or by interpolation in
k-space using GRAPPA (106).
However, dynamic MR images also exhibit correlations in time. This
fact triggered the extension of SENSE and GRAPPA to spatiotemporal undersampling (107,108). The basic principles of these so-called k-t methods
can be exemplified using k-t principal component analysis (k-t PCA) (109).
Acquisition comprises a regularly spaced k-space sampling pattern and
additional training data. The regularly spaced undersampling pattern is
shifted in k-space as acquisition proceeds in time. The training data refers
to the central k-space portion, which is fully sampled in each time step. It
has high temporal and low spatial resolution, and is used as prior
knowledge for image reconstruction. In k-t PCA it is assumed that the data
P in x-f space can be decomposed into principal components (PCs) according to

P = WB ,

(3.8)

where W represents the data in x-pc space. W is the result of the PCA of P
along the temporal frequency dimension, and B contains the corresponding PCs. Equation (3.8) holds for the complete data as well as for the train35
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ing data, on which the PCA is performed. Using the training data to compute the PCs ensures that the full temporal resolution of the measurement is used. In analogy to equation (3.4) the signal encoding matrix for
k-t PCA reads

Palias, x = Ew x .

(3.9)

Here, Palias, x represents the aliased data, i.e. all voxels that fold onto ob-

ject position x upon undersampling, wx is the corresponding row of W,

and E is the encoding matrix. Image reconstruction can be performed
using a regularized least squares solution

(

)

†

=
w x M2x E((
EM2x E + λΨ Palias, x .
The dagger indicates the Moore-Penrose pseudoinverse and

(3.10)
H

represents

the conjugate transpose. M2x is the signal covariance matrix derived from
training data, Ψ is the sample noise matrix and the regularization factor λ
is employed to control the smoothness of the solution. Equation (3.10)
can also be employed for k-t SENSE by omitting the PCA and scaling the
sample noise, thereby solving the problem in x-f space (108,110).
A more general, non-linear formulation of reconstruction of undersampled data originates from the concept of compressed sensing (111). In
compressed sensing, the inherent sparsity of MR images is exploited for
undersampling. For parallel imaging the compressed sensing reconstruction problem can be written as (112)

{

2
=
iˆ arg min Ei − d 2 + λ Fspi
i
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which is solved iteratively. i and î are estimates of the image before and
after an iteration of the reconstruction, respectively. d is the acquired data. In this equation, a sparsifying transform Fsp transforms i to a domain in

which it is sparse. The first summand enforces data consistency, whereas

the second term enforces sparsity. The regularization parameter λ controls the relative weighting of data consistency and sparsity. The solution
to the reconstruction problem (3.11) is found using for instance soft
thresholding or the nonlinear conjugate gradient approach (111).

3.4.

Numerical MRI Simulations

The driving force for innovations in MR methodology is to improve in-vivo
imaging. In order to evaluate new ideas and test feasibility in simplified
settings, models implemented as numerical simulation or physical
phantom are employed. In this section the background of numerical simulation is reviewed and its importance for contrast-enhanced imaging is
emphasized.
Numerical simulation of MRI focuses on computational representation of image acquisition, reconstruction and post-processing steps. The
real system is described by a meaningful subset of parameters representing the physical behaviour of the system. This reduction fosters a better
understanding of the problem. By modifying single parameters of the
model, even superimposed effects can be discriminated. In principle every
parameter involved in MRI can be integrated into the model, thereby allowing models individually designed for specific applications. In addition,
numerical simulations of MRI are cheap, fast and reproducible.
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Disadvantages of numerical simulations mainly concern the level of
abstraction. Mathematical models simplify reality yielding a loss of information or even systematic errors. This may result in exclusion of potentially important parameters from the simulation. In addition, the efforts required for designing very elaborate and realistic models are often enormous.
Numerical simulations can be divided into three main classes. Analytical numerical phantoms are composed of geometric shapes that have
an analytical representation in the Fourier domain. Analytical simulation
of MRI is continuous by definition and thus independent of spatial resolution. Examples of analytical phantoms are the Shepp-Logan head section
(113) and the brain phantom for parallel MRI simulations proposed recently (114). Analytical phantoms accurately describe local anatomy, but
may become too complex if organ motion needs to be simulated.
In contrast, voxel-based phantoms are based on segmented CT or
MRI datasets (115) and include motion if the underlying data adequately
captured the movements. Discretization is defined by the spatial resolution of the acquired data prior to simulation start, which inhibits parameterization of spatial resolution. In addition, voxel-based phantoms represent single subject data and neglect anatomical variations.
An intermediate approach combining advantages from analytical
and voxel-based phantoms are hybrid phantoms (116). Based on highresolution CT and MRI data, organ surfaces are modelled employing nonuniform rational B-splines (NURBS) or polygon meshes. Motion models for
the beating heart and respiration can be extracted from time-resolved
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cardiac-gated multislice CT data (117). Hybrid models enable extraction of
discretized organ masks at arbitrary spatial resolution. They thereby overcome the restrictions in spatial resolution of voxel-based phantoms.
Numerical simulations in MRI are typically employed at an early
stage in a study in order to evaluate feasibility of the novel methodology.
By comparison against existing reference techniques the added value of
the new method is demonstrated. In simulations of cardiovascular MRI,
motion of the heart due to cardiac contraction and respiration plays a crucial role. Depending on the purpose of the simulation, accurate models of
organ motion throughout the simulated MR experiment need to be integrated. Examples of such models are illustrated in Figure 6.
In case of accelerated data acquisition and reconstruction in MRI
without contrast agents, simulation mostly comprises acquisition of a fully
sampled dataset followed by retrospective undersampling and reconstruction (118). Comparison to the ground truth is enabled by reconstructing
the fully sampled dataset and using it as a reference. Similar approaches
with limitations are used for contrast-enhanced MRI: Because the time
course of the first-pass is fixed, fully sampled acquisition can only be performed with a reduced spatial resolution or number of slices (119). Alternatively, reconstructed images from undersampled data are combined
with separately acquired receive coil sensitivity maps to yield a fully sampled reference dataset (8). With the former approach the imaging parameters are changed between reference and undersampled data. Reference

39

Numerical MRI Simulations

Figure 6. Numerical heart phantoms. (a,b) Simple circularly shaped leftventricular phantom in (a) diastolic and (b) systolic phase as used for studies proposing undersampled cardiac imaging, e.g. in (109). (c,d) MRXCAT
numerical phantom with respiratory motion and cardiac contraction as
proposed in CHAPTER 5. For simplicity the number of simulated receive
coils was set to 1.
data in the latter case may contain inherent unresolved undersampling
and parallel imaging artefacts, e.g. residual aliasing or errors due to respiratory motion between the perfusion scan and the coil sensitivity map
(120). Both approaches thus fail in providing true ground truth data. Furthermore, they are volunteer-specific and lack generality, which hinders
their use for multiple applications and across research groups.
True ground truth data serving as a reference was proposed within
the Visible Human Project by the National Library of Medicine (121), which
was used to generate a numerical phantom of the extended cardiac torso
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(XCAT) including motion (117). Based on XCAT a MR simulation framework
(MRXCAT) was devised, eliminating many of the disadvantages mentioned
above and enabling reproducible cardiovascular MRI research. MRXCAT is
presented in CHAPTER 5.
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CHAPTER 4
QUANTIFICATION OF
MYOCARDIAL PERFUSION

A common way to interpret myocardial perfusion images is visual assessment of the relative contrast enhancement by an experienced reader.
Standardized scores support grading the severity of hypo-perfusion by
specifying the location, size and transmural extent of perfusion defects. In
whole-heart perfusion images the fraction of ischemic to total myocardial
volume can be derived, the so-called myocardial ischemic burden (9–11).
However, qualitative diagnosis alone is highly dependent on reader
experience and is subject to variability between observers (65,122–124).
Moreover, visual analysis may fail for homogeneously decreased perfusion
as can be seen in triple-vessel CAD (12), or microvascular disease (125).
Semi-quantitative and fully quantitative approaches have been developed
to address the limited performance of visual assessment. A survey of

Semi-Quantitative Methods
semi-quantitative and fully quantitative methods is provided in this chapter. Both semi- and fully quantitative approaches process signal intensity
(SI) vs. time curves (SI-t curves) extracted from the time series of myocardial perfusion images. The SI-t curves can be extracted by manual segmentation of the myocardial tissue, which is relatively time consuming. A vast
number of automated segmentation algorithms has been proposed to
speed up diagnosis (126).
Spatial averaging of voxelwise SI-t curves within circumferential sectors and transmural layers before further processing is a common technique. This step serves multiple purposes such as SNR improvement,
analysis in standardized anatomical segments such as the AHA model (42),
or reduction of the computational load by reduction of the number of SI-t
curves to process.

4.1.

Semi-Quantitative Methods

A number of semi-quantitative parameters to characterize normal and reduced perfusion have been proposed. Key measures include the upslope,
the maximum of the myocardial SI-time curve (peak SI), the time to peak,
the mean transit time, and the area under the curve (AUC) (127,128). Figure 7 visualizes semi-quantitative parameters which have a direct graphical representation in relation to the SI-t curves.
The myocardial upslope has gained most attention in semiquantitative clinical studies (79,125,129–131). It is the first derivative of
the myocardial SI-t curve during the initial steep SI increase after contrast
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Figure 7. Example signal intensity vs. time curves forming the arterial input
function (AIF) and myocardial signal-time course. Several quantities used
in semi-quantitative analysis are indicated. Figure adapted from (17).
agent arrival. To stabilize the upslope against noise, a gamma-variate function may be fitted to the SI-t curve (132). The gamma-variate function is
given by

f (t ) = Θ(t − t bolus )·α ·(t − t bolus )β ·exp( −(t − t bolus )/ τ ) ,

(4.1)

where Θ(t) is the Heaviside step function, which equals 0 for t < 0 and 1
for t ≥ 0 . The parameter t bolus marks the time point of bolus arrival, also

referred to as the foot point, where the SI-t curve begins to rise from its
baseline value (127). The parameters α, β and τ represent the fitting variables. The upslope value strongly varies with changes in the arterial input
function (AIF), e.g. between rest and pharmacological stress imaging. To
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account for these differences, the upslope parameter may be normalized
by the upslope of the corresponding AIF.
The peak SI is the maximum of the myocardial SI-t curve relative to
the pre-contrast baseline SI. Manning and colleagues demonstrated reduced peak SI in myocardium supplied by a stenosed coronary artery
compared to healthy reference tissue (47). In this study, the baseline was
subtracted from the maximum myocardial SI to obtain peak SI. After division of the maximum by the baseline SI, the percentage of contrast enhancement can be calculated (127). The peak SI is sensitive to noise, since
it is derived from a single time point. Furthermore, it may be affected by
breathing motion in case breathholding cannot be sustained throughout
the examination, because peak enhancement occurs late in the time
course of the first-pass.
The time to peak is the time between onset of myocardial signal enhancement and its maximum. The mean transit time (MTT) represents the
passage time of the CA through the myocardium. According to indicator
dilution theory (133), the MTT is directly related to blood flow F and volume of distribution V of the CA,
MTT = V / F .

(4.2)

For extracellular, extravascular contrast agents such as GBCA with relatively small molecular structure the distribution volume comprises the blood
vessels and extracellular tissue, making exact determination of V difficult.
The MTT approach is more suitable with intravascular contrast agents as
used in MRI of brain perfusion (17). A further challenge is temporal broad-
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ening of the bolus starting from its injection site in a peripheral vein until
it reaches the heart (134).
The area under the myocardial SI-t curve (AUC) is confined by the
bolus arrival time and a fixed time point, for instance the time of peak AIF
signal (127), cf. Figure 7. However, if the time point of peak AIF signal is
used as a reference, the AUC becomes sensitive to delayed filling of individual coronary arteries without significant stenosis. Instead, the time of
peak myocardial SI may be a better choice as end point for AUC computation. The AUC has been shown to correlate with microsphere measurements across a 5-fold range of flow values, at least when ratios of AUCs
from tissue with perfusion deficits and healthy remote tissue were computed (135).
The analysis of individual SI-t curves highlights temporal effects only. However, perfusion is spatially heterogeneous and varies between endocardium and epicardium both in healthy and diseased states. Transmural perfusion gradients may be calculated to quantify regional variability,
as proposed by Hautvast et al. (136). These perfusion gradients represent
the SI difference between endocardium and epicardium. If plotted at different angular positions vs. time as a so-called perfusogram, perfusion
gradients may help identifying subendocardial ischemia. Despite the appealing visualization enabled by perfusograms, an important limitation is
that they may miss fully transmural perfusion deficits or infarcted areas. In
this case, complementary analysis of standard images or additional late
gadolinium enhancement scans is required to correctly identify disease.
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4.2.

Absolute Quantification

Fully quantitative methods differ from semi-quantitative ones in their
claim to yield physiologically meaningful, absolute estimates of perfusion.
Derivation of absolute perfusion estimates can be useful in case qualitative diagnosis or semi-quantitative approaches fail at identifying ischemia.
Absolute quantification of myocardial perfusion relies on relating
the AIF from the supplying blood pool region to the corresponding myocardial response. Starting from the SI-t curves extracted from the dynamic
image series, two additional critical steps are required for absolute quantification:
•

First, the SI is converted to CA concentration. Unlike the SI-t curve,
the resulting concentration vs. time curve is independent of
sequence parameters such as the saturation-recovery time TSAT, TR,

TE and flip angle.
•

In a second step the concentration vs. time curves corresponding to
the AIF and the myocardial region of interest are inserted into a
kinetic model of the myocardial tissue. Quantitative estimates of
perfusion such as the myocardial blood flow (MBF) are derived.

Aspects of SI to concentration conversion and kinetic modelling are outlined in detail below. The central volume principle describing a single perfused region with one in- and outlet is derived and deconvolution fitting
for MBF quantification is introduced.
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Signal Intensity to Concentration Conversion
The relationship between the signal intensity (SI) and the CA concentration depends on the sequence used for image acquisition as well as the CA
properties. As stated in more general terms in section 3.2. , the CA modifies T1 depending on its concentration c according to

1
1
=
+ r1 ⋅ c .
T1 T1, 0

(4.3)

The relaxivity r1 of common CA remains unchanged when it travels from
the blood pool into myocardial tissue (17).

The modification of T1 upon CA administration is translated into a

dynamic change in SI in T1-weighted images. For saturation-recovery
spoiled gradient echo sequences, the SI can be expressed as (13,137)


1 − an−1 
n−1
S S 0 ·  (1 − exp ( −TSAT / T1 ) ) · a + (1 − exp ( −TR / T1 ) ) ·
 . (4.4)
a
1
−



In this equation, S0 is proportional to the equilibrium longitudinal magnet-

ization M0, TSAT is the time between saturation preparation and data ac-

quisition of the central k-space line, and TR is the repetition time between

consecutive excitations. The term a = cos α · exp(–TR/T1) contains the flip

angle α, and n is the number of excitations between acquisition start and
recording of the k-space centre.

The first summand in (4.4) accounts for longitudinal relaxation of
the magnetization after the saturation preparation and repeated excitations using flip angle α from the acquisition start until the central k-space
profile is reached. The second term can be rewritten as a geometric series,
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1 − an−1 n−1 k −1
= ∑a ,
1−a
k =1

(4.5)

and describes relaxation in-between the first n–1 excitations. An illustration of the evolution of longitudinal magnetization during saturationrecovery gradient echo imaging is provided in Figure 8.
Conversion from SI to concentration based on the signal model can
be performed in two steps. First, the T1 in each imaging time frame is

Figure 8. Simulation of the longitudinal magnetization during saturationrecovery gradient echo imaging with flip angle = 15° and TR = 2 ms. Magnetization was simulated for peak blood pool and myocardial contrast enhancement, corresponding to T1 = 30 ms and 200 ms, respectively. The
saturation delay TSAT represents the time between saturation preparation
and data acquisition at the k-space centre. After a transient phase following the acquisition start, magnetization approaches a steady state.
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determined using equation (4.4). Second, the resulting T1 is plugged into
(4.3), which is solved for the concentration c,

1 1
1 
c = ⋅  −
.
r1  T1 T1,0 

(4.6)

Note that T1 and c change with time during the perfusion examination,
while the other parameters remain constant.

The signal model based conversion from SI to concentration requires knowledge of all sequence parameters. If these parameters are
known, equation (4.4) still contains the two unknown variables T1 and S0.

However, since S0 remains constant throughout the experiment, its value

can be determined if the pre-contrast T1,0 is known (77). The baseline relaxation time T1,0 can either be derived from literature values, or using an

additional scan before CA administration, such as the modified LookLocker inversion recovery sequence (138). Alternatively, a proton-density
weighted image acquired without saturation prepulse may be used to estimate T1,0 (139,140).

Instead of formal conversion of SI to concentration, an estimate of

concentration may be found by subtracting the baseline SI from the SI-t
curves (13). This simple step requires an approximately linear relationship
between SI and concentration, which can be achieved by using CA doses
below 0.03 mmol/kg b.w. (17). At higher CA doses, linearity may be
achieved by reducing the saturation delay TSAT at the expense of reduced
SNR. Since peak CA concentrations differ between the blood pool and myocardial tissue, either dual-bolus or dual-sequence methods can be used
to optimize SNR and linearity constraints in each compartment separately
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(15,141). The formal SI to concentration conversion using the signal model
in equation (4.4) will be pursued in all work presented herein.

Kinetic Modelling of Perfusion
Once the concentration vs. time curves in the myocardium and any supplying blood pool region have been computed, they can be used to quantify perfusion. To this end, the concentration AIF and myocardial curves are
connected using a so-called kinetic model describing the dynamic process
of perfusion.
Kinetic modelling relies on assumptions about the functional structure of the perfused tissue as well as its response to inflow. All models for
perfusion quantification incorporate a single inlet and outlet. While the

Figure 9. Distribution of an extracellular, extravascular CA in myocardial
tissue. CA (dark dots) enters and exits the tissue at flow rate F in the intravascular (plasma) compartment with volume vp. The CA is exchanged with
the extravascular space (interstitium) with volume ve, governed by the
permeability surface area product PS. CA remains outside the cells. Figure
adapted from (142).
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blood pool is treated as a single inlet region, myocardial tissue may be divided into three different compartments: The intravascular plasma space
consisting of blood vessels and capillaries, the extravascular bed outside
the cells, called the interstitium, and the cells themselves. The molecular
size of the CA determines whether it remains in the intravascular space or
extravasates into the interstitium. While very large gadolinium complexes
correspond to intravascular CA, the majority of commercially available CAs
have smaller molecular sizes and thus extravasate into the interstitium, as
illustrated in Figure 9. Depending on the assumptions underlying the kinetic model, the number of compartments and their interaction pathways
need to be defined.
Since extravascular extracellular CAs remain outside the cells, there
are at most two main compartments to be taken into account. Kinetic
models describing CA passage through the myocardium may be divided
into three groups with different degrees of complexity (cf. Figure 10):

Figure 10. Schemata of different kinetic models with blood flow F.
(a) Single compartment model with distribution volume vd. (b) Twocompartment exchange model with intravascular plasma volume vp and
extravascular interstitial space ve. (c) Distributed parameter model with
spatial dependence. The region of interest (myocardium) is marked in grey.
Figure adapted from (142,143).
53

Absolute Quantification
•

Single compartment models consist of a single volume between inlet and outlet. The CA is diluted in this central volume of distribution vd, which has no further internal structure. This model describes intravascular CAs, but it may be well suited for extracellular
CAs under certain conditions as explained below.

•

In two-compartment models, the CA enters and exits the myocardium through the intravascular compartment. In addition, CA is exchanged between the plasma volume vp and the extravascular interstitium ve. The exchange rate is determined by the CA concentration near the compartmental wall and the permeability surface
area product PS (144). Several variants exist, notably the uptake
model, which assumes unidirectional extravasation into the interstitium.

•

Distributed parameter models (144,145) implement the plasma
volume and the interstitium as multiple functionally identical small
subspaces. The intravascular constituents are connected in series,
and each subspace is connected to its own interstitial subspace.
Hence, in distributed parameter models, the CA concentrations inside the myocardium are spatially varying. A variant of the distributed parameter model is the tissue homogeneity model, which assumes spatial dependence only in the intravascular compartment,
while the interstitium is well mixed and thus constant in space.

For first-pass perfusion imaging extravasation may be negligible due to the
short acquisition time (17,143). Therefore, if only the first-pass is considered, a single compartment model suffices to quantify perfusion. Single
compartment models based on the central volume principle will be exclu54
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sively applied in this thesis. Nevertheless, for data acquired over longer
periods than used herein, extravasation becomes relevant. In this case,
two-compartment or distributed parameter models may be more suitable
and accurate for myocardial perfusion quantification (143,146,147).

Central Volume Principle
The central volume principle was introduced by Zierler in 1962 (148) describing a system with a single inlet and outlet. Several assumptions are
required to describe a system governed by the central volume principle.
First, the volume of the system has to remain constant in order to
apply the principle of mass balance: Every particle entering the system via
the inlet must eventually leave the system. The amount of CA in the system at time t following bolus injection at t = 0 is then given by (13)
t

q(t ) =F ·∫ cin ( s ) − cout ( s ) ds .

(4.7)

0

cin(t) and cout(t) are the CA concentrations in mmol/mL at the inlet and

outlet, respectively. F is the CA flow rate per tissue volume in units of
mL/g/min. The amount of CA q(t) has units mmol/g of tissue.
Second, the system should be linear and stationary. In other words,

the response of the system to an input should be directly proportional to
the input dose and independent of time (144). In this case, the CA concentration at the output can be expressed as a convolution of the input with a
transfer function h(t),
t

cout (t ) =h(t ) c cin (t ) =∫ h( s − t )· cin ( s ) ds .

(4.8)

0
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Combination of equations (4.7) and (4.8) yields
t

=
q(t ) F ·∫ (1 − h( s )) c cin ( s )ds ≡ RF (t ) c cin (t ) .

(4.9)

0

Assuming an instantaneous input at t = 0 given by the Dirac delta

function, cin(t) = δ(t), the transfer function h(t) represents the probability
that the CA has left the system at time t. Accordingly, the flow-weighted

impulse response function
t

RF (t ) = F ·R (t ) = F ·∫ (1 − h( s ) ) ds

(4.10)

0

corresponds to the probability that the CA remains inside the system up to
time t or longer, scaled by the flow F. The functions h(t) and R(t) range
from 0 to 1. Note that for any system with finite maximum flow the CA
remains within the system at t = 0, yielding

R (=
t 0)
= 1  RF (=
t 0)
= F .

(4.11)

The myocardial blood flow (MBF) F can therefore be determined upon
solving equation (4.9) for RF(t). This process is called deconvolution and is

possible if the input concentration and the amount of tracer in the system
are known. It is worthwhile to have a closer look at units. The units of concentrations, which may be derived from the AIF and myocardial SI-t curve,
as described in the previous section, are mmol/mL. The same units hold
for cin(t), but since the units of F are mL/g/min and the integral cancels

the time unit, q(t) is in units of mmol/g. To compensate for the fact that
myocardial concentration is used for quantification, the resulting MBF
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must be scaled with the specific gravity of myocardial tissue, which equals
1.05 g/mL (17).

Deconvolution
The central volume principle states that MBF can be quantified using deconvolution of the AIF and the myocardial concentration vs. time curves
and thereby calculation of the flow-weighted impulse response. The convolution in the temporal domain corresponds to a multiplication in the
corresponding Fourier domain. Fourier transformation of equation (4.9)
yields

q ( f ) = R F ( f ) · cin ( f ) .

(4.12)

This problem can theoretically be solved by point-by-point division,
q ( f )
.
R F ( f ) =
cin ( f )

(4.13)

However, this approach is not feasible in practice, since cin(t) is pretty
slowly varying in time and therefore cin ( f ) contains many higher fre-

quency components with values close to zero (17). The division is therefore mathematically unstable.

Stabilization of the deconvolution process is also required when
performing it in the temporal domain. A lot of research effort has been invested in the development of such deconvolution methods in the past two
decades. The solutions devised are multifaceted, and can be based on deconvolution fitting or model-independent methods.
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In deconvolution fitting mathematical functions are employed to
approximate the impulse response RF. The most prominent and widespread amongst these functions is the Fermi function, first applied to myocardial perfusion by Jerosch-Herold et al. (13). They proposed approximating RF using a function of the form
RF (t ) = F ·

1 −α
· Θ(t − t shift ) ,
1 − α ·exp ( − β (t − t shift ))

(4.14)

where Θ(t) is the Heaviside step function and tshift is the temporal shift
between contrast enhancement in the AIF and myocardial curve. Of the
three fitting parameters α, β and F, only the MBF F has a physiological
meaning. Fermi modelling was selected because the shape of the Fermi
function resembles the shape of RF. In practice, the difference t – tshift can

be replaced by t’ if the AIF or the myocardial curve is time-shifted by tshift

prior to deconvolution fitting.

Alternative propositions focused on fitting RF using a monoexponential function (143) or a set of exponential basis functions (149–
151). A concern in exponential basis fitting is the fixed number of basis
functions. This may yield too many degrees of freedom and thereby overfitting of the data. In order to address this issue, autoregressive moving
average (ARMA) modelling has been proposed by Batchelor et al. (152). By
letting the model itself find the exponents optimally describing the data,
ARMA requires fewer degrees of freedom to accurately model perfusion.
Finally, instead of using a mathematical representation of the impulse response function, deconvolution may also be stabilized in a modelindependent fashion (153). The underlying assumption is that the discre58
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tized impulse response function can be written as a sum of piecewise
smooth B-splines,
P

RF (t i ) = ∑ B j( k )(t i )·α j .

(4.15)

j =1

In this equation, Bj(k) is the j th B-spline of the order k. A matrix D with el-

ements

=
Dij

ti

∫B
0

j

(k )

( s )· cin (t i − s ) ds

(4.16)

can be assembled to describe the B-spline approximation. The time point
ti represents the ith time frame of the perfusion measurement. Modelindependent deconvolution amounts to solving the least squares problem

{

2

min D·α − q ; α m  P

},

(4.17)

where q is the measured quantity of CA in the myocardium as used in
equations (4.7)-(4.9). Since the problem is ill-posed, additional steps to
stabilize the solution are required. Jerosch-Herold et al. proposed additional singular value decomposition of D and Tikhonov regularization of
the problem to obtain a stable solution in practice (153).
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CHAPTER 5
MRXCAT: REALISTIC NUMERICAL
PHANTOMS FOR CARDIOVASCULAR MR1

5.1.

Background

Advanced acquisition strategies and image reconstruction have become
major research topics in cardiovascular magnetic resonance (CMR). New
techniques are commonly validated using numerical phantoms. However,
computer simulations are often based on oversimplified and unrealistic
models. Furthermore, the lack of standardized reference models has resulted in a large diversity in simulation methods hampering appropriate
cross-validation. Comparability is, however, of particular relevance in
CMR, where cardiac and respiratory motions add to simulation complexity.
1

Published as: Wissmann L, Santelli C, Segars WP, Kozerke S. MRXCAT: Realistic
numerical phantoms for cardiovascular magnetic resonance. Journal of Cardiovascular
Magnetic Resonance 2014; 16: 63.

Background
Image reconstruction has evolved into a significant branch of MRI
research. Considerable efforts have been invested into the development
of non-Cartesian and accelerated data acquisition strategies, as they permit reduced scan time, increased spatial and/or temporal resolution or a
combination of these benefits (111,154–156). Despite the growth of the
research field, it remains difficult to benchmark the various image reconstruction approaches. Among others, one reason for this is the lack of
comparability between simulation setups.
Simulation models can be divided in two groups. Analytical numerical phantoms mathematically describe the simulated anatomy and the imaging experiment. The first analytical phantom to be used widely for imaging simulations was the Shepp-Logan head phantom (113). Further development led to computationally more complex cerebral phantoms specifically designed for MRI, using elliptical shapes (157–160) or combinations
of different geometrical contours (114). Voxel based phantoms, on the
other hand, are usually derived from acquired images of a single volunteer
or patient, with a few segmented tissue types only and adapted to the
purpose of the study (115). This has led to a plethora of numerical phantoms used by individual research groups. Voxel based phantoms are realistic and easily accessible, but limited to the acquisition parameters they are
based on, such as spatial and temporal resolution. Furthermore, for voxel
based phantoms the image to k-space relation is approximated by the discrete Fourier transform, which ignores k-space truncation errors. These
effects are omitted with analytical phantoms, where the continuous Fourier transform is well-defined. In contrast, analytical phantoms usually do
not incorporate motion as required in CMR.
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A practical approach to numerical phantoms is the integration of
advantages of both analytical and voxel-based methods into hybrid phantoms. Hybrid phantoms address the key limitations of analytical and voxelbased approaches, leading to a versatile, realistic and reproducible simulation framework. The Mathematical Cardiac-Torso (MCAT) and the extended Cardiac-Torso (XCAT) phantoms present such approaches by combining
voxel-based in-vivo data with non-uniform rational B-splines (NURBS) or
polygon meshes to define anatomical objects (117,161,162). The anatomical information in XCAT is based on the Visible Human Project of the National Library of Medicine (121).
Several numerical phantoms for CMR applications have been proposed so far, including analytical (163), voxel based (164) and hybrid models (165–172). These in part allow for reproducible figures of merit based
on known simulation parameters such as spatial resolution. Despite the
attempt to generate versatile and realistic phantoms, none of the abovementioned studies have made their phantoms available to the community. Therefore, reproducibility is limited and reimplementation of the phantom is cumbersome.
In this paper, a hybrid numerical CMR phantom referred to as
MRXCAT is presented. MRXCAT is a simulation framework designed for research on CMR sampling and reconstruction strategies in the presence of
motion. In order to promote comparability and reproducibility in CMR
simulation research, MRXCAT is made available online to the community
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(173). Cine and myocardial perfusion MRXCAT implementations are presented alongside with reconstruction and post-processing examples as
showcase applications.

Figure 11. MRXCAT workflow overview. Tissue masks in desired orientation
with optional cardiac and respiratory motion are generated using XCAT.
MR contrast, including dynamic contrast enhancement, is mapped onto
these masks. After coil sensitivity multiplication, noise is added to attain
desired image degradation. Optional gridding to non-Cartesian trajectories
and resampling, followed by image reconstruction and post-processing
complete the simulation procedure.
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5.2.

Methods

The XCAT software (117) allows generation of realistic human anatomical
masks including cardiac contraction and respiratory motion. Spatial resolution, matrix size, temporal resolution, coverage, geometry and non-rigid
object motion are adjustable. For the MRXCAT implementation, each tissue mask is assigned MR properties as illustrated in Figure 11 and Figure
12.


Mathematically, the MRXCAT phantom D(k , t ) in k-t space is ex-

pressed as

NS


D(k , t ) = ∑ R i α G α F α [S( NC , rC , xC ) α Cm(TE ,TR ,α , NR ) α
i =1



T (T1 ,T2 , ρ , c (t )) α Oi ( x , t ) + ni ( x , t )

(5.1)


where Oi ( x , t ) is the XCAT object, which is a function of space and time,

and ni ( x , t ) denotes object noise. The circle denotes application of the
operator on the left hand side of ○ onto the object on the right hand side.

Consecutive operations are applied from right to left. T is the tissue operator, which depends on relaxation times T1, T2, the proton density ρ and
the contrast agent concentration c(t). The sequence operator Cm imple-

ments the signal model m with various parameters including echo time TE,
repetition time TR, flip angle α and number of repetitions NR. Coil operator

S applies coil sensitivities of NC receive coils with radius rC and location xC
as input. After Fourier transform F, the gridding operator G and the sampling operator Ri convert the raw k-space phantom into simulated MRI data, as detailed below. The index i refers to k-space segmentation. In seg65

Methods
mented acquisition, the full XCAT and noise objects are created for each
segment i and the sampling operator Ri extracts the segment i from the
full k-space data.

Figure 12. MRXCAT software structure. Geometry, timing and physiology
parameters are set at the XCAT input. The tissue and sequence operators
depend on tissue properties, sequence parameters and the signal model m.
The coil operator and noise object use coil geometry and SNR as input. The
trajectory governs the effect of the gridding and sampling operators.
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XCAT Object Module
A number of physiological parameters such as heartbeat and respiratory
cycle duration can be adjusted in XCAT. Several parameters are defined at
the XCAT input including spatial and temporal resolution, matrix size, slice
offcentres and angulation and the number of simulated heartbeats. The
timing information allows setting the temporal resolution during the heart
phase and the number of segments needed to acquire the full k-space.
XCAT produces binary masks of different organs and tissue types. The
blood pool and myocardial tissue of the atria and ventricles in the left and
right heart are divided into eight individual partitions. Arteries, veins and
pericardium form separate compartments.

Tissue and Sequence Operators
Using the tissue and sequence operators T and Cm the organ masks (XCAT
object Oi) are assigned realistic MR signal intensities based on tissue properties T1, T2, proton density ρ and contrast agent concentration c(t). The
concentration is used to simulate dynamic contrast enhancement by
shortening T1. Sequence timing parameters such as repetition time TR,

echo time TE, number of repetitions NR and the flip angle α are at hand.
Finally, signal model m converts these parameters to signal intensities. Examples of available signal models are balanced SSFP (174,175) and saturation-recovery gradient echo sequences (13,137).
Dynamic contrast enhancement during first-pass myocardial perfusion is simulated based on a population average arterial input function
(AIF) from six healthy volunteers. A contrast dose of 0.025 mmol/kg b.w.
and a short saturation delay (30 ms) were used to ensure linearity be67
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tween signal intensity and contrast agent concentration (151). Midventricular signal intensity vs. time curves were extracted from the left
ventricle and manually shifted in time to the same bolus arrival time before averaging, which mitigates temporal broadening of the AIF peak by
averaging. The population average AIF was fitted by a 3-parameter gamma-variate function to obtain a first-pass AIF of the contrast bolus (176).
The myocardial concentration-time curve is obtained by convolution with
a Fermi function (13). The blood pool and myocardial concentrations are
then converted to signal intensities using the relationship between T1 and

concentration c(t),

=
R1

1
+ c (t )· R ,
T1,0

(5.2)

where T1,0 is the baseline tissue T1 in the absence of contrast agent and R

the relaxivity of the contrast agent.

Coil Operator and Noise Object
Three-dimensional coil sensitivities are simulated using the Biot-Savart
law,
 
B (r ) =

µ0
4π

∫
coil

  
i dl ×(r − r ')
  3 ,
r −r '

(5.3)

by discretising the integral and calculating the effective magnetic field at
the voxel positions of the XCAT masks. Normalized sensitivity masks are
multiplied with the phantom yielding one dataset per coil. Adjustable parameters in this module are the number of receive coils NC, the radius rC

and position xC of the individual coil elements. The coil elements are ar68
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ranged on one or more circles around the MRXCAT phantom to mimic typical cardiac coil arrays around the chest. Note that the Biot-Savart law is
only valid in the near field approximation, i.e. for field strengths < 4 T.
Since most CMR protocols are designed for 3 T or lower field strength the
approximation is considered a valid assumption.
A spatial low-pass filter option is implemented at this point with
variable filter strength to obtain realistic signal intensities at tissue interfaces. White Gaussian noise is added to obtain the desired signal-to-noise
ratio (SNR). In case of dynamic contrast enhancement, the noise level is
defined by the contrast-to-noise ratio (CNR). After this step, the fully sampled Cartesian MRXCAT phantom is available.

Gridding and Sampling Operators
The image-domain phantom is transformed into k-space via discrete Fourier transform F. The gridding operator G allows interpolation of the data
onto non-Cartesian trajectories. To apply these trajectories, the nonuniform fast Fourier transform (NUFFT) implementation by J. Fessler (177)
and the NUFFT wrapper by M. Lustig (111) are used, which are available
online (178,179). The sampling operator Ri defines the sampled k-space
profiles and enables application of undersampling schemes by omitting
certain k-space lines. If the simulated acquisition consists of multiple kspace segments, the required segment is extracted from the full k-space.
The MRXCAT phantom production is repeated for each segment to yield
the final MRXCAT phantom, which is saved as MATLAB output. Other output formats such as the ISMRMRD data structure (180) are possible.
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MRXCAT Examples and In-vivo Comparison
To allow comparison of the numerical phantoms with in-vivo CMR, cine
and first-pass myocardial perfusion in-vivo data were acquired in two
healthy volunteers. CMR was performed on two Philips Achieva scanners
(Philips Healthcare, Best, The Netherlands) at 1.5 T and 3 T field strengths.
All volunteers gave informed consent according to institutional policy.
Cine in-vivo parameters were: spatial resolution: 1.56x1.56 mm2, 10 mm
slice thickness, field-of-view: 400x400 mm2, TR = 3.4 ms, TE = 1.7 ms, flip
angle = 50°, 20 heart phases. Parameters for myocardial perfusion imaging

in-vivo were: spatial resolution: 2.14x2.25x5 mm3, field-of-view:
360x360x80 mm3, TR = 1.97 ms, TE = 0.78 ms, flip angle = 15°. Perfusion
image acquisition was performed using a 10-fold accelerated saturationrecovery gradient echo sequence with a saturation delay of 150 ms followed by k-t PCA reconstruction (8). A gadolinium bolus (Gadovist, Bayer
Healthcare, Zurich, Switzerland) with a contrast agent dose of 0.025
mmol/kg b.w. was applied during a breathhold acquisition of 30 time
frames.
Example cine and myocardial perfusion MRXCAT phantoms were
generated with T1 and T2 values according to textbook literature (68). Relative proton densities were extracted from a proton-density weighted in-

vivo measurement. Two-dimensional (2D) cine MRXCAT parameters were
equal to the in-vivo measurement, except for the number of heart phases,
which was set to 24 to enable 8-fold undersampling and k-t reconstruction
without zero-filling (cf. below). An SNR of 20 and 15 segments were simulated. Parameters for simulated first-pass myocardial perfusion imaging
were as in-vivo except for the in-plane resolution, which needed to be iso70
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tropic in XCAT and was set to 2.14x2.14 mm2. Further parameters were:
CNR of 30, 40 profiles from acquisition start to k-space centre, contrast
agent dose: 0.075 mmol/kg b.w., contrast agent relaxivity: R = 5.6
L/mmol·s, 32 acquired time frames with one image per heartbeat. Rest
and stress myocardial blood flow were set to 1.0 and 3.5 mL/g/min, respectively.

Image Reconstruction and Quantification from
Undersampled Data
Both the 2D cine and the 3D myocardial perfusion fully sampled Cartesian
phantoms were retrospectively undersampled and reconstructed using k-t
PCA (109) and k-t SPARSE (181). For both cases, an acceleration factor of
R = 8 was chosen. To visualise local variations in reconstruction accuracy,

error maps were calculated by subtracting the reconstructed images from
the fully sampled reference phantom reconstruction. All error maps were
normalized by the average signal intensity over all time frames of the reference image to yield percentage errors. Root mean square error (RMSE)
values were calculated for each case to estimate the total error.
Quantification of myocardial blood flow (MBF) was performed on
the myocardial perfusion reconstruction results. Using the XCAT masks,
signal intensity-time curves were extracted from left ventricle and myocardium and converted back to contrast agent concentration using equation (5.2) and the signal model. The signal intensity-time curves allow display of temporal filtering effects introduced by image reconstruction from
undersampled data. The concentration vs. time curves were quantified
using Fermi model deconvolution (13). Analysis of the MBF from fully
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Figure 13. MRXCAT cine phantom overview. Full FOV at systole and expiration (a) and at diastole and inspiration breathhold (b). (c) Profiles along
dashed line in (b) for 24 heart phases for breathhold and free-breathing
MRXCAT with 15 segments and the breathhold in-vivo case for comparison. (d-e) Cardiac region-of-interest at different cardiac phases for breathhold MRXCAT (d) and in-vivo scan (e). (f) Single coil images from 8 individual coils.
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sampled versus undersampled data enabled estimation of the additional
uncertainty introduced by undersampling compared to measurement
noise.
The MRXCAT extension for XCAT was implemented in MATLAB
(MathWorks, Natick, MA, USA). All computations were run on a laptop PC
equipped with an Intel i7 m620 2.67 GHz CPU with 2 cores and 8 GB
memory. Computation performance numbers were assessed for all computational tasks. The MRXCAT extension to XCAT is available online (173):
www.biomed.ee.ethz.ch/mrxcat

5.3.

Results

Figure 13 gives an overview of the MRXCAT cine phantom. Examples at
systole and diastole are shown in inspiration and expiration states.
Temporal profile plots of breathhold MRXCAT cine, free-breathing
MRXCAT cine and in-vivo breathhold cine data are demonstrated (Figure
13(c)). Individual coil maps of a simulated 8-element cardiac coil array are
displayed in Figure 13(f).
In Figure 14 the whole-heart myocardial perfusion MRXCAT phantom is displayed. Apical, mid-ventricular and basal slices at the time points
of bolus arrival in the right and left ventricle as well as in the myocardium
are shown in Figure 14(a). In-plane profiles as a function of time extracted
from the breathhold, free-breathing phantom and in-vivo acquisition are
demonstrated in Figure 14(b). A cardiac region-of-interest (ROI) is shown
in Figure 14(c). In addition, the effect of timing of the saturation pulse
with respect to the image acquisition is shown for a long saturation to
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Figure 14. MRXCAT cardiac perfusion phantom overview. (a) Three slices
from apex to base at maximum contrast agent enhancement in the right
ventricle, left ventricle and myocardium. (b) Anterior-posterior profiles
along dashed line in (a) for all heartbeats for breathhold MRXCAT, freebreathing MRXCAT and in-vivo breathhold myocardial perfusion images
(left-right). (c) 16 slices of the MRXCAT perfusion phantom, covering the
whole left ventricle at a time frame during contrast enhancement.
(d-e) Signal intensity curves extracted from the left ventricle (AIF) and the
myocardium of stress and rest MRXCAT perfusion phantoms generated
with saturation delays of 150 ms (d) and 10 ms (e).
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acquisition delay of 150 ms relative to a short saturation delay of 10 ms to
demonstrate the non-linearity between MR signal and contrast agent concentration (15).
Figure 15 shows the results of image reconstruction of the breathhold 2D cine MRXCAT phantom with 8-fold data undersampling. A cardiac
ROI and a profile through the slice as a function of heart phase are shown.
Absolute error maps reveal that both k-t PCA and k-t SPARSE yield reconstructed images of good quality. Reconstruction errors are found at the
borders of the myocardium, where cardiac contraction causes most motion. The RMSE in the cardiac ROI was 10.0% and 10.2% for k-t PCA and k-t
SPARSE, respectively.
Figure 16 illustrates reconstruction results for the 8x undersampled
myocardial perfusion phantom at time points of bolus enhancement in the
left ventricle and myocardium. Error maps show pronounced edge effects
for k-t SPARSE, whereas the error distribution in k-t PCA is more homogeneous. Signal intensity-time curves for four voxels in the heart are plotted.
The RMSE was 16.1% and 14.4% for k-t PCA and k-t SPARSE, respectively.
Fermi model based MBF quantification in eight mid-ventricular slices of
the simulated stress perfusion image is shown for reference, k-t PCA and
k-t SPARSE reconstructions in six angular sectors per slice. Mean and
standard deviation of MBF were 3.48±0.13 mL/g/min in the reference image, 3.48±0.36 mL/g/min for 8x k-t PCA and 3.55±0.33 mL/g/min for 8x k-t
SPARSE.
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Figure 15. MRXCAT cine reconstruction example. Diastolic and systolic
heart phases and profile along the dashed line in (a) for all heart phases.
Reference images (a), reconstruction results and difference maps using
8x k-t PCA (b) and 8x k-t SPARSE (c). The grey values for all error maps
were scaled from 0 to 30%.
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Total computation times for MRXCAT generation were 38 and 124
minutes for the breathhold and free-breathing cine phantom, respectively.
For the perfusion phantom, calculations took 13.6 and 10.7 minutes for
breath hold and free-breathing simulations. In all cases, the vast majority
of the time was spent generating the XCAT anatomy. The large difference
between cine and perfusion computation times mainly stems from the
fact that 360 XCAT time frames were created for cine (24 heart phases, 15
segments), while only 32 time frames were needed for perfusion. By executing only the MATLAB part of MRXCAT, calculation times spanned from
54 s (breathhold cine) to 166 s (free-breathing perfusion).

5.4.

Discussion

In this work a CMR extension to the XCAT phantom has been proposed to
enable realistic simulation to aid and benchmark image reconstruction
and quantitative post-processing approaches.
The MRXCAT framework is composed of several sequential software
modules, which enable user interaction via parameters at each stage of
the simulation. The XCAT hybrid phantom, which is used to simulate anatomy and motion, delivers realistic and generalized tissue masks. Although
the XCAT object is rasterised, the drawbacks of voxel based phantoms can
be addressed by increasing the spatial resolution in XCAT. The spatial resolution is typically on the order of millimetres in human CMR. Thus, the
0.33x0.33x1 mm3 voxel size of the Visible Human segmentation (117) is
sufficient for most CMR applications. All subsequent software parts act on
that rasterised XCAT object, which simplifies implementation and data
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handling in array-based numerical software. The individual operators or
software modules allow setting parameters specific for tissue and sequence, receiver coils, measurement noise and k-space characteristics.
The independency between modules potentially enables parallel computing and division of large data portions into chunks on computers with less
available memory.

Figure 16. MRXCAT myocardial perfusion reconstruction and quantification
example. Fully sampled reference (a), 8x k-t PCA (b) and 8x k-t SPARSE (c)
reconstruction results and error maps. A mid-ventricular slice at peak leftventricular (LV) and myocardial enhancement and profile along the dashed
red line for 32 time frames are shown. (d-f) Signal intensity-time curves for
reference and reconstructed data from 4 voxels (inset). (g-i) Fermi MBF
quantification of stress perfusion simulation in 8 slices with 6 angular sectors per slice (inset). Ground truth MBF was 3.5 mL/g/min. The grey values
for all error maps were scaled from 0 to 80%.
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The use of MRXCAT phantoms for research on accelerated imaging
was exemplified using k-t PCA and k-t SPARSE. The effect of cardiac contraction in conjunction with image acceleration was showcased with the
cine phantom, where the biggest residual errors after reconstruction remain at the inner and outer border of the myocardium. Using the myocardial perfusion showcase, the effect of signal changes due to contrast agent
administration was demonstrated. In this example, residual reconstruction
errors mainly stem from temporal filtering of the signal-time curves.
Moreover, MRXCAT phantoms can be used for the development of postprocessing methods such as myocardial blood flow quantification. A key
advantage of quantification using MRXCAT is that noiseless ground truth is
always at hand and available for assessment of errors.
The XCAT phantom produces masks with well-defined, sharp tissue
boundaries. There is no partial volume effect. This issue was accounted for
by adding a low-pass filter module before noise addition. A similar problem is the missing organ texture in XCAT, which has recently been addressed (182). Organ heterogeneity, however, is currently not incorporated in MRXCAT.

Limitations
MRXCAT allows simulating cine and dynamic single-shot and segmented
data acquisition. However, MRXCAT assumes instantaneous acquisition of
the individual segments. Extending the framework to enable individual
timing of single k-space lines would require full XCAT masks for each kspace line. Since the XCAT part of MRXCAT is the computationally most
time-consuming step, this would yield unacceptably long simulation times.
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MRXCAT is based on signal equations rather than Bloch equations.
As such, it is suitable for the simulation of sampling strategies, trajectory
optimization and post-processing methods. However, a number of error
sources are excluded, such as magnetic field inhomogeneity, magnetization evolution across time frames or signal alteration due to motion during
sampling. For those applications, other simulation frameworks based on
solving Bloch equations may be more suitable.

5.5.

Conclusions

The MRXCAT framework is a versatile tool for simulation in CMR research.
Applications to cine and perfusion CMR have shown example usage of the
framework. Extensions to other CMR modalities, such as diffusion or flow
encoded MRI, are possible.
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CHAPTER 6
QUANTITATIVE 3D PERFUSION
CARDIOVASCULAR MR WITH ACCURATE 2D
ARTERIAL INPUT FUNCTION ASSESSMENT2

6.1.

Background

Qualitative assessment and quantitative evaluation of conventional firstpass perfusion cardiovascular magnetic resonance (CMR) is subject to a
trade-off pertaining to contrast agent (CA) dosage. While high CA dose
leads to satisfactory myocardial contrast enhancement, facilitating qualitative discrimination between ischemic and healthy myocardial tissue

2
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Background
(141,183), it results in pronounced non-linearity between signal intensity
and CA concentration in the blood pool (184,185). Accordingly, the signal
enhancement during peak bolus passage is reduced, resulting in underestimation of the arterial input function (AIF) and overestimation of myocardial blood flow (MBF) estimates (17). The issue can be addressed by
acquiring the AIF and the myocardial tissue signals with different time delays after saturation or inversion preparation (15,186), or by using a dualbolus approach (141,187).
MBF estimation from first-pass contrast-enhanced CMR data is
based on a linear time-invariant impulse response model (13). Knowledge
of both the AIF and the myocardial signal intensity-time curves is needed
to calculate estimates of MBF per unit muscle mass (17). Conventionally,
both the AIF and the myocardial signal intensity-time curves are extracted
from the same CMR image (17). The application of low CA dose ensures an
approximately linear relationship between signal intensity and CA concentration, hence facilitating a simple conversion from signal to concentration. Accordingly, low CA dose has been advocated for quantitative perfusion CMR. Higher CA dose, however, yields better CNR resulting in improved detectability of ischemic regions using qualitative assessment
(188). For a quantitative estimation of MBF, the AIF may be acquired separately using a low resolution image in conjunction with high-resolution
image data to obtain myocardial signals (15).
Various approaches have been proposed to avoid non-linearity in
the conversion from signal to concentration while exploiting the benefits
of high CA dose. All methods proposed so far are based on either a reduction of the dose for the AIF acquisition or modification of the time be82
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tween magnetization preparation and imaging, e.g. the saturation recovery time in case of saturation preparation. Dual-bolus approaches employ
a low dose bolus for the AIF measurement in a separate scan followed by
a higher dose to obtain the myocardial residue curves (141,187,189). Dualsequence methods use two interleaved imaging sequences to acquire the
AIF and tissue residue concurrently from the same CA bolus (15,186,190).
An alternative sequence-based approach is the use of radial trajectories
and reconstruction of separate images for blood pool and myocardial enhancement from different amounts of projections in the same dataset
(87,100,191). While the dual-bolus approach results in increased overall
scan times and the administration of multiple CA injections adds to the
complexity of the exam, examination time and CA setup are not changed
in the dual-sequence approach. Accordingly, the dual-sequence approach
is preferred and considered suited for wider clinical adoption.
In order to address the limited cardiac coverage of two-dimensional
(2D) multi-slice myocardial perfusion CMR techniques, three-dimensional
(3D) methods have been developed based on scan acceleration methodology (7,8,103,192). Recent multi-centre data have confirmed the diagnostic accuracy of 3D CMR perfusion imaging (10,193), and quantification of
the percentage of ischemic myocardium by direct volumetry has been
demonstrated (9,10,194). Since ischemic burden above 10% is increasingly
used as a marker for decision making as to the need for revascularization
(195), 3D CMR perfusion imaging is expected to play an important role as
a technique for the diagnosis of stable coronary artery disease. The added
value of deriving quantitative MBF estimates from CMR data has also been
emphasized in the context of triple vessel coronary artery disease (196)
83

Methods
and syndrome X (125), and the feasibility of whole-heart MBF estimation
from 3D CMR perfusion images has recently been reported (14).
The present study introduces a dual-sequence approach interleaving 3D high-resolution myocardial perfusion imaging and 2D lowresolution AIF acquisition for high dose first-pass perfusion imaging with
whole-heart coverage. Using in-vivo data obtained in healthy volunteers at
rest it is demonstrated that the sequence allows for improved AIF assessment and hence improved MBF estimation.

6.2.

Methods

A dynamically interleaved 2D/3D dual-sequence scheme was implemented
in a dedicated acquisition framework (197). All images were acquired on a
1.5 T Philips Achieva MR system (Philips Healthcare, Best, The Netherlands) using a 5-element cardiac receive coil array. Interleaved acquisitions consisted of electrocardiogram (ECG) triggered saturation-recovery
spoiled gradient echo sequences using spatiotemporal k-t undersampling.
Gadobutrol (Gadovist, Bayer Schering Pharma, Germany) was used as contrast agent (CA).

Phantom Measurements
Saline phantoms doped with variable amounts of CA were built. CA concentrations varied from 0 to 5 mmol/L. Using the relationship between T1
and concentration c,

1
1
=
+ c·R ,
T1 T1,0
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with CA relaxivity R = 5.2 L/mmol·s (69) and T1,0 = 1200 ms at baseline in
the absence of CA (68), peak concentration corresponded to T1 = 37 ms.

This value is in line with previous studies, where blood pool T1 values at
peak bolus between 30 and 50 ms were reported (15,190).

Phantoms were measured using saturation recovery delays of 30
and 150 ms to investigate the relationship between signal intensity and
concentration. For the 2D-AIF sequence the signal to concentration linearity must be approximately valid in the blood pool at peak enhancement,
hence a short saturation delay is required. For the 3D acquisition, the linearity must hold for the myocardial tissue only, where the expected T1 is

above 200 ms (190), thus enabling longer saturation delays.

In-vivo Experiments
Ten healthy volunteers (5 male) with an average age (± standard deviation) of 25.7±5.1 years underwent first-pass rest perfusion CMR examinations. All volunteers were scanned upon written informed consent according to local ethics regulations. Two contrast-enhanced dual-sequence imaging experiments were run using CA boluses at doses of 0.025 and
0.1 mmol/kg b.w. to compare low and high dose imaging. CA was injected
at 4 mL/s and followed by a 30 mL saline flush at the same rate using a
power injector (Medrad, Indianola, PA, USA). Twenty minutes were allowed for CA washout in-between the two bolus injections; low CA dose
imaging was always performed first. Image acquisition covered 30 heartbeats during a single breath-hold.
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Acquisition comprised ECG-triggered saturation-recovery spoiled
gradient echo sequences with individual WET saturation preparation (198)
played out in an interleaved fashion within each heartbeat, as shown in
Figure 17. 3D imaging was triggered to end systole and employed 10-fold
Cartesian k-t undersampling (8,71). Ten contiguous short-axis slices were
acquired using 75% partial Fourier sampling in frequency-encode and both
phase-encode directions. Elliptical k-space shutters were applied on the
undersampling pattern as well as on the fully sampled 11x7 central
k-space training matrix. The net undersampling factor was 7.1-8.2 depending on the field-of-view. Including partial Fourier sampling and k-space
shutters, acceleration factors were between 12.2 and 15.2 when compared to a fully sampled Cartesian scan. 3D imaging parameters were:

Figure 17. Dual-sequence diagram and corresponding ECG curve. The 3D
perfusion scan is triggered to end systole with a saturation delay of 150 ms
between saturation pulse (SAT) and k-space centre. The 2D-AIF images are
acquired in the aorta during diastole with a 30 ms saturation delay. 2D
image timing can be adapted to a diastolic time frame. Alternatively, for
stress imaging, the 2D sequence can be run immediately after the R-peak
before the 3D perfusion scan.
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repetition time (TR): 2-2.2 ms, echo time (TE): 0.78-0.95 ms, spatial resolution: 2.0x2.0x10 mm3, flip angle: 15°, acquisition window: 226-309 ms, and
saturation delay: 150 ms. Transverse 2D images were acquired in the ascending aorta. A diastolic time frame after aortic valve closure, identified
using a 3-chamber cine scan, was selected for 2D imaging to avoid inflow
effects (199). Three-fold k-t undersampling with 11 training profiles was
applied. 2D acquisition parameters were: spatial resolution: 3.5x3.5 mm2,
slice thickness: 10 mm, flip angle: 15°, acquisition window: 56-64 ms, saturation delay: 30 ms, and 75% partial Fourier sampling in kx and ky. TR and
TE were equal to the corresponding 3D image. Figure 18 illustrates typical
scan planning for the interleaved 2D/3D measurement.

Figure 18. Typical 2D and 3D perfusion scan planning. The 2D-AIF acquisition was planned in the ascending aorta in transversal orientation. The
survey scan was used as a basis and a stack of black-blood spin-echo
images was included to determine the optimal slice location in feet-head
direction. Short-axis 3D scans were planned based on a 3-chamber cine
scan. 16 slices of 5 mm thickness from apex to base were reconstructed.
Field-of-view and phase-encode directions were adjusted individually to
avoid fold-over artefacts.
87

Methods

Image Reconstruction and Signal Comparison
Image reconstruction was performed using ReconFrame (Gyrotools LLC,
Zurich, Switzerland). Subsequent post-processing was implemented in
Matlab (The MathWorks, Natick, MA, USA). Image reconstruction was performed using k-t principal component analysis (k-t PCA) (109) with a separate sensitivity reference scan for coil sensitivity map calculation. Zerofilling was employed to achieve reconstruction resolutions of 2.0x2.0 mm2
and 1.25x1.25x5 mm3 for 2D and 3D images, respectively. The ascending
aorta was segmented manually in the 2D image to obtain the corresponding arterial input function (2D-AIF). The AIF from the 3D image (3D-AIF)
was extracted from the left-ventricular blood pool in a mid-ventricular
slice. Non-linearity effects in the 3D-AIF relative to the 2D-AIF were visualized using signal intensity-time plots. To match the signal level in both AIFs
for visualization, the 3D-AIF was scaled to the 2D-AIF by a constant factor.
This scaling factor was computed as the ratio of mean signal intensities in
the last 4 time frames of the 2D-AIF and the 3D-AIF (87,100,191). Scaling
was only applied for visualization purposes, but not for the signal to concentration conversion discussed below.

Contrast-to-Noise Ratio Analysis
The left-ventricular myocardium was manually segmented in eight slices of
the 3D data for low and high dose. Voxel-wise signal intensity-time curves
were extracted to compute contrast-to-noise ratio (CNR) maps at low and
high dose. CNR was defined as (200)
St ,max − St ,base
.
CNR = SNR t ,max − SNR t ,base =

σ base
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In this equation, St,max and St,base are the signal intensities at time points of
maximum contrast enhancement and baseline. The noise level σbase is

given by the standard deviation of the signal at baseline in all myocardial
signal intensity-time curves. Example myocardial signal intensity-time
curves and CNR maps were visualized and average whole-heart CNR values at low and high dose were compared.

Signal Intensity to Concentration Conversion
Average myocardial signal intensity-time curves were calculated in six circumferential sectors in eight slices of the 3D scan for myocardial blood
flow (MBF) estimation. Signal intensity was converted to CA concentration
using the signal model (13,137)
S


1 − an−1 
n−1
S 0 ·  (1 − exp ( −R1 ·TSAT ) ) · a + (1 − exp ( −R1 ·TR ) ) ·
 (6.3)
−
a
1



with a = cos α · exp(–R1·TR). TSAT is the saturation delay, TR the repetition
time, α the flip angle, n the number of profiles between acquisition start
and k-space centre and R1 = 1/T1. S0 is a scaling factor proportional to the

equilibrium magnetization. In a first step, S0 was estimated using the baseline signal and literature T1 values for the left-ventricular blood pool

(1200 ms) and myocardial tissue (870 ms), respectively (68). Using S0,
which remains constant during the experiment, T1 was calculated for each

time frame of the dynamic contrast-enhanced image. Finally, T1 values

were inserted into equation (6.1) and the concentration c(t) was calculated for each time frame t.
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Myocardial Blood Flow Quantification
The relationship between the concentration AIF cAIF(t) and the myocardial

concentration-time curves cMYO(t) can be expressed by a convolution
(133),

where

cMYO
=
(t ) RF (t ) c c AIF (t ) ,

(6.4)

RF (t ) = F ·R (t )

(6.5)

is the flow-weighted impulse response, F the estimate of MBF and R(t) a
monotonically decaying function with R(t = 0) = 1. MBF quantification was
performed using Fermi model deconvolution (13), i.e. the impulse response in equation (6.4) was approximated by a Fermi function,

RF (t ) = F ·

1+ β
,
1 + β ·e α t

(6.6)

with fitting parameters α, β, F. The quantification procedure comprised
multiple steps. First, cAIF(t) was replaced by a gamma-variate function

(132) to extract the first-pass AIF only (146). Second, the temporal shift in
bolus arrival time between the AIF and the myocardium was determined.
The AIF was time-shifted by 0 to 6 s in steps of 0.5 s followed by Fermi de-

convolution fitting. The temporal shift with smallest corresponding fitting
error was then selected as the bolus arrival time shift, as suggested in
(201). The median of all regional time shifts in a dataset was used as a
global time shift (201). MBF quantification was performed for the low and
high dose perfusion data using cAIF(t) from the 2D-AIF and the 3D-AIF, respectively.
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Figure 19. Measured phantom signal intensity vs. contrast agent concentration. Signal intensity vs. phantom CA concentration was measured for
2D and 3D saturation (SAT) delays used in-vivo. Corresponding T1 values
calculated using equation (6.1) and baseline T1 = 1200 ms are shown
alongside. Approximate peak concentrations at low and high dose are indicated by arrows. For low enough CA concentration, the linearity to the
signal intensity is approximately valid (dashed red line). Non-linearity
starts at concentrations of 1 and 2 mmol/L for saturation delays of 150
and 30 ms, respectively.
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Figure 20. In-vivo 2D and 3D image examples at low and high dose.
(a,b) Cardiac region of interest from five ventricular slices (apex to base) of
the 3D images at peak contrast enhancement in the right ventricle, left
ventricle and myocardium for low and high dose. (c,d) Low and high dose
2D images at the same time points. Grayscale values in low and high dose
images are individually scaled to the peak values in the left ventricle (a,b)
and ascending aorta (c,d), respectively. (e) Enlarged myocardial region of
interest for 3 slices at peak myocardial enhancement, as indicated by the
dashed boxes in (a,b). (f) Close-up of ascending and descending aorta at
peak blood pool enhancement in the 2D-AIF images (dashed boxes in
(c,d)).
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Statistical Analysis
Statistical significance between low and high dose CNR results and estimated MBF using 2D- and 3D-AIFs was assessed on a per-subject basis
(N=10). The two-tailed paired Student’s t-test with p<0.05 significance
level was used for all evaluations. Bonferroni correction was applied for
the statistical analysis of MBF estimates, where multiple t-tests of the
same groups were performed.

6.3.

Results

The signal intensity for different concentrations of contrast agent in phantoms is plotted in Figure 19. The saturation delays correspond to those
used in-vivo for 2D (30 ms) and 3D imaging (150 ms). At low concentrations, signal intensity increases linearly with concentration. At higher concentrations linearity no longer holds, which is seen above 1 and 2 mmol/L
contrast agent concentration for saturation delays of 150 and 30 ms, respectively.
Example images of the 2D-AIF and 3D acquisitions are presented in
Figure 20 for peak contrast enhancement in the right ventricle, left ventricle and myocardium. Signal intensities in the 2D and 3D images are increased at high dose when compared to low dose data, as shown in Figure
20(e,f).
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Figure 21. Comparison of in-vivo 2D-AIF and 3D-AIF at low and high dose.
2D-AIF vs. scaled 3D-AIF at (a) low and (b) high dose. The 3D-AIF was
scaled by the average signal intensity ratio in the last four time points.
Arrows highlight signal distortion of the 3D-AIF due to non-linearity
between signal intensity and concentration.
Figure 21 displays a comparison of in-vivo AIFs from one volunteer
at low and high dose. Due to non-linearity between signal and concentration, the 3D-AIF shows a reduced signal enhancement during peak contrast bolus.
Average myocardial signal intensity-time curves from three different slices and voxel-wise contrast-to-noise ratio (CNR) maps from eight
slices are shown in Figure 22. In this volunteer, mean CNR at high dose
was 5.23±0.97, while mean CNR at low dose was 2.02±0.88.
Mean CNR per volunteer and the overall CNR ratio are summarized
in Figure 23. Average CNR and standard deviation across volunteers was
5.34±0.87 at high dose and 2.16±0.47 at low dose. The average CNR was
significantly higher at high dose compared to low dose (p<0.001) with a
mean CNR ratio of 2.55±0.54.
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Figure 22. Myocardial signal intensity-time curves and CNR maps.
(a,b) Example myocardial signal intensity vs. time curves at (a) low and (b)
high dose. The curves show the mean signal from three different slices.
(c,d) Voxel-wise myocardial contrast-to-noise ratio (CNR) maps for eight
segmented slices between apex and base. CNR maps were oriented as indicated (inset). Slice numbers in (a,b) correspond to those in (c,d). High
dose data shows more pronounced contrast enhancement and higher CNR
values than low dose data. Mean CNR and standard deviations were
2.02±0.88 and 5.23±0.97 for low and high dose, respectively.
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Figure 23. Average CNR per volunteer and CNR ratio. Mean myocardial
CNR values at low and high dose for all volunteers. Data points corresponding to the same volunteer are connected. Mean CNR ratio and
standard deviation across the study population are plotted on the same
scale as CNR values. Statistical significance is indicated (*** = p<0.001).
Example myocardial blood flow (MBF) estimation results are displayed in Figure 24. The four subplots were generated by quantifying low
and high dose data using both the 2D-AIF and the 3D-AIF. Bull’s eye plots
indicate MBF estimates in eight slices on concentric circles from the most
apical slice in the centre to the base outside. The myocardium was divided
into six angular sectors yielding anterior, anterolateral, posterolateral,
posterior, posteroseptal, and anteroseptal segments. Mean MBF estimates and standard deviations in this volunteer at low dose were
1.17±0.33 and 1.07±0.31 mL/g/min when quantified using the 2D-AIF and
the 3D-AIF, respectively. Corresponding high dose values were 1.17±0.12
and 2.65±0.31 mL/g/min. Variation of MBF estimates at low dose was 29%
of the mean MBF estimate using both AIFs, while standard deviations at
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high dose were 12% (3D-AIF) and 10% (2D-AIF) for this volunteer. MBF estimates were more homogeneous across angular sectors and slices at high
dose than at low dose.

Figure 24. Example in-vivo myocardial blood flow (MBF) estimation results.
Bull’s eye plots from low dose (a,b) and high dose (c,d) rest myocardial
perfusion imaging in one volunteer. Eight slices were quantified using
average myocardial curves in six angular sectors (inset). Quantification
was performed using the 3D-AIF (a,c) and the 2D-AIF (b,d) as input functions. Numbers underneath indicate mean ± standard deviation of MBF
estimates. Homogeneous MBF distribution across slices and angular
segments is observed at high dose using the 2D-AIF.
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Figure 25. Myocardial blood flow quantification summary over all volunteers. (a) Mean and standard deviation of MBF estimates across the study
population using the 2D-AIF and 3D-AIF for quantification at low and high
dose. (b) Relative intra-volunteer mean and standard deviation of variation of MBF estimates for all four quantification datasets. Variation of MBF
estimates was determined as the standard deviation of the 48 regional
MBF estimates (8 slices, 6 sectors) within a volunteer, normalized by the
mean MBF. Statistical significance is reported (n.s. = not significant;
* = p<0.05).
Figure 25 shows mean estimates of MBF and standard deviations
across the study population and average intra-volunteer MBF variation using 3D-AIF and 2D-AIF at low and high dose. Mean low dose MBF estimates quantified using the 3D-AIF and 2D-AIF were 0.92±0.29 and
0.95±0.23 mL/g/min, respectively. Values at high dose were 1.57±0.51
mL/g/min (3D-AIF) and 0.98±0.24 mL/g/min (2D-AIF). Per-subject mean
MBF estimates were significantly different between quantification using
2D-AIF and 3D-AIF at high dose, while there was no significant difference
at low dose. When comparing low and high dose on a per-subject basis, no
significant difference was found employing 2D-AIF-derived mean MBF estimates. On the other hand, there was a significant difference between
low and high dose quantification using the 3D-AIF. Mean relative intravolunteer variation of MBF estimates is presented in Figure 25(b). Relative
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variation for each volunteer was calculated as the standard deviation of
the 48 regional MBF estimates normalized by the mean MBF value and
expressed in percent. Mean variation in MBF estimates was 33.7±10.4%
for the 3D-AIF and 31.3±9.1% for the 2D-AIF at low dose. Using the high
dose data, intra-volunteer MBF variation reduced to 24.6±8.7% using the
3D-AIF and 20.3±6.1% with the 2D-AIF. Variation of MBF estimates was
significantly different between low and high dose for the 2D-AIF, but not
for the 3D-AIF. Moreover, the difference in MBF variation between 2Dand 3D-AIF for both doses was not significant.

6.4.

Discussion

In this study a dual-sequence approach for high-resolution quantitative 3D
first-pass myocardial perfusion CMR has been presented. By using interleaved 2D and 3D acquisitions in each heartbeat, sequence timing for
blood pool and tissue enhancement were separately adjustable. By comparing image sets acquired during high and low contrast agent dose administration, it was shown that high dose imaging yields increased CNR.
Furthermore, if saturation delays are properly optimized, the proposed
acquisition scheme allows for accurate measurement of the AIF. Nonlinearity of the AIF around its peak is avoided if the saturation delay is sufficiently short such that the signal intensity remains proportional to contrast agent concentration.
The image acquisition framework employed for scan interleaving allowed for independent planning of the individual scans. A stack of shortaxis slices covering the entire left ventricle was used for 3D imaging
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(10,194). The 2D-AIF scan was planned as a transverse slice outside the 3D
volume through the ascending aorta (202). This approach prevented additional saturation in the 3D imaging region and thus facilitated signal intensity to concentration conversion. By using equal flip angles, repetition and
echo times for the 2D and 3D imaging modules, signal intensity differences
mainly depended on different saturation delays. A similar approach using
mid-ventricular 2D slice location (203) was rejected because of partial saturation of the 3D signal by the 2D sequence, yielding more complicated
signal to concentration conversion. Furthermore, 2D imaging is more reliable than a pencil-beam probe acquisition (204), which is prone to interscan motion leading to partial volume effects.
A high contrast agent dose of 0.1 mmol/kg b.w. was compared to a
low dose of a quarter of this amount. While the high dose 3D-AIF exhibited strong non-linearity effects, the quarter dose was just below the
threshold of 0.03 mmol/kg suggested for MBF quantification with only minor non-linearity effects (17). The small difference between 2D-AIF and
3D-AIF at low dose supports previous findings. Nevertheless, high dose 3D
images had significantly higher CNR values than low dose images, with a
2.6-fold gain in CNR on average. Imaging experiments were performed on
a 1.5 T MR system. However, the proposed protocol is readily applicable
at 3 T, which is expected to further enhance CNR (205,206).
Conversion of signal intensity to contrast agent concentration was
performed using the signal model. In contrast to scaling of multiple AIFs to
each other by a constant (15), signal model based conversion implicitly
corrects for sequence parameter differences and the different dimensionality of the images by means of the scaling factor S0 in equation (6.3).
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Therefore, no normalization of the 2D to the 3D image is required. The
signal model employed did not account for the efficiency of the WET saturation pulse train and thus perfect saturation was assumed. However, inefficient saturation might lead to additional errors in quantified MBF estimates, especially if saturation efficiency exceeds 1 (207). MBF quantification was performed using Fermi model deconvolution, since it is a widespread and well-accepted model for first-pass perfusion analysis (143).
Furthermore, comparisons with other quantification methods revealed
that Fermi deconvolution is more robust to noise (208,209) and not inferior to other methods (210).
Estimates of MBF were computed using the 2D-AIF and the 3D-AIF
as blood pool inputs, respectively. The small myocardial CNR at low dose
caused large intra-volunteer variation of mean MBF estimates using both
AIFs. At high dose, quantification using the 3D-AIF data yielded lower intra-volunteer, but even larger inter-volunteer variation of perfusion estimates. In this case, non-linearity effects compromised signal intensity to
concentration conversion of the AIF, which resulted in global MBF estimation offsets. On the other hand, the superior myocardial CNR reduced variations between myocardial regions. Quantification using the 2D-AIF at
high dose yielded smallest intra-subject variations of MBF estimates.
In order to compare low and high dose imaging, equal sequence parameters were chosen for both low and high contrast agent dose in this
study. In a clinical setting, however, the dose is usually fixed and the sequence parameters are optimized accordingly. Given the low noise level in
the 2D-AIF at high dose in all volunteers, the optimal saturation delay for
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2D imaging at a contrast agent dose of 0.1 mmol/kg b.w. is below the 30
ms chosen for this study. In principle, the saturation delay can be arbitrarily short as long as the blood pool CNR is high enough. If the 2D sequence
is run with a very short saturation delay, it can be acquired right after the
R-peak before onset of systolic flow in the aorta. This was not possible in
this study, since the saturation delay of 30 ms shifts the 2D acquisition in
time and introduces a risk of contamination of the signal by the large inflow effects in systole (199).
Short examination times and applicability during pharmacological
stress are key criteria for clinical feasibility of a myocardial perfusion CMR
protocol. In contrast to dual-bolus imaging, dual-sequence methods enable acquisition of multiple images after a single bolus of contrast agent.
This makes the proposed acquisition scheme compatible with established
clinical protocols in terms of examination time. The temporal resolution
was one 2D/3D image pair per heartbeat. Since heart rates can significantly increase during stress, acquisition during systole and early diastole is
advisable. 3D imaging was triggered to end systole, where the myocardium was contracted and relatively quiescent. In addition to the thicker myocardial wall compared to diastolic imaging, measurement in systole is also favourable in terms of image quality and artefacts (14). 2D images were
acquired in diastole after aortic valve closure to suppress inflow effects
(199). On average over all volunteers, 2D/3D acquisition ended 700 ms after the R-peak enabling heart rates of up to 86 min-1. At the higher heart
rates as expected during stress, and with the shortened 2D saturation delay recommended at high dose, 2D acquisition can be performed directly
after the R-peak. At the same time the 3D acquisition window needs to be
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reduced to avoid motion induced image artefacts by shortening TR. While
relatively long TRs of 2-2.2 ms were chosen in the present study, optimization of sequences timing allows TRs of 1.8-1.9 ms, hence enabling acquisition windows of 215-270 ms for 2x2x10 mm3 resolution depending on the
field-of-view. For clinical stress imaging, it may be necessary to trade some
spatial resolution to reduce the acquisition window further, as demonstrated previously for 2.3x2.3x10 mm3 voxel size (8,193). With sequence
modifications as described above, and assuming an end-systolic trigger delay of 300 ms as well as 2/3 of the profiles acquired after that trigger delay, acquisition ends earlier than 500 ms after the R-peak. Accordingly and
with the proposed modifications, the sequence is compatible with heart
rates of at least 120 min-1. Furthermore, the saturation delay for 3D imaging is also freely adjustable, which again relaxes timing constraints.

6.5.

Conclusions

Interleaving 2D imaging for arterial input function assessment enables improved 3D myocardial perfusion imaging at high contrast agent dose.
Short magnetization preparation times in 2D-AIF imaging allow for accurate input function sampling with only minor signal to concentration nonlinearity. 3D CMR timing can be optimized to deliver high contrast-tonoise ratio regardless of non-linearity in the blood pool, yielding increased
myocardial contrast and more robust myocardial blood flow estimates.
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CHAPTER 7
ANALYSIS OF SPATIOTEMPORAL
FIDELITY IN QUANTITATIVE 3D FIRST-PASS
PERFUSION CARDIOVASCULAR MR3

7.1.

Background

Diagnosis of ischemia in patients with known or suspected coronary artery
disease (CAD) is increasingly being performed using cardiovascular magnetic resonance (CMR) first-pass perfusion imaging. Perfusion CMR outperforms other imaging techniques such as positron emission tomography
(PET) and single photon emission computed tomography (SPECT) in terms

3
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of spatial resolution and operates without ionizing radiation. Compared to
coronary angiography and the assessment of fractional flow reserve, perfusion CMR is non-invasive and has been proven suitable for patients with
intermediate probability of significant CAD (29). Numerous authors have
compared the diagnostic performance of perfusion CMR to SPECT
(188,211–214) and PET (129,215–217), and found that CMR performs at
least comparably to these methods (218). Studies comparing perfusion
CMR to stress echocardiography and perfusion computed tomography report similar results (219–221).
Detection of small ischemic regions such as subendocardial perfusion defects is enabled by the high spatial resolution offered by CMR
(130). In addition to sufficient spatial resolution, whole-heart coverage is
desired to accurately assess the size and extent of perfusion deficits (7).
These demands have triggered the development of three-dimensional
(3D) scanning techniques employing advanced undersampling strategies
for efficient data acquisition (8,103,192). The importance of whole-heart
imaging has further been stressed by authors evaluating the volumetric
ischemic burden as a marker of significant CAD (9,193,194). Optimization
of scanning efficiency has also been made in the temporal domain. Multiple authors have proposed perfusion CMR throughout the cardiac cycle to
assess differences in perfusion between heart phases and to combine cine
and perfusion imaging into a single scan (84,85,222). Alternatively, interleaved acquisition at different heart phases may be used to separately
capture blood pool and myocardial enhancement for improved perfusion
quantification (15,223) or frame-by-frame T1 mapping (190).
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Absolute quantification of perfusion CMR has gained significant attention in the past decade since clinical advantages have been pointed out
(125,196). Several technical aspects of myocardial blood flow (MBF) estimation from reconstructed images have been investigated mostly using
single or multi-slice 2D imaging. Special focus has been put on the development of mathematical models for MBF estimation (13,147,150,151) and
comparison between them (146,208). Zarinabad et al. have compared
voxel-wise vs. spatially averaged (sector-wise) estimation of MBF (208)
and highlighted the importance of accurate bolus arrival time estimation
(201). Most recently, the feasibility of 3D CMR perfusion quantification
has been demonstrated (222,223).
Perceived image quality and deviation from a fully sampled reference image have traditionally been used as direct measures to validate
spatiotemporal scan acceleration methodology (107,108,181). A more
general approach is the use of the modulation transfer function (MTF)
concept to characterize the ability of a MR system to correctly capture
spatial and temporal frequencies (224). A perturbation of the system
combined with linear regression is used yielding the MTF derived from the
slope, and an artefact map based on the ratio of slope and intercept of the
linear fit. This method is well suited for linear reconstruction methods, but
application to non-linear reconstruction techniques such as compressed
sensing is also feasible if linearization about a suitable expansion point is
used. Consequently, the MTF approach can be employed to compare spatiotemporal performance of linear and non-linear reconstruction algorithms, such as k-t PCA and k-t SPARSE-SENSE (109,112).
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The present study introduces a linearized MTF approach to evaluate
k-t PCA and k-t SPARSE-SENSE in the context of highly accelerated, fully
quantitative 3D myocardial perfusion imaging. MTF maps derived from
numerical phantoms and in-vivo data are used to investigate changes of
spatiotemporal fidelity introduced by undersampling. Furthermore, errors
in signal intensity-time curves are analysed and their influence on MBF estimation is highlighted. MRXCAT simulation of a sub-endocardial lesion reveals the ability of the proposed methodology to identify small ischemic
territories. Finally, simulation results are validated in-vivo comparing 3D
k-t PCA, 3D k-t SPARSE-SENSE and fully sampled 2D imaging.

7.2.

Theory

k-t PCA and k-t SPARSE-SENSE
k-t PCA and k-t SPARSE-SENSE are reconstruction methods based on differing principles both suited for highly accelerated MRI.
In k-t PCA, data is acquired on a Cartesian grid, which is shifted in kspace for each time frame as in k-t SENSE (108). The centre of k-space is
fully sampled in all time frames, providing an image series with low spatial
and high temporal resolution termed as training data. Before further processing, the data matrix D originally acquired in k-t space is Fourier transformed to the x-f domain,

P = Fk −t → x − f D .

(7.1)

Fk-t→x-f denotes the Fourier transform from k-t to x-f space. The training

data are used to determine the temporal principal components (PCs) of
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the dataset by transforming data from x-f space to x-pc space using principal component analysis (PCA),

P = WB ,

(7.2)

where P and W are matrices representing the data in x-f and x-pc space,
respectively, and matrix B contains the PCs. By assuming spatial invariance
of the PCs, the same PCs can be used to unfold the aliased data. The reconstruction problem can then be solved via (109)

=
w x M2EH (EM2EH + λΨ )† palias, x ,

(7.3)

where wx and px are the rows of W and P at position x. wx contains the
weights of the aliased voxels in palias,x , M2 is the signal covariance, Ψ indi-

cates the noise variance, and E is the encoding matrix. The dagger represents the Moore-Penrose pseudoinverse, and superscript H the conjugate
transpose. The reconstructed image ix–f in x-f space is obtained using

i x − f = B x †w x

(7.4)

followed by Fourier transformation to the x-t domain.
In contrast to k-t PCA, data in k-t SPARSE-SENSE is pseudo-randomly
undersampled with a higher sampling density near the k-space centre decreasing towards the edge (111). The reconstruction problem reads
arg min d − Ei
i

2
2

+ λ Φi

1

,

(7.5)

with the encoding matrix E as above, the data d expressed as a vectorised
form of D, and i the image to be reconstructed. Φ represents a sparsifying transform and λ is the regularization parameter. In k-t SPARSE-SENSE,
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the reconstruction equation is minimized using a POCS-like algorithm alternating between data consistency and soft-thresholding (225,226) leaving the acquired data unchanged, or non-linear conjugate gradient optimization (111). Common choices for Φ include the temporal Fourier transform (FT), temporal PCA or a mixture of both starting with the temporal FT
for the first iterations, followed by PCA for the remaining iterations (227).

Spatiotemporal Modulation Transfer Functions
Traditionally, modulation transfer functions (MTF) are used to describe an
imaging system’s ability to portray an object. Chao et al. (224) have
adopted the concept for the evaluation of accelerated MRI. The relationship between the object ρ and its image i can be formulated as
=i Hρ + n ,

(7.6)

with the modulation transfer function H and noise n. Explicit calculation
of H for large imaging problems, such as dynamic 3D imaging, can be infeasible or computationally too expensive. To address this issue, a perturbation approach

i=
HB (ρ + ξ ) + h A = HBρξ + h A ,
ξ

(7.7)

can be used. A small perturbation ξ is added repeatedly to the object ρ. ρξ
and iξ are the perturbed object and image, respectively. HB and hA are
analogous to the MTF and noise in equation (7.6). Multiple realizations of
equation (7.7) with different perturbations can be solved for hA and HB using linear regression, which results in slope HB and intercept hA. This MTF
formalism can be applied to study the effects of scan acceleration. To this
end, the image iR=1 reconstructed from fully sampled data is used as the
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true object and the reconstructed image iR>1 from undersampled data is
its imaged version. The adapted version of equation (7.7) reads
.
=
iR >1 HB iR =
1 + hA

(7.8)

Instead of the 2D MTF (224), a 3D MTF HB(ky,kz,f) portraying two

spatial and the temporal frequency directions is necessary for Cartesian
dynamic 3D imaging. The frequency encoding direction kx can be omitted,
or used for averaging, since no undersampling is applied and thus the MTF
is constant along this direction. The MTF can be computed as (224)

MTF(k y , k z , f ) =

∑

x

2

HB ( x , k y , k z , f )
Nx

,

(7.9)

where Nx is the number of readout profiles. Similarly, the signal-toartefact map (S2A) can be derived relating the MTF to the intercept of the
linear regression and to the object itself:

S2A
=
(k y , k z , f ) MTF(k y , k z , f ) ⋅

∑ ρ( x , k , k , f )
∑ h (x ,k ,k , f )
x

x

y

A

y

z

z

2

2

.

(7.10)

While the formalism is directly valid for the linear k-t PCA in equation
(7.3), for k-t SPARSE-SENSE (equation (7.5)) an approximately linear relationship between fully sampled and accelerated imaging is assumed based
on linearization about a suitable expansion point. This expansion point
corresponds to the magnitude of the unperturbed object at each position
in ky-kz-f space.
In the original interpretation of the MTF formalism a true object and
its imaged version are compared. The natural upper bound for the MTF
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is 1, indicating that a certain voxel in k-f space perfectly reproduces the
corresponding object part. Lower values of the MTF indicate image degradation by the imaging system. Note that this strict physical constraint not
necessarily applies to scan acceleration. Especially at the k-f-space edges,
where the signal-to-noise ratio (SNR) is low, the effect of undersampling
and subsequent reconstruction might also increase k-f space magnitudes,
resulting in MTF values above 1. Therefore, only the central k-f-space
parts of the MTF should be evaluated.

Myocardial Blood Flow Quantification
There are a number of methods estimating myocardial blood flow (MBF)
from first-pass perfusion CMR. The most direct approach is to derive MBF
estimates from the relationship between contrast agent concentrations at
the inlet cAIF(t), referred to as arterial input function (AIF), and in the myocardial tissue cMYO(t), using (228)

(t ) RF (t ) c c AIF (t ) .
cMYO
=

(7.11)

The flow-weighted impulse response function RF = F·R(t) comprises the

MBF estimate F and a normalized, decaying function R, with RF(t = 0) = F.

The impulse response function can either be explicitly computed by mod-

el-free deconvolution, or approximated using a suitable mathematical representation. The most common choice for RF is approximation using the 3parameter Fermi model (13,223),

RF (t ) = F ·
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(7.12)
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In this equation, F is the MBF estimate, and α, β are further fitting parameters. Note that the units of measurement for cAIF(t) and cMYO(t) are
mmol/mL, while the amount of contrast agent in the myocardium meas-

ured by indicator dilution theory is in units of mmol/g of tissue. This
discrepancy is implicitly corrected by scaling F by the myocardial tissue
density of 1.05 g/mL (17).

7.3.

Methods

In-Vivo Measurements
In-vivo MRI experiments were performed in 10 healthy volunteers (4
males) on a Philips Achieva 1.5T scanner (Philips Healthcare, Best, The
Netherlands) using a 5-channel cardiac coil array. Volunteers had an average age of 26.2 ± 4.7 years and underwent MRI upon written informed
consent in accordance with ethics regulations approved by the local ethics
committee. Dynamic contrast-enhanced MRI was conducted twice per
volunteer and at least 20 minutes apart. Gadobutrol (Gadovist, Bayer
Schering Pharma, Germany) at 0.075 mmol/kg b.w. dose was injected as
contrast agent, followed by a 30 mL saline flush at 4 mL/s. Volunteers
were measured during instructed breath-holding.
A saturation-recovery dual-sequence spoiled gradient echo sequence with ECG-triggering was used to acquire one image pair per heartbeat. The interleaved acquisitions (197) consisted of a 2D aortic scan for
arterial input function (AIF) assessment and an end-systolic left-ventricular
scan to capture myocardial enhancement, as proposed earlier (223). Myocardial enhancement was assessed using 3D imaging accelerated by
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k-t PCA (N=7 measurements), k-t SPARSE-SENSE (N=7), and fully sampled
single-slice 2D imaging (N=6) for comparison. To limit the amount of contrast agent administered and the examination time per volunteer, only
two injections per volunteer were carried out. This resulted in three
groups of volunteers, allowing comparison of k-t PCA or k-t SPARSE-SENSE
with fully sampled 2D imaging (N=3 for both), and direct inter-comparison
between the accelerated sequences (N=4).
All myocardial enhancement scans were run with WET saturation
preparation (198) using a saturation to acquisition time (TSAT) of 150 ms.

Accelerated 3D imaging parameters were: nominal scan acceleration: 10x,
net acceleration factor without partial Fourier: 7.4-7.8, 11x7 training profiles in ky and kz, spatial resolution: 2.3x2.3x10 mm3, 10 contiguous slices,
typical field-of-view: 320x320x80 mm3, flip angle: 15°, acquisition window:
189-216 ms, TR: 1.89-1.93 ms, TE: 0.74-0.78 ms. 62.5% and 75% partial
Fourier sampling was applied in frequency and in both phase encoding directions, respectively. An elliptical k-space shutter was used on both the
undersampled grid and the training portion. Equal undersampling rates
were used in k-t PCA and k-t SPARSE-SENSE. Examples of sampling patterns as applied in-vivo for both k-t methods are illustrated in Figure 26.
Fully sampled 2D myocardial enhancement scans were run with the following parameters: spatial resolution: 2.3x2.3 mm2 in-plane, slice thickness: 10 mm, flip angle: 15°, acquisition window: 188-225 ms. TR, TE and
partial Fourier factors were the same as for 3D imaging, resulting in comparable acquisition windows.
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Figure 26. 3D k-space sampling patterns in ky-kz for k-t PCA (a) and k-t
SPARSE-SENSE (b). The regular undersampling pattern in k-t PCA is shifted
along the temporal dimension using a fixed pattern. In k-t SPARSE-SENSE
the sampling is random with high sampling probability density in the
k-space centre decreasing towards the edge. The randomness ensures
temporal variability of the sampling pattern. 75% partial Fourier sampling
was employed along ky and kz in both cases.
2D AIF imaging was planned orthogonally to the ascending aorta in
transverse view, with a separate WET saturation preparation pulse. An ultrashort TSAT of 3.7 ms was enabled using a central-out profile order, i.e.

acquisition started at the k-space centre, continued outwards and concluded at the most distant point from the centre. Further 2D scan parameters were: 3x k-t PCA acceleration, 11 training profiles, spatial resolution:
3.5x3.5 mm2, slice thickness: 10 mm, field-of-view: 260x300 mm2, flip angle: 15°, acquisition window: 40-48 ms, TR: 1.67 ms, TE: 0.58 ms.
In addition to contrast-enhanced imaging, baseline T1 values were

measured in all volunteers using modified Look-Locker inversion recovery
(MOLLI) imaging (138). MOLLI acquisitions were done before the first and
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second contrast administration. Population average pre-contrast myocardial and left-ventricular T1 values for the first and second injection were

determined from these MOLLI T1 maps. These average T1 values were
subsequently used for signal intensity to contrast agent concentration
conversion, as outlined below.

Image Reconstruction
k-t PCA and k-t SPARSE-SENSE reconstructions were implemented in ReconFrame (Gyrotools LLC, Zurich, Switzerland) and Matlab R2014a
(MathWorks, Natick MA, USA). Sensitivity maps were derived from a separately acquired reference scan. The k-t SPARSE-SENSE implementation
comprised soft thresholding and a combination of temporal FT (10 iterations) and PCA (iteration 11 onwards) as sparsifying transforms (227). Reconstruction voxel sizes of 2x2 mm2 and 1.25x1.25x5 mm3 were achieved
using zero-filling of the 2D AIF image and the accelerated 3D scan, respectively. All reconstructed in-vivo images were manually segmented to yield
regional signal intensity-time curves.

Modulation Transfer Function Analysis
Numerical simulations were performed to compare images reconstructed
from undersampled data with fully sampled references using MTFs. A fully
sampled 3D numerical phantom was created using the MRXCAT simulation
framework (229). Phantom parameters were: spatial resolution: 2.3x2.3
mm2, slice thickness: 5 mm, 10 slices, TR/TE: 2.0/1.0 ms, flip angle: 15°,
contrast agent dose: 0.075 mmol/kg b.w., 5 receive coils, myocardial
blood flow (MBF): 1 mL/g/min. 64 noise realizations with equal noise statistics were performed, each comprising 11 different perturbations for
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4 different acceleration factors (cf. below). In each realization, 11 identical
datasets were generated, which were individually perturbed by multiplication with factors 0.95-1.05 in steps of 0.01, and subsequent degradation
by noise (SNR=20). Scaling was done to ensure that a certain signal intensity range was covered for linear regression analysis. Compared to completely random perturbations without scaling, this approach ensured a
spread of signal values at every k-space position. This resulted in a drastically reduced number of iterations required to probe linearity at all spatiotemporal frequency positions.
Fully sampled and undersampled numerical phantoms were reconstructed using k-t PCA and k-t SPARSE-SENSE. Undersampling factors were
2, 5 and 10 excluding training data, corresponding to net factors of 1.9,
4.4, and 7.6 when including the central 11x7 training ellipse. Because of a
steep decline of k-space magnitudes away from the centre, noise becomes
dominant towards the edges of k-space. To mitigate this effect, 64 realizations of each set of simulations were done and the average reconstructed
images were used for MTF analysis. The reconstructed images from undersampled data were compared to the fully sampled reference in k-f
space using linear regression as detailed in equation (7.8). MTFs and corresponding artefact measures were computed (cf. equations (7.9), (7.10)).
To account for the drastic decrease of data magnitudes towards k-space
edges, MTFs were masked using thresholding on corresponding signal-toartefact maps (S2A). The S2A threshold was empirically set to 3 for 3D
MTF maps; a value which best separates parts of the MTF with low and
high artefact proportion. The different steps employed for MTF analysis
are illustrated in Figure 27.
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Timing constraints prohibit acquisition of a fully sampled 3D dataset
during the first-pass of the contrast agent in-vivo. Hence, reference single
slice 2D data were used for in-vivo MTF analysis. MTF calculations were
performed using the same undersampling factors and procedure as for the

Figure 27. Workflow for the simulation of modulation transfer functions
(MTFs). Image reconstruction is repeated for R undersampling factors,
n times, and for p different perturbations. The reconstruction results are
averaged over the realizations, and Fourier transformed along the
frequency encode direction, since no undersampling is applied in this direction. Linear regression yields the maps hA and HB for calculation of the
MTF and the signal-to-artefact maps. Finally, signal-to-artefact maps are
used to mask the MTF results.
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MRXCAT phantom. In contrast to the MRXCAT case, training consisted of
11 profiles in ky only, resulting in different net acceleration factors (1.9,
3.8, and 5.9), and the S2A threshold was set to 2.5.

Image-Time Domain Analysis
In addition to MTF analysis in k-f space, signal intensity vs. time curves extracted from MRXCAT images were investigated. Direct comparison of accelerated scanning simulations with fully sampled reference data allows
for estimation of data fidelity upon undersampling during contrast enhancement. Furthermore, specific features of the signal intensity-time
curve such as the pre-contrast baseline, peak enhancement and upslope
can be compared. Errors in these features will directly propagate into the
estimated myocardial blood flow upon signal-to-concentration conversion
or deconvolution fitting.

Myocardial Blood Flow Quantification
Estimation of myocardial blood flow (MBF) was performed in two steps.
First the image signal intensity vs. time curves from the blood pool and
myocardium were converted to concentration vs. time curves using the
signal model of the form (13)
S


1 − an−1 
n−1
S 0 ·  (1 − exp ( −R1 ·TSAT ) )· a + (1 − exp ( −R1 ·TR ) )·
 . (7.13)
1−a 


S represents the signal intensity, TSAT the saturation delay, TR the repeti-

tion time and n the number of profiles acquired between the acquisition
start and the central k-space portion. R1 = 1 / T1 is the dynamic relaxivity

and the term a = cos α ·exp( −R1TR ) additionally contains the flip angle α.
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The baseline time frames were used to determine the scaling factor S0 us-

ing pre-contrast T1 values. These values were either known for the
MRXCAT simulations, or measured using MOLLI imaging for in-vivo data.
Since S0 can be assumed unaffected by the Gadolinium administration, the

dynamic T1 can be calculated with this S0 for each time frame. The relaxiv-

ity R1 is given by

R=
1

1
1
=
+ c·r ,
T1 T1,0

(7.14)

where T1,0 is the baseline T1 in the absence of contrast agent, and r the
material-specific relaxivity of the contrast agent. Resolving equation (7.14)
yields the concentration c of the contrast agent.
Baseline ranges for signal-to-concentration conversion were set to
time frames 1-5 for the AIF and 1-10 for the myocardial curves in all
MRXCAT simulations. Since baseline length, timing of acquisition and contrast agent injection vary in-vivo, baseline range selection was done manually in each volunteer dataset. In-vivo population average pre-contrast
T1,0 values derived from MOLLI imaging were: 1590 ms for the left ventricle and 1020 ms for the myocardium at the first contrast agent injection.
T1,0 before the second injection were 640 ms and 680 ms, respectively.

In a second step, the concentration vs. time curves cAIF and cMYO

from the blood pool and the myocardium, respectively, were related to
estimate the MBF using Fermi model deconvolution as detailed in equations (7.11) and (7.12), and reference (223).

120

SPATIOTEMPORAL FIDELITY IN QUANTITATIVE 3D FIRST-PASS PERFUSION CMR

Sub-endocardial Ischemic Lesion Simulation
The ability of the proposed 3D methods to reveal small ischemic defects
was probed by MRXCAT simulation of sub-endocardial ischemia. Ischemia
was introduced in a single slice of the MRXCAT phantom with a healthy
rest MBF of 1 mL/g/min. The ischemic region in a mid-ventricular slice
covered a circumferential lateral sector spanning 60°, and a transmural
sub-endocardial layer of 1-2 voxels. In this ischemic territory, contrast enhancement was suppressed such that the signal intensities remained
around the baseline level during all time frames. Ischemic MRXCAT data
were reconstructed without undersampling and at 10x scan acceleration
using both k-t PCA and k-t SPARSE-SENSE. Subsequently, MBF quantification was performed.

7.4.

Results

MTF simulation results are shown in Figure 28. Thresholds in signal-toartefact maps (S2A) were used to mask out regions with low SNR in MTF
maps. 3D and 2D MTF maps were set to zero if the corresponding signalto-artefact values were below 3 and 2.5, respectively. For 3D MRXCAT the
MTF spans a 3D space in ky-kz-f.
Figure 28(a) displays a ky-f slice of the MRXCAT MTF map at kz = 0
for k-t PCA and k-t SPARSE-SENSE at nominal acceleration factors of 2, 5,
and 10. A kz-f slice at ky = 0 of the MRXCAT MTFs is shown in Figure 28(b).
For both reconstruction methods at all acceleration factors, the non-zero
MTF values lie around the main axes, i.e. along the different direct current
(DC) regions. In the temporal DC region, data at most spatial frequencies
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ky and kz are partially restored upon undersampling. Similarly, at spatial
DC, all temporal frequency components are restored to a certain degree.
MTF values decrease with increasing distance from the DC axes. For k-t
PCA at different undersampling factors, the shape of the MTF remains
similar with slight narrowing of the non-zero regions near the DC axes. At
R = 10, the MTF is noisier than at lower acceleration indicating noise amplification at certain spatiotemporal frequencies. Compared to k-t SPARSESENSE, k-t PCA restores off-DC temporal frequencies on a relatively narrow range. As a consequence, MTFs from k-t SPARSE-SENSE have a larger

Figure 28. Modulation transfer function (MTF) simulation results comparing k-t PCA and k-t SPARSE-SENSE. MTFs for undersampling factors 2, 5
and 10 are shown in the three rows. (a,b) MTF maps using the MRXCAT
numerical phantom plotted along ky-f at kz = 0 (a), and along kz-f at ky = 0
(b). (c) MTF ky-f maps derived from fully sampled 2D in-vivo data with
retrospective undersampling. MTF maps were masked using an empirically
determined threshold in the signal-to-artefact maps. Thresholds were set
to 3 for 3D MRXCAT, and 2.5 for 2D in-vivo simulations.
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non-zero area, but exhibit larger changes when increasing R. MTF
values >1 away from the DC axes signify deviation from linear behaviour
due to the non-linearity of the reconstruction algorithm. A number of spatial frequency components along ky is not restored using 10x k-t SPARSESENSE. This leads to a loss of in-plane spatial resolution in the reconstructed image.
MTF results derived from 2D in-vivo data are illustrated in Figure
28(c), revealing similar patterns as for the 3D simulation along the DC axes. In contrast to 3D, 2D results exhibit lower signal-to-artefact ratios,
yielding smaller non-zero MTF areas despite the slightly reduced signal-toartefact threshold. As in the 3D simulation at maximum undersampling
rate R = 10, k-t SPARSE-SENSE exhibits a loss of spatial resolution in phaseencoding direction.
AIFs extracted from central left-ventricular regions of the reconstructed 3D MRXCAT images for R = 1, 2, 5, 10 are presented in Figure
29(a,b). AIFs appear perfectly aligned for all R except for the baseline. A
close-up of the baselines and corresponding error plot as a function of R
reveals 16.5 ± 2.0% reduced baseline signal intensities at R = 10 for k-t PCA
compared to the reference, while the baseline error is –4.1 ± 1.4% for 10x
k-t SPARSE-SENSE (Figure 29(c,d)). Errors in the AIF upslope and maximum
signal intensity are depicted in Figure 29(e,f), and remain below ±2% at all
acceleration factors.
Figure 30 highlights myocardial signal intensity-time curves extracted from a septal segment at a mid-ventricular level of 3D MRXCAT simulations. Reference (R = 1) and R = 2, 5, 10 undersampled acquisitions are
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shown. Overall agreement between curves at all acceleration factors is
good. Baseline errors are visible at R = 10 for both reconstruction methods, with increased signal intensity in the first time frames for k-t PCA, and
an elevated baseline shortly before bolus arrival for k-t SPARSE-SENSE. As
Figure 30(c) reveals, these errors almost cancel out by averaging the baseline across the first 10 time frames. Mean baseline errors and standard
deviations for 10 realizations of the simulations and 10-fold undersampling were 1.4 ± 4.3% for k-t PCA and 2.4 ± 2.4% for k-t SPARSE-SENSE.

Figure 29. Arterial input functions (AIFs) derived from 3D MRXCAT simulations for different undersampling factors and signal intensity errors. AIFs
from reconstructions using (a) k-t PCA and (b) k-t SPARSE-SENSE for fully
sampled reference, and undersampling factors R = 2, 5, 10. Baseline
(dashed red) and upslope limits (solid blue) are indicated in (a,b). (c) Zoom
of the AIF baselines in (a), (b) as indicated by the dashed boxes. (d-f) Percentage error as a function of the undersampling factor in (d) baseline,
(e) upslope and (f) peak signal. Error bars indicate mean and twice the
standard deviation across 10 realizations of the simulation.
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The myocardial upslope changes by –0.9 ± 1.0% and –9.4 ± 3.4% for 10x
k-t PCA and SPARSE-SENSE, respectively. The peak signal intensity error
stays below ±2% at all undersampling factors.
Errors in estimated MBF were evaluated in 8 slices and 6 angular
sectors of the 3D MRXCAT simulation with an AIF extracted from the undersampled image representing standard non-interleaved acquisition. In
order to model interleaved scanning with separate AIF assessment, MBF

Figure 30. Myocardial (MYO) signal intensity vs. time derived from the
septum in 3D MRXCAT simulations for different undersampling factors and
signal intensity errors. Myocardial curves from reconstructions using
(a) k-t PCA and (b) k-t SPARSE-SENSE for fully sampled reference, and undersampling factors R = 2, 5, 10. Baseline (dashed red) and upslope limits
(solid blue) are indicated in (a,b). (c-e) Percentage errors as a function of
the undersampling factor in (c) baseline, (d) upslope and (e) peak signal.
Error bars indicate mean and twice the standard deviation across 10 realizations of the simulation.
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Figure 31. Percentage error upon MBF estimation for different realizations
of the MRXCAT simulation. (a) Quantification errors in % for k-t PCA and
k-t SPARSE-SENSE at undersampling rates R = 2, 5, 10 using AIF and myocardial curves extracted from the undersampled data. Note that colour
axes for R = 10 were adjusted to portray the strong MBF underestimation.
(b) Quantification errors [%] as in (a), derived using a reference AIF
extracted from fully sampled data and myocardial curves from the undersampled data, as accomplished using dual-sequence acquisition. The
strong MBF underestimation at R = 10 is reduced with the reference AIF.
quantification errors were also determined using an AIF derived from a
fully sampled reference. Detailed results are depicted in the form of Bull’s
eye plots in Figure 31, and summarized in Figure 32 as mean MBF errors
and standard deviations across the 8x6 regions. Mean MBF errors remain
below 3% for all evaluations at R = 2 and R = 5. In contrast, if the AIF is extracted from the undersampled data itself, MBF at 10x undersampling is
underestimated by 43.1 ± 2.3% for k-t PCA, and 15.6 ± 6.2% for k-t
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SPARSE-SENSE. Underestimation is removed when the AIF from fully sampled data is employed for quantification, with average MBF errors of
0.8 ± 4.3% and 0.9 ± 7.9% for 10x k-t PCA and k-t SPARSE-SENSE, respectively. The variation of MBF errors across the myocardium rises alongside
increasing the acceleration factor.
Figure 33 displays example MRXCAT images of healthy and diseased
simulations. While in the healthy case dynamic contrast enhancement is
homogeneous in all myocardial slices, a small sub-endocardial defect was
introduced in the lateral segment of the mid-ventricular slice of the ischemia simulation. The ischemic lesion is very distinct in the fully sampled

Figure 32. Average MBF errors and standard deviations in % across 48
myocardial regions (8 slices, 6 angular sectors) of the MRXCAT numerical
simulation for undersampling factors R = 2, 5, 10 using k-t PCA and
k-t SPARSE-SENSE. Strong MBF underestimation occurs upon quantification
at R = 10 when the AIF and the myocardial signal intensity-time curves are
extracted from the same image upon undersampling. The MBF errors
are markedly reduced if the reference AIF is used. In this study, the reference AIF is extracted from a separate image acquired using interleaved
scanning.
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case and 10x k-t PCA, but less perceptible in 10x k-t SPARSE-SENSE. MBF
estimation in the segment affected by ischemia yielded MBF = 0.46
mL/g/min for R = 1, 0.45 mL/g/min for 10x k-t PCA and 0.73 mL/g/min for

10x k-t SPARSE-SENSE. Due to the transmural averaging of myocardial signal including sub-endocardial ischemic and epicardial healthy voxels, the
resulting MBF is larger than zero.

Figure 33. Example 3D MRXCAT simulation images for healthy and ischemic situations, and MBF quantification of the small sub-endocardial ischemia, for (a) full sampling, (b) 10-fold accelerated k-t PCA, (c) 10x k-t
SPARSE-SENSE. 3 slices (basal, mid-ventricular, apical) at 3 time points of
signal enhancement are shown. Sub-endocardial ischemia in one midventricular slice was simulated (red arrow). Quantification for R = 1 and
10x k-t PCA yield equally reduced MBF in the ischemic sector, while the
healthy sectors remain unaffected. MBF in the ischemic sector is also lower
in k-t SPARSE-SENSE, but MBF reduction is less pronounced.
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In-vivo images comparing 10x accelerated k-t PCA and k-t SPARSESENSE are illustrated in Figure 34. Five different slices from apex to base
are displayed at time points of maximum contrast enhancement in the
right ventricle, left ventricle, and myocardium. One slice was omitted inbetween slices thereby spanning nine slices. Both images display similar
contrast enhancement, but while k-t PCA images display sharp tissue
boundaries, k-t SPARSE-SENSE images appear more blurred.

Figure 34. Example short-axis slices of in-vivo images using 10-fold accelerated k-t PCA and 10x k-t SPARSE-SENSE perfusion imaging in one volunteer. Time frames of peak contrast enhancement in the right ventricle, left
ventricle and myocardium are shown in 5 slices from base to apex (gap of
1 slice between the shown slices).
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Figure 35 shows example MBF estimates derived from in-vivo 3D
k-t PCA and k-t SPARSE-SENSE images acquired with 10x undersampling.
Average MBF values across 8 slices and 6 sectors per slice in the first volunteer were 0.93 ± 0.16 mL/g/min for k-t PCA and 1.06 ± 0.39 mL/g/min
for k-t SPARSE-SENSE. For the second volunteer shown, mean MBF and
standard deviations amounted to 0.86 ± 0.17 mL/g/min and 0.94 ± 0.30
mL/g/min, respectively. The larger standard deviations of MBF in
k-t SPARSE-SENSE appear as increased inhomogeneity in MBF values
across the Bull’s eye plots.
A summary of average MBF and standard deviation for all volunteers is provided in Figure 36. Volunteers were grouped according to the
first-pass perfusion techniques to enable side by side comparison between
acquisition methods within volunteers. In addition to whole-heart evaluation of 3D images, quantification was also performed in a mid-ventricular
region consisting of two averaged slices of the 3D images. The averaged
region with effective slice thickness of 10 mm corresponded to the 2D imaging region. This step was done to increase comparability between 3D
R = 10 and 2D MBF values. Average MBFs ranged from 0.64 and 1.22
mL/g/min and agreed well between methods. Ratios between mean k-t
PCA and k-t SPARSE-SENSE MBF ranged from 0.88 to 1.08. Comparison between accelerated k-t and 2D R = 1 methods yielded factors of 0.88 to
1.30 for k-t PCA and 0.90 to 1.14 for k-t SPARSE-SENSE. MBF standard deviations within volunteers normalized to the corresponding mean MBF
were 16.3 ± 4.7% for 2D, 25.2 ± 5.5% for 10x k-t PCA, and 32.5 ± 3.2% for
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10x k-t SPARSE-SENSE. MBF standard deviations were higher in accelerated 3D scans than in fully sampled 2D images. Comparison of the two
accelerated methods yielded lower MBF variation in k-t PCA than
k-t SPARSE-SENSE.

Figure 35. Example in-vivo MBF estimation results comparing k-t PCA and
k-t SPARSE-SENSE in two volunteers. Mean MBFs and standard deviations
across different myocardial regions are lower for k-t PCA than for k-t
SPARSE-SENSE.
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Figure 36. Summary of in-vivo myocardial blood flow (MBF) values.
(a) Grouped comparison of mean MBF ± standard deviation and (b) intravolunteer variation across sectors within 10 volunteers. Two out of the
three acquisition types (10x 3D k-t PCA, 10x 3D k-t SPARSE-SENSE, 2D R=1)
were performed in each volunteer. For 3D vs. 2D comparisons, a midventricular region of the 3D volume corresponding to the 2D imaging slice
was additionally evaluated, indicated by (slice). Intra-volunteer MBF variation was lower in fully sampled cases than in accelerated CMR, and lower
in k-t PCA than in k-t SPARSE-SENSE.
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7.5.

Discussion

The feasibility of MBF estimation from highly undersampled first-pass
myocardial perfusion MRI has been investigated and presented in this
work. Effects were examined by means of k-f space based MTFs, imagetime domain analysis of signal intensity, and by deconvolution using Fermi
function modelling for MBF estimation. The MRXCAT framework (229) was
employed for simulation, and complemented by in-vivo assessment of
perfusion using accelerated 3D k-t PCA, 3D k-t SPARSE-SENSE and fully
sampled 2D reference data.
The concept of the MTF describing the relationship between an imaged object and its image has been adapted to portray undersampled
first-pass perfusion CMR imaging. Thereby, the MTF represents the relationship in k-f space between the fully sampled and the undersampled data upon image reconstruction. Implementation in MRXCAT allowed for
quantification of errors relating the accelerated imaging simulation to the
corresponding fully sampled reference. The reduction in MTF area with
increasing acceleration factor and the appearance of noise therein provide
insights into the performance of the undersampling and reconstruction
strategy.
For k-t PCA, the ky-f portion with MTF close to 1 remains almost unchanged from R = 2 up to R = 10, suggesting adequate performance of image reconstruction at all examined R. The increased noise-like patterns in
10x k-t PCA MTFs indicate that this acceleration factor is close to the maximum achievable R without major loss of data fidelity. On the other hand,
k-t SPARSE-SENSE MTFs exhibit larger non-zero areas for all temporal fre133
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quencies further away from the spatial DC. MTF shapes at R = 2 and R = 5
are similar, but a sudden drop-off at high ky is observed at R = 10, indicating that data at higher spatial frequencies are not properly restored. This
yields a loss in effective spatial resolution, which can be observed in-vivo
comparing k-t PCA and k-t SPARSE-SENSE images in Figure 34.
Starting from the original definition of the MTF as a relationship between the object and its image, the MTF may assume values between 0
and 1 because information about the object is only lost and never gained
with bandlimited, linear imaging methods. However, when applied to the
characterization of undersampling, MTF > 1 is possible indicating noise
amplification at the corresponding k-f position by regularized reconstruction. This phenomenon is most prominent at high undersampling rates,
e.g. in the ky-f MTF map for 10x k-t PCA. Around spatial DC, some temporal
frequencies exceed 1 resulting in the noise-like MTF appearance. In contrast, MTF values vastly exceeding 1, as observed only in k-t SPARSE-SENSE
MTF maps at higher ky, may not be explained by noise amplification alone.
Presumably, these errors stem from the treatment of non-linear compressed sensing reconstruction with the linear MTF formalism. The assumption of linearity between images from fully sampled and undersampled acquisitions is violated at higher frequencies, which is in line with
previous statements (224). The discrepancy between linear and non-linear
reconstruction algorithms treated with the MTF formalism was corrected
for using masking with a fixed threshold in the signal-to-artefact map.
Simulated signal intensity-time curves from the blood pool and the
myocardium were examined at all acceleration factors R. The AIFs for different R agree well when upslopes and peak signal are compared, as well
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as for the baseline up to R = 5. Underestimation of the baseline at R = 10 is
most prominent in k-t PCA with almost 20% error. The myocardial curves
up to R = 5 agree well with the reference, but exhibit deviations from
ground truth at the beginning (k-t PCA) or at the end of the baseline (k-t
SPARSE-SENSE). These errors are reflected in the myocardial baseline error, which can be reduced if the time frames selected for baseline averaging are optimally chosen. Based on these findings, the first time frames
might be excluded when determining the baseline in k-t PCA. Accordingly,
for k-t SPARSE-SENSE, the last time points before contrast agent arrival
should be discarded. The septum was chosen for myocardial signal-time
analysis due to its strategic position between the right and left ventricle.
Aliasing of components from left and right ventricles and the myocardium
is expected in the septum upon undersampling, as these three compartments are aligned along the fold-over direction. Resolving the aliased data
at this location should be more challenging than anywhere else in the myocardium (8).
The percentage errors upon MBF quantification using AIFs extracted
from the undersampled image and from a fully sampled reference were
compared. Global MBF underestimation up to 43% was observed at
R = 10 with the AIF from undersampled data, an error not present when
using the AIF from reference image. This finding indicates that the AIF
baseline error may be the main source of inaccuracy. A remedy to address
this issue in-vivo is interleaved AIF acquisition at small acceleration factors
using dual-sequence imaging, thereby markedly reducing the AIF baseline
error. Exact knowledge of sequence parameters included in the corresponding signal model was assumed in this simulation, alongside with per135
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fect saturation efficiency. As previously shown, errors in parameter estimation as well as inefficient saturation may additionally distort the estimated MBF (207). In addition, signal intensity to concentration nonlinearity effects may further degrade quantification accuracy for singlesequence acquisition schemes.
Identification of sub-endocardial ischemia is a key criterion for the
clinical utility of novel myocardial perfusion scan and post-processing
methodology. MRXCAT simulations of fully sampled and 10x accelerated
imaging including a small ischemic lesion were performed to investigate
this question. Quantification of 10x k-t PCA data yielded MBF values in
good agreement with the fully sampled reference both in healthy and ischemic regions. In contrast, MBF values derived from the 10x k-t SPARSESENSE differed from the reference in healthy segments, with increased
MBF variation. In the ischemic territory MBF reduction due to ischemia
was less pronounced than in the reference. This latter effect may be related to the loss of effective spatial resolution observed in 10x k-t SPARSESENSE MTF analysis.
In-vivo data were measured using a dual-sequence acquisition
framework enabling separate images mapping blood pool and myocardial
enhancement (223). For 3x k-t PCA the AIF baseline error remained below
2% as confirmed by our simulations up to R = 5. In addition, dual-sequence
imaging enabled separately optimized saturation delays for the interleaved scans, thereby eliminating the signal vs. concentration non-linearity
concerns.
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The range of average MBF values found in-vivo at rest was in line
with previous findings. Variations of MBF across different volunteers are
expected based on physiological differences. The change in mean MBF between different acquisition techniques is lower than the intra-volunteer
MBF variation, and standard deviations in MBF around 20% compare well
to previous work (223). This variation represents a persistent limitation of
MBF quantification in part caused by the ill-posed nature of deconvolution
fitting (17). The increased intra-volunteer variation observed in highly accelerated vs. fully sampled reference data can be explained in part by the
loss in data fidelity and SNR caused by undersampling. To enhance MBF
estimation precision, increasing the contrast-to-noise ratio by high dose
first-pass imaging is an option (223). Furthermore, parallel imaging with
up to 32 receive channels has been demonstrated to enhance image quality (230). Moreover, in accelerated first-pass perfusion CMR accurate segmentation of the myocardium is crucial. For instance, the sector-wise myocardial signal intensity-time curve in the septum may be severely distorted if a single voxel from the right ventricle or multiple voxels affected by
partial volume effects are included in the segmentation. These challenges
need to be addressed in order to adopt fully quantitative perfusion CMR in
clinical routine.
In addition to solving the aforementioned implementation challenges, further validation is needed before clinical introduction of the proposed methods. Future studies could include patients with subendocardial ischemia to investigate the ability to detect small, localized
lesions. In addition, patients with triple vessel disease or microvascular
disease potentially benefit from quantitative methods and may be includ137
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ed in clinical studies. In these pathologies, healthy remote myocardium
may be absent as a reference for qualitative or semi-quantitative approaches.

7.6.

Conclusions

Combined modulation transfer function and signal-to-artefact ratio analysis is a useful means of studying the performance of accelerated 3D firstpass perfusion CMR acquisition in a linearized regime, correctly predicting
losses in spatial and temporal resolution. Highly accelerated perfusion
CMR enables estimation of myocardial blood flow provided an unbiased
arterial input function is acquired, e.g. using dual-sequence acquisition.
The accuracy of blood flow quantification from undersampled imaging is
maintained compared to fully sampled reference images, whereas the
precision measured by intra-volunteer variation is reduced prompting for
further improvements of whole-heart 3D perfusion imaging approaches.
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CHAPTER 8
MULTICENTER CLINICAL EVALUATION
4
OF 3D MYOCARDIAL PERFUSION MRI

8.1.

Introduction

Myocardial perfusion imaging with cardiovascular magnetic resonance
(CMR) yields high diagnostic accuracy for the detection of coronary artery
disease (CAD) (79,92,188,206,218,231–233) and its prognostic value has
also been documented (234–238). Standard two-dimensional (2D) multislice perfusion CMR techniques have been compared with single photon
emission computed tomography (SPECT) in multi-center and single center
4
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trials (92,188,213,233,239) confirming the high diagnostic accuracy of
CMR in prospective patient cohorts. Excellent diagnostic performance has
been documented relative to hemodynamic measurements using fractional flow reserve (FFR) at 1.5 T in a single center setting (240). A potential limitation of standard 2D techniques, however, relates to the limited
spatial coverage, which requires geometrical assumptions for the quantification of ischemic tissue volume to guide therapy as recommended by the
recent European guidelines on myocardial revascularization (29). Compared with methods that cover the whole heart, the acquisition of a limited number of slices may also affect the diagnostic performance as has
been indicated previously by comparing 3D versus simulated 3-slice 2D
perfusion imaging (9).
In order to address the limited, non-contiguous coverage of 2D
multi-slice myocardial perfusion CMR techniques, three-dimensional (3D)
methods have been developed based on recent advances in CMR scan acceleration methodology (7,8). Whole-heart coverage is achieved by employing data undersampling strategies in conjunction with appropriate image reconstruction techniques (241) such as (k-t) imaging including sensitivity encoding (SENSE) (108,119,242) or principal component analysis
(PCA) (109). The diagnostic accuracy of 3D perfusion CMR has recently
been validated in single-center studies against both quantitative coronary
angiography (QCA) (9) and FFR (11) in patients with known or suspected
CAD. Estimates of myocardial ischemic burden from 3D perfusion CMR
have also been shown to strongly correlate with those from SPECT (194).
In addition, the high inter-study reproducibility of 3D myocardial perfusion
CMR at 1.5 Tesla has been shown in two different centers (10).
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The objective of the current study was to prospectively evaluate the
diagnostic performance of dynamic whole-heart 3D myocardial perfusion
CMR at 3.0 Tesla for the detection of significant CAD as defined by FFR in a
multi-center setting.

8.2.

Methods

Study Population
The present prospective study was conducted at five European centers
(University Hospital Zurich, Switzerland; University Hospital RWTH Aachen,
Germany; German Heart Institute Berlin, Germany; King's College London,
United Kingdom; University of Leeds, United Kingdom). The study was approved by the local ethics review boards and patients were prospectively
enrolled upon written informed consent. Patients scheduled for diagnostic
coronary angiography for the evaluation of suspected CAD were consecutively recruited between November 2011 and August 2013. Patients were
instructed to refrain from caffeine-containing substances 24 hours prior to
the examination. Exclusion criteria were standard contraindications for
CMR imaging (e.g. incompatible metallic implants and claustrophobia) and
adenosine infusion (e.g. high grade atrio-ventricular block and asthma).

Cardiovascular Magnetic Resonance Protocol
CMR imaging was performed with the patient in the supine position using
3.0 Tesla MR systems (Philips Healthcare, Best, The Netherlands). Depending on the actual MR scanner version, either 6-element cardiac or 28element torso coil arrays were used for signal reception and cardiac synchronization was performed using a vector-ECG.
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After the acquisition of standard cine scans for the assessment of
left ventricular function, 3D myocardial perfusion CMR imaging was
planned in short-axis geometry with full left-ventricular coverage. Adenosine was administered intravenously at a dose of 140 µg/kg/min under
continuous monitoring of heart rate and blood pressure. After at least
three minutes of adenosine infusion stress first-pass perfusion imaging
(i.v. bolus application of 0.075 mmol/kg b.w. of a gadolinium-based contrast agent, Gadovist, Bayer Healthcare, Berlin, Germany; injection rate
4.0 mL/s followed by 20 mL saline flush) was performed. After a 15-minute
waiting period for equilibration of the contrast agent within the myocardium, the identical 3D myocardial perfusion CMR scan was repeated at
rest. Dynamic perfusion data were acquired in every heartbeat over 30
cardiac cycles with a 3D saturation prepared spoiled turbo gradient echo
sequence (TR/TE/flip angle 1.8 ms/0.7 ms/15°, saturation prepulse delay
150 ms, acquisition timed to end-systole, 75% partial Fourier sampling in
two directions including an elliptical k-space shutter, 10x k-t acquisition
with 49 training profiles resulting in a net acceleration of 7x and an acquisition window per heartbeat of 200 ms, k-t principal component analysis
reconstruction of 16 contiguous slices of 5 mm thickness, acquired voxel
size 2.3x2.3 mm2) (8). Perfusion imaging was performed during a single inspiration breathhold. Shallow expiration was permitted in case the inspiration breathhold could not be sustained during the scan. Using this approach, data acquisition in all patients suitable for CMR exams was possible.
Following a further 15-minute waiting period late gadolinium enhancement (LGE) imaging (0.15 mmol/kg b.w. cumulative dose) was per142
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formed in the identical short-axis geometry with a 3D inversion prepared
spoiled gradient-echo sequence (TR/TE/flip angle: 3.6 ms/1.8 ms/15°,
voxel size 1.6x1.6x10 mm3). The inversion recovery prepulse delay was determined using a Look-Locker sequence and adjusted accordingly.
Example whole-heart 3D myocardial perfusion CMR images acquired during adenosine stress and at rest are presented in Figure 37.

Visual Assessment of Perfusion Scans
CMR images were analyzed visually in a central data analysis lab by reviewers blinded to clinical and angiographic patient data using a dedicated
workstation (ExtendedWorkSpace, Philips Healthcare, Best, The Netherlands).
Overall image quality of stress and rest perfusions scans was graded
on a scale between 1 and 4 (1 = non-diagnostic, 2 = poor, 3 = good, 4 = excellent). From all acquired image slices the subset of short-axis slices with
clearly identifiable left-ventricular cavity enhancement during contrast
agent passage and with >75% circumferential left-ventricular myocardium
present were identified. The selected short-axis slices were divided into 6
equally distributed circumferential segments each and evaluated visually.
Perfusion defects on the stress perfusion images seen in any segment (≥1
segment) with ≥25% transmurality persisting for ≥3 consecutive dynamics,
which were not visible in the rest perfusion scan and showed no enhancement in the LGE scan, were marked to be pathologic and the overall
study was considered as abnormal.
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Figure 37. Example whole-heart 3D CMR perfusion data acquired during
adenosine stress and at rest. A perfusion defect is seen in the anterior and
anteroseptal segments extending from base to apex (a,b). Invasive X-ray
angiography confirms a relevant stenosis of the ostial left anterior
descending artery with an FFR value of 0.53 (c,d). The circumflex and right
coronary artery had no stenosis (e).

Assessment of Myocardial Ischemic Burden
Myocardial ischemic burden (MIB) was estimated based on the quantification of the tissue volume exhibiting myocardial hypo-enhancement using
dedicated software (GTVolume, GyroTools LLC, Zurich, Switzerland). For
determination of myocardial hypo-enhancement the dynamic frame of the
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stress perfusion scan showing the maximum extent of regional hypoenhancement during peak signal enhancement of remote myocardium
was selected (9). In the presence of extensive ischemia-related hypoenhancement (e.g. high grade triple vessel disease) remote myocardium
either represented an entire myocardial segment or its subepicardial layer. The left ventricular endo- and epicardial borders were manually identified in all slices to determine myocardial volume. Quantification of hypoenhanced tissue volume was performed automatically using thresholdbased segmentation with a signal intensity threshold >2x standard deviation (SD) below the signal of remote myocardium. Segmentation of myocardial hypo-enhancement during stress is illustrated in Figure 38 for the
patient data shown in Figure 37.
Total volumes of left ventricular myocardium and hypo-enhanced
myocardium were calculated using the disk summation method. Myocardial ischemic burden (MIB) was defined by the volume of hypoenhancement normalized to total left ventricular myocardial volume and
is quoted in percentage. In case of concurrent presence of myocardial scar
as identified on LGE images, the amount of scar tissue volume was calculated based on segmentation of hyper-intense tissue. Subsequently, the
scar tissue volume was subtracted from the volume of hypo-enhancement
prior to MIB calculation.
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Figure 38. Segmentation of myocardial hypo-enhancement during stress
for the patient data shown in Figure 37. The volume of myocardial hypoenhancement normalized to the left-ventricular volume is 37%.

FFR and QCA Measurements
Fractional flow reserve (FFR) was measured using standard methods (243)
with a 0.014-inch coronary pressure sensor–tip wire (Volcano Therapeutics, San Diego, California or Pressure-Wire Certus, St. Jude Medical Systems AB, Uppsala, Sweden) in vessels visually assessed by the angiographers as having ≥50% and ≤80% diameter stenosis in two orthogonal
views with ≥2 mm luminal diameter. For the purpose of the study and in
accordance to guidelines, stenoses in vessels with less than 2 mm luminal
diameter were considered non-significant (195). Coronary stenosis with an
FFR value <0.8 were classified as hemodynamically relevant. Total/ subto146
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tal occlusion or high-grade stenosis (>80% diameter stenosis) did not undergo pressure wire assessment and were considered hemodynamically
significant.
Coronary angiography was performed by routine techniques. At
least two orthogonal views of every major coronary vessel and its side
branches were acquired. Quantitative coronary angiography (QCA) was
performed off-line by an independent core laboratory being blinded to the
results of CMR imaging.

Statistical Analysis
Data analysis was performed using SPSS for Windows 17.0.0 (SPSS Inc.,
Chicago, Illinois, USA). Data were evaluated on a patient basis to determine sensitivity, specificity, negative and positive predictive values with
corresponding 95%-confidence intervals [95%-CI] according to standard
definitions. Continuous variables are expressed as mean ± standard deviation (SD); categorical variables are expressed as proportions. The paired
Student's t-test was used to assess the statistical significance of continuous variables between rest and stress. All tests were two-tailed; P<0.05
was considered significant. Receiver-operator characteristic curve (ROC)
analysis was used to determine the diagnostic accuracy (area under curve
[AUC]) and optimal cut-off value of MIB to detect significant CAD defined
by fractional flow reserve <0.8.
Cohen’s kappa analysis was applied to compare 3D myocardial perfusion CMR imaging outcome vs. FFR outcome using the following grading:
0–0.2 (poor), 0.21–0.4 (fair), 0.41–0.6 (moderate), 0.61–0.8 (substantial),
and 0.81–1.0 (nearly perfect).
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Results

Patient Characteristics
The characteristics of the patient cohort are listed in Table 1. Of the 155
recruited patients, 2 studies were lost due to data storage failure, 1 study
was incomplete because of patient claustrophobia, 1 study had to be terminated due to a bronchospasm during adenosine infusion and 1 study
was incomplete because of an unknown ferromagnetic splint in the chest
wall. Accordingly, a total of 150 patients (n=30 from Zurich, n=30 from Aachen, n=32 from Berlin, n=31 from London and n=27 from Leeds; n=105
(70%) male; mean age 62.9±10.0 years, range 33-83 years) formed the final population for analysis. Table 2 lists the hemodynamic data recorded
during the CMR examination.

Diagnostic Performance
The prevalence of CAD as defined by FFR <0.8 was 56.7% (85 of 150 patients) and the sensitivity of 3D perfusion CMR was 84.7% (95% CI: 75.3 to
91.6) with a specificity of 90.8% (95% CI: 81.0 to 96.5) and diagnostic accuracy of 87.3% (95% CI: 81.1 to 91.7). Positive and negative predictive values were 92.3% (95% CI: 84.0 to 97.1) and 81.9 (95% CI: 71.1 to 90.0), respectively.
When analyzed per vessel territory (387 of 450 territories), sensitivity was 73.5% (95% CI: 63.9 to 81.8), specificity was 91.9% (95% CI: 88.1 to
94.8) and diagnostic accuracy was 87.1% (95% CI: 83.4 to 90.1). The positive predictive value was 76.5% (95% CI: 66.9 to 84.5), and the negative
predictive value was 90.7% (95% CI: 86.7 to 93.8).
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Cohen’s kappa showed substantial agreement of perfusion imaging
outcome and FFR outcome on a per patient and per vessel territory analysis (kappa value 0.75 and 0.66, respectively).
Parameter

n = 150

Male, n (%)
Age (years)
Age Range
BMI (kg/m²)
Cardiovascular risk factors, n (%)
Arterial hypertension
Diabetes mellitus
Hyperlipidemia
Smoking
Family history of CAD
Medication, n (%)
β – Blocker
ACE – Inhibitor
Statin
Nitrates
Diuretics
ARBs
Ca-Antagonist
Aspirin
Coronary artery disease, n (%)
Single-vessel disease
Multi-vessel disease
Left ventricular function
LVEF (%)
LVEDV (mL)
LVESV (mL)

105 (70)
62.9 ± 10.0
33 – 83
27.8 ± 4.3
109 (73)
27 (18)
100 (67)
73 (49)
55 (37)
76 (51)
71 (47)
91 (61)
14 (9)
33 (22)
24 (16)
27 (18)
112 (75)
41 (27)
57 (38)
62.1 ± 7.2
132 ± 36
51 ± 22

Table 1. Patient demographics and clinical data. Data are presented
as n (%) or mean ± SD. BMI, body mass index; CAD, coronary artery disease; LVEF, left ventricular ejection fraction; LVEDV, left ventricular enddiastolic volume; LVESV, left ventricular end-systolic volume.
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The prevalence of CAD as defined by QCA≥50% was 65.3% (98 of
150 patients). Analysis of 3D CMR perfusion data with QCA as the reference standard yielded a sensitivity of 76.5% (95% CI: 66.9 to 84.5), specificity of 94.2% (95% CI: 84.0 to 98.7), and diagnostic accuracy of 82.6%
(95% CI: 75.8 to 87.9). The positive predictive value was 96.2% (95% CI:
89.2 to 99.2) and the negative predictive value was 68.1% (95% CI: 56.0 to
78.55).
Analysis per vessel territory relative to QCA (450 of 450 territories)
yielded a sensitivity of 61.5% (95% CI: 53.9 to 68.6), specificity of 91.5%
(95% CI: 87.5 to 94.5) and diagnostic accuracy of 79.6% (95% CI: 75.6 to
83.0). The positive predictive value was 82.7% (95% CI: 75.2 to 88.7), and
the negative predictive value was 78.2% (95% CI: 72.3 to 82.7).

Myocardial Ischemic Burden
The mean MIB in all patients was 10.1±12.2% (range, 0 to 51.7%). The
mean MIB in patients grouped by FFR status is given in Figure 39.
Parameter
Heart rate (b.p.m.)
At rest
Adenosine stress
Systolic blood pressure (mmHg)
At rest
Adenosine stress
Diastolic blood pressure (mmHg)
At rest
Adenosine stress

n = 150
65.5 ± 12.5
83.2 ± 15.4*
129 ± 21
127 ± 21
73 ± 10
71 ± 10+

Table 2. Hemodynamic parameters. Data are presented as mean ± SD.
*P < 0.0001 and +P < 0.05 for rest vs. stress (paired Student’s t-test)
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The diagnostic accuracy (AUC) of MIB to detect significant CAD as
defined by FFR was 0.91; and the optimal MIB cut-off value was 4.1%,
which resulted in a sensitivity and specificity of 84.7% (95% CI 75.3-91.6)
and 92.3% (95% CI 82.9 to 97.3), respectively (Figure 40).

Image Quality
The 3D CMR stress and rest perfusion scans of all 150 patients were of diagnostic image quality (image quality score ≥2). The mean visual scores of
3D stress and rest CMR perfusion scans were 3.57 ± 0.58 and 3.65 ± 0.51,
respectively.

Figure 39. Myocardial ischemic burden (MIB) of the study population given
as mean values and corresponding 95% confidence intervals as a function
of haemodynamic stenosis significance as defined by fractional flow
reserve (FFR). Differences between groups are statistically significant
(P < 0.001).
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Figure 40. Receiver-operator characteristic (ROC) analysis to determine the
cut-off value of myocardial ischaemic burden predictive of the presence or
absence of significant coronary artery disease as defined by fractional flow
reserve. A cut-off value of myocardial ischaemic burden > 4.1% was found
to be most significant.

8.4.

Discussion

The present multi-center study has assessed the diagnostic performance
of whole-heart 3D myocardial perfusion CMR for the detection of significant CAD as determined by FFR and QCA. The main findings of the study
are:
1. 3D myocardial perfusion CMR at 3.0 Tesla is a robust technique for the
detection of CAD in a European multi-center, single-vendor setting;
2. the diagnostic accuracy of 3D myocardial perfusion CMR to detect
functionally significant CAD is high and confirms previous data on 2D
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multi-slice and 3D whole-heart myocardial perfusion CMR using FFR as
the reference standard (10,11,240,244,245); and
3. the myocardial ischemic burden derived from 3D whole-heart myocardial perfusion CMR provides an accurate diagnostic tool for the detection of flow-limiting CAD.
Relative to previous single-center (3T CMR) and dual-center (1.5T
CMR) 3D CMR perfusion studies using FFR as a reference, our results compare well for sensitivity and specificity (85% vs. 91% (11) vs. 90% (10) and
91% vs. 90% (11) vs. 82% (10)) demonstrating robustness of the method
also in a European multi-center setting. The added benefit of 3D myocardial perfusion CMR over 2D three-slice imaging for assessing MIB has recently been indicated (194). Furthermore, the high inter-study, intra- and
inter-reader reproducibility has been confirmed (9,10). While the present
multi-center study was conducted using 3.0T CMR systems, the protocol is
readily applicable to 1.5T machines as demonstrated previously (10).
Application of the method on MR systems from different vendors is
possible upon modification of the pulse sequence and image
reconstruction software. To this end, the image reconstruction code is
provided upon request.
While previous single-center validation of three-slice 2D approaches
using 1.5T CMR systems yielded similarly high sensitivity and specificity
relative to FFR (240), the assessment of ischemic tissue volume was not
possible given the limited coverage of 2D methods. As demonstrated previously, the diagnostic performance of 3D perfusion imaging compares fa-
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vorably against simulated 3-slice data extracted from the 3D volume
(9,11).
According to current guidelines, the decision to perform coronary
revascularization procedures should be based on an objective documentation of myocardial ischemia preferably together with its anatomical localization and amount (29).
Based on current and previous studies, 3D myocardial perfusion
CMR may prove a valuable alternative to methods using ionizing radiation
to monitor and guide treatment. CMR also allows imaging of at least the
proximal coronary anatomy and fusion of 3D CMR perfusion with coronary
CMR or low-dose coronary computed tomography angiography (CCTA)
offering promise for future comprehensive non-invasive assessment of
CAD (246).
The amount of myocardial ischemia is a key factor to guide treatment decisions, i.e. revascularization is recommended in case myocardial
ischemic burden exceeds 10% (195) of total left-ventricular myocardium.
However, these cut-off values were derived from nuclear studies
(247,248) and, although never directly compared, may not apply to 2D
perfusion CMR in view of its limited cardiac coverage. Three-dimensional
myocardial perfusion CMR and SPECT agree well with the 10% threshold
(194), highlighting another potential benefit of 3D whole-heart versus 2D
multi-slice myocardial perfusion CMR.
Today, the invasive assessment of the functional significance of coronary lesions is the basis of therapeutic decision-making (40,249), even
though FFR measurements are invasive, time-consuming and associated
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with radiation exposure rendering the method less attractive for monitoring patients. To this end and based on the evidence presented here and
elsewhere 3D myocardial perfusion CMR may be considered a noninvasive alternative to stratify patients according to guidelines.

Study Limitations
An important limitation of the study design is that only patients who were
already scheduled for a coronary angiogram were recruited in the study.
This fact reflects the current practice of referral by external physicians. In
line with current guidelines and in order to minimize complications of FFR
measurements, hemodynamic assessments were only performed in vessels with luminal stenosis of 50% to 80% at angiography. In addition, the
assessment of MIB was given as percentage ischemic myocardium reflecting only relative myocardial perfusion distribution at one particular time
point during the dynamic first-pass of the contrast agent. Accordingly, MIB
is not a direct measure of quantitative myocardial blood flow. It is furthermore acknowledged that all CMR centers involved in our study are
specialized in CMR imaging and it remains to be demonstrated how the
technique performs at sites with less experience and expertise.

Conclusion
This multi-center study has demonstrated the robustness and accuracy of
3D myocardial perfusion CMR to detect functionally significant coronary
artery disease as measured by FFR.
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CHAPTER 9
SUMMARY

Novel approaches for quantitative first-pass myocardial perfusion MRI
have been implemented and applied as part of the thesis. Advances include frameworks for numerical simulation and optimized image acquisition. The proposed frameworks were employed to study effects of undersampled acquisition on myocardial blood flow quantification. In a multicentre patient study, highly accelerated 3D first-pass myocardial perfusion
MRI was found to provide excellent diagnostic accuracy when compared
to FFR as a reference.

9.1.

Discussion

The first work presented in this thesis pertains to realistic numerical simulation of cardiovascular MRI. Based on the underlying anatomical masks
and motion models included in the extended cardiac torso (XCAT) numeri-
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cal phantom, a software framework termed MRXCAT was devised simulating cine and dynamic first-pass perfusion MRI including multiple signal
models, receiver coil sensitivity, and measurement noise. With the goal of
offering a tool for reproducible research across groups, MRXCAT is being
freely distributed online in source code format. Numerical simulation is of
particular importance in first-pass perfusion imaging. Rapid measurements without the use of contrast agents may be simulated using segmented acquisitions yielding fully sampled data. This approach would require repeat injections in contrast-enhanced examinations, which is incompatible with the aim of keeping the contrast agent dose as low as possible. Furthermore, simulations based on single volunteer data are influenced by the individual anatomy and physiology. While data sharing is increasingly used in research to facilitate reproducibility of results, the
MRXCAT framework presented herein additionally generalizes the anatomic and physiologic basis for simulation. A shortcoming of the framework is its dependence on XCAT requiring purchase of a license for fullfledged use. However, considering the complexity of the XCAT implementation producing moving tissue masks at arbitrary spatial and temporal
resolutions, money invested in XCAT is considered well spent.
An approach to quantitative 3D myocardial perfusion MRI at high
contrast agent dose was presented in the second paper of this thesis. In
conventionally acquired data, the use of high dose yields a nonlinear relationship between signal intensity and contrast agent concentration in the
blood pool. This nonlinearity issue may be tackled using either dual-bolus
or dual-sequence acquisition. The former is less efficient requiring two injections, but the latter calls for more advanced scanning methodology. A
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dual-sequence acquisition scheme (197) was applied to perfusion MRI,
enabling separate assessment of the AIF and myocardial enhancement.
The concept was initially proposed for 2D imaging (15), and was expanded
to whole-heart MRI herein. Contrast agent doses of 0.025 and 0.1
mmol/kg b.w. were compared in-vivo. Using individually optimized timing
for the AIF and myocardial perfusion images, the proposed approach allows for signal to concentration linearity and good myocardial contrast-tonoise ratio at high dose. A significant decrease in intra-volunteer MBF variation was found upon quantification of high dose compared to low dose
data when using AIF and myocardial signal intensity-time curves extracted
from different dual-sequence images. Previous reports recommend low
dose for quantitative imaging (17), whereas qualitative diagnosis benefits
from higher dose (188). The high-dose dual-sequence approach overcomes this discrepancy and enables concurrent visual interpretation and
quantitative evaluation from a single first-pass examination. This fact
could drive clinical adoption of quantitative methods and validation
against visual assessment, since no additional measurements are required.
In addition, the high efficiency optimizes overall examination times and
associated costs.
In the third contribution of this thesis, the spatiotemporal fidelity of
highly accelerated whole-heart perfusion MRI and its impact on MBF
quantification errors were studied. MRXCAT was employed for the simulation of fully sampled und up to 10x undersampled datasets, which were
analysed in the spatiotemporal frequency domain and image space.
Changes in spatial and temporal resolution for k-t PCA and k-t SPARSESENSE were demonstrated using modulation transfer functions. Signal in159
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tensity-time curves representing the AIF revealed substantial errors in the
baseline introduced by 10-fold scan acceleration, while errors in myocardial contrast enhancement curves were small. These baseline inaccuracies
are propagated to MBF errors upon signal intensity to concentration conversion. Because the baseline value is used to convert signal to concentration in each time frame of the examination, the problem is not limited to
the time before contrast enhancement. To improve accuracy of the AIF
baseline and thereupon MBF quantification, undersampling factors <5 can
be employed to acquire the AIF. Dual-sequence acquisition, as examined
in CHAPTER 6, was selected to attain this goal in-vivo in ten volunteers
comparing fully sampled 2D imaging to 10x undersampled k-t PCA and k-t
SPARSE-SENSE. In this small number of volunteers, MBF values derived
from highly undersampled imaging were found to be as accurate, but less
precise than MBFs obtained from the fully sampled 2D reference. The presented results call for further optimization in scan acceleration and image
reconstruction methodology to improve precision of quantitative wholeheart first-pass MRI.
The fourth project in this thesis concerns the clinical validation of
first-pass 3D myocardial perfusion MRI against FFR and QCA as references
in a multicentre setting. Prior single- and dual-centre investigations have
documented the high diagnostic accuracy of 3D perfusion MRI against
QCA (9) and FFR (10,11) individually. In this five centre study examining
150 patients, 3D perfusion MRI proved highly accurate and robust for the
diagnosis of significant CAD versus FFR, with 85% sensitivity and 91% specificity. Comparison against QCA revealed lower sensitivity (77%), but high-
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er specificity (94%). This is in line with studies suggesting that FFR might
be a better indicator of significant CAD than QCA (39).

9.2.

Outlook

The MRXCAT framework for numerical MRI simulation currently has a few
limitations. Only cine and contrast-enhanced perfusion imaging modalities
are implemented. Based on XCAT, extension to phase-contrast flow MRI is
considered feasible with minor modifications: First, the XCAT large blood
vessels need to be separated from the other arterial compartments. Second, a blood velocity field is to be simulated and registered to the XCAT
anatomy. In a third step, parameters associated with phase-contrast imaging including a suitable signal model are required. Similarly, coronary MR
angiography simulation may be enabled exploiting the coronary anatomy
option in XCAT (250).
The feasibility of simulating impaired perfusion using MRXCAT was
demonstrated in CHAPTER 7 implementing a sub-endocardial ischemic lesion example. However, perfusion deficits were manually added and not
systematically integrated into the MRXCAT phantom yet. Dividing the myocardial XCAT mask into multiple sections and assigning different MBF
values to healthy and diseased myocardium will address this limitation.
Likewise, scar tissue may be defined allowing for the simulation of late
gadolinium enhancement MRI.
Quantification of MBF from highly undersampled 3D perfusion MRI
has been validated in-vivo in a small group of healthy volunteers. Further
evaluation of the performance of the method and its ability as a diagnostic
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tool are required. Studies including patients with perfusion deficits are desired. Only in the patient setting the added value of quantitative perfusion
can be evaluated. A concern associated with clinical examinations is the
increased amount of patients unable to hold their breath throughout the
measurement. Approaches to address this issue are well under way. Conventional navigator gating is impracticable because the whole time course
of contrast enhancement needs to be captured. Post-processing steps including image registration and respiratory binning are well suited and
might eventually enable free-breathing myocardial perfusion MRI
(71,251).
The in-vivo quantification results indicate that accurate quantification is feasible at the expense of some precision compared to fully sampled imaging. However, fully sampled imaging is not an option for wholeheart imaging. The undersampled acquisition approach may be refined in
order to maximize net undersampling rates. In the current implementation of 3D k-t PCA, a considerable amount of time is spent acquiring training data in k-space centre. Reducing the lengths of the main axes of this
training ellipse from 11x7 to 3x3 will reduce the number of training profiles from 42 to 5. Alongside this reduction, more advanced reconstruction
techniques are needed to provide the input for the PCA. High temporal
resolution is of utmost importance for robust PCA. To attain this, total variation regularization on all acquired profiles with spatial constraints is envisioned (252). The result from the total variation reconstruction is used as
an input for the PCA in regular k-t PCA reconstruction. The time gained by
training matrix size reduction may be traded for higher spatial resolution,
or used to acquire 3D images in multiple heart phases (14).
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Signal models were used in this thesis to compute dynamic T1 and

contrast agent concentration thereafter. However, multipoint T1 mapping

by fitting the recovery of longitudinal relaxation following inversion or
saturation preparation directly yields T1 values and may be more robust.

T1 mapping may be implemented using either multiple flip angles or mul-

tiple saturation/inversion delays. The task is complicated by the large dynamic T1 range associated with contrast enhancement. It remains to be

seen whether a dual-point measurement is sufficient, or three or more
points are required to robustly map T1.

The dual-sequence acquisition framework may be combined with

arbitrary Cartesian sampling, as demonstrated using k-t SPARSE-SENSE.
Prieto et al. have proposed spiral-like Cartesian k-space profile ordering
for coronary MR angiography (253). Analogously, spiral- or radial-like
sampling patterns may be employed to acquire profiles for 3D imaging
throughout the cardiac cycle, thereby enabling the combination of cine
and perfusion MRI in a single scan. Note that for interleaved imaging, the
continuous acquisition may need to be interrupted for AIF acquisition. In
contrast to multislice continuous imaging using golden-angle radial acquisition (85), the dual-sequence approach relies on ECG triggering. Unless
the AIF image is acquired in the same quiescent heart phase in each time
frame, severe distortions of the AIF due to inflow are to be expected.
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