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Abstract

Arterial spin labeling (ASL) is a very promising non-invasive magnetic resonance imaging
(MRI) method for determining perfusion in various organs. Because of its non-invasivity
and the possibility of absolute quantification of cerebral blood flow (CBF), the method
has been in the focus of research since its invention in 1992, but has not yet found
broad clinical application. Various studies show the great potential for ASL in the
detection of cerebrovascular diseases such as stroke, arteriovenous malformations, sickle
cell anemia, and in the diagnosis of tumors as well as in functional brain examinations.
However, there are still essential challenges for application in clinical routine. ASL has an
inherently low signal-to-noise ratio (SNR), which is accompanied by a low resolution and
partial volume effects (PVE) as well as long acquisition times. Hemodynamic variations
can affect the ASL-signal and the method is susceptible to motion artifacts.

The aim of this work is to address these major limitations and to bring ASL close to
clinical routine. For noise suppression, variational methods for static and dynamic ASL
data were developed, which consider the whole measurement data set at once. These
techniques improve the SNR, increase the reliability of the perfusion signal, and allow a
significant reduction of the acquisition time from 45 minutes to 5 minutes for high resolu-
tion 2D measurements. Subsequently, a pipeline for real-time imaging, signal monitoring,
artifact detection, and neurofeedback presentation was implemented. Finally, the prob-
lem of motion sensitivity in segmented 3D coding was addressed. For this purpose, a
single-shot acquisition method was developed, which combines parallel imaging and image
reconstruction with a novel spatio-temporal regularization function and hence needs only
a fraction of the normally required measurement data. With the developed technique,
high-resolution, motion-robust whole brain perfusion images can be acquired in a clini-
cally compatible acquisition time of less than 3 minutes. Furthermore, the efficient signal
encoding offers the possibility to investigate neuronal activation and to measure dynamic
ASL data.
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Kurzfassung

Arterial Spin Labeling (ASL) ist eine sehr vielversprechende nicht-invasive MR-Methode
zur Bestimmung der Perfusion in verschiedenen Organen. Wegen ihrer Nicht-Invasivitat
und der Moglichkeit der absoluten Quantifizierung des zerebralen Blutflusses ist die
Methode seit ihrer Erfindung im Jahr 1992 im Fokus der Forschung, ist aber bisher
nicht in eine breite klinische Anwendung gekommen. Verschiedene Studien zeigen das
grofle Potenzial fiir ASL bei der Erkennung von zerebrovaskuldren Erkrankungen wie
Schlaganfall, arteriovenose Missbildungen, Sichelzellandmie und bei der Tumordiagnose
sowie bei der funktionellen Untersuchung des Gehirns. Es gibt jedoch noch essentielle
Herausforderungen fiir eine klinische Routineanwendung. ASL hat ein inhérent
niedriges Signal-Rausch-Verhéltnis (SNR), begleitet von einer niedrigen Auflésung
und Partialvolumeneffekten (PVE) sowie langen Aufnahmezeiten. Hamodynamische
Variationen koénnen das ASL-Signal beeinflussen und die Methode ist anféllig fiir
Bewegungsartefakte.

Das Ziel dieser Arbeit ist es die zuvor beschriebene wesentlichen Problem zu
adressieren und ASL in Richtung klinischen Alltag zu bringen. Dazu wurden
zur Rauschunterdriickung variationelle Verfahren fiir statische und dynamische
ASL-Daten entwickelt, die den gesamten Messdatensatz auf einmal betrachten. Diese
Techniken verbessern das SNR, erhohen die Zuverlassigkeit des Perfusionssignals
und ermoglichen eine wesentliche Reduzierung der Aufnahmezeit von 45 Minuten
auf 5 Minuten fiir hochaufgeloste 2D Messungen. In weiter Folge wurde eine
Pipeline fiir Echtzeit-Bildgebung, Signaliiberwachung, Artefakterkennung und
Neurofeedback-Prasentation implementiert.  Abschliefend wurde das Problem der
Bewegungssensitivitdt bei segmentierter 3D-Kodierung behandelt. Zu diesem Zweck
wurde eine single-shot Aufnahmemethode entwickelt, die durch Kombination von
paralleler Bildgebung und Bildrekonstruktion mit einem neuartigen raumlich-zeitlichen
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Regularisierungsfunktional mit einem Bruchteil der normalerweise notwendigen
Messdaten auskommt. Mit der hier entwickelten Technik konnen hochauflosende,
bewegungsstabile Perfusionsbilder vom gesamten Gehirn in einer klinisch vertretbaren
Aufnahmezeit von weniger als 3 Minuten aufgenommen werden. Dariiber hinaus bietet
die effiziente Signalkodierung die Moglichkeit, die neuronale Aktivierung zu untersuchen
und dynamische ASL Daten zu messen.

Schlagworter: Arterial Spin  Labeling, Variationsmethoden, Magnetresonanz-
Bildgebung, Bildverbesserung
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1.1 Introduction

Perfusion delivers essential nutritions and oxygen to the tissue, assuring a proper function
of cells and for tissue growing. Even a short interruption can lead to permanent cell death
with irreversible tissue damage. For a long time, measurement of perfusion has been used
as an important physiological parameter for the assessment of organ health and function-
ality. [120, 143] In the daily clinical routine perfusion measurements are often used for the
diagnosis of various brain diseases, especially those associated with the cerebrovascular
system such as vascular stenosis or stroke. According to the World Health Organiza-
tion (WHO) 15 million people suffer from stroke every year worldwide and approximately
20.000 alone in Austria. Stroke is the second leading cause of death and the third leading
cause of immobility.

The current gold standard for measuring perfusion is Oxygen-15 positron emission to-
mography (PET). This technique uses a radioactive tracer with short half-live period.
Consequently, an on-site cyclotron is required for creating the tracer [301]. An alterna-
tive imaging modality for perfusion measurements is magnetic resonance imaging (MRI),
which uses typically gadolinium compounds as an exogenous tracer. The search for an
alternative to contrast agent based perfusion imaging methods is of great importance,
because contrast agents can generally lead to side effects and are contraindicated for
patients with renal insufficiency, pregnants, pediatric populations or for monitoring dis-
ease progression [128]. In addition, perfusion measurements are of major interest for
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2 Chapter 1. Introduction and Outline

multiple applications in research which require a complete non-invasive and non-harmful
technique. Perfusion provides information of neuronal activity, functional connectivity,
neurodegenerative diseases and provides insights into changes of the brain system due to
drug administration [128, 151, 303].

A very promising technique for the non-invasive measurement of brain perfusion is
MRI-based arterial spin labeling (ASL) [66]. This method uses magnetically labeled arte-
rial blood instead of an exogenous contrast agent. ASL has distinct advantages compared
to other perfusion measurement techniques. It is non-invasive, non-harmful, provides the
possibility of absolute quantification and can be repeated multiple times. Therefore, ASL
opens a broad range of applications in the clinical routine and scientific research. Since its
original invention [66], ASL has gained increased popularity in the scientific community
leading to remarkably improvements in labeling techniques, data sampling strategies and
sophisticated post-processing methods. The great interest and potential of ASL in clinical
and scientific applications is underlined by the recently published consensus paper [8].
Beside all these advantages, several challenges remain for robust perfusion measurements
with ASL. The main drawback of this method is that the signal effect is very low and
typically in the range of noise. In order to obtain clinically usable images with sufficient
signal-to-noise ratio (SNR), repeated measurements have to be performed. This leads to
clinically unacceptable acquisition times with an increased risk of motion artifacts, which
can lead to clinically non interpretable perfusion images. The motion sensitivity is espe-
cially a problem for scanning patients with specific diseases like stroke which limits the
applicability of ASL for such important patient groups. To bring ASL imaging towards
clinical practice, robust methods which improves the SNR, motion-insensitivity, quantifi-
cation accuracy and reliability of the cerebral blood flow (CBF)-maps are very important.
This thesis describes the development and validation of modern variational models to
address some of these challenges in ASL imaging.

1.2 Outline of the Thesis

This PhD thesis compromises 8 chapters. Chapter 2 is a basic background chapter that
provides a general introduction to perfusion in the brain and the main principles of ASL
imaging. An overview of different labeling approaches, readout schemes and quantification
models are presented as well as a short overview of advanced ASL techniques is given. In
addition to the basic principles, the challenges and limitations are discussed as a motivation
for the subsequent chapters.

Chapter 3 deals with one of the major drawback of ASL imaging, the low SNR. This
chapter starts with a short introduction to variational image denoising. Subsequently,
a new denoising approach for 2D ASL data based on total generalized variation (TGV)
is presented. This denoising approach is matched to the control-label pairs and includes
spatial and temporal information of the whole available dataset in the denoising procedure.
The proposed technique is validated on synthetic and in-vivo 2D-ASL data and compared
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with state-of the art denoising methods.

In Chapter 4 the developed denoisig method is extended to 3D isotropic and anisotropic
data. In addition, a spatial adaptive regularization parameter is integrated in the denoising
procedure to take into account the spatial varying noise due to parallel imaging (PI) and
the physiological noise from the subject. This enables the automatic denoising of static
ASL measurements.

In chapter 5 we introduce the concept of variational denoising for dynamic ASL data
by using infimal convolution of total generalized variational functionals. We given a short
introduction to functional arterial spin labeling (fASL) and discuss and validate the influ-
ence of the proposed method on fASL and multi-post-labeling delay (PLD) data.

Chapter 6 presents a pipeline for processing, analyzing and monitoring fASL data in
real time. We validated the proposed pipeline on task basked fASL data with and without
neurofeedback (NF) presentation. The NF allowed the subjects to control their own brain
activation during a finger tapping experiment.

In chapter 7 a time-dependent acquisition scheme for accelerating 3D-gradient and
spin echo (GRASE) ASL acquisitions is introduced and combined with a spatio-temporal
variational reconstruction approach. The proposed method is validated on motion free
and motion-corrupted datasets.

A conclusion and outlook to future work is given in chapter 8.
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2.1 Brain Perfusion Imaging

Perfusion is one of the most fundamental physiological processes and delivers essential
nutrients such as oxygen and glucose to the tissue capillary bed and clears waste metabolic
products like carbon dioxide or lactic acid. A disruption or alteration in perfusion can
be dramatic, especially in the brain, which is a particularly highly perfused organ. The
human brain receives approximately 15% of the cardiac output at rest which corresponds
on average to 800 ml of blood per minute [220]. It accounts for approximately 20% of
the total body oxygen consumption and 25% of the daily energy intake [78]. Since the
brain is not able to store energy locally, a continuous supply of oxygenated blood and
glucose is necessary to assure proper functioning of the cells and for growth and repair
of brain tissue [182, 210]. Even a short interruption or decrease in perfusion can lead

5
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to cell death with irreversible tissue damage, and as a consequence to loss in cognitive
functions, physical impairment, or death [182]. The cerebral blood flow (CBF) provides
information of the amount or volume (ml) of arterial blood delivered to 100g of tissue per
minute (ml/100g/min). The amount of CBF varies from region to region and depends
on the metabolic demands of the brain region [19]. A typical value of CBF in a healthy
brain is 60 ml/100g/min in gray matter (GM) and 20 ml/100g/min in white matter
(WM) [155, 325]. The CBF is determined by the following relationship:
CPP
CBF = VR (2.1)
where CPP is the cerebral perfusion pressure and CVR is the cerebrovascular resis-
tance. The CBF in the brain is tightly coupled to brain metabolism and a local change
in perfusion can be an indicator of changes in neural activation [151]. Also drugs [289],
caffeine [2], alcohol [268] or nicotine [71] can change the CBF to a certain extent. To
compensate variations in the CBF, and to ensure an adequate constant nutritional blood
supply, the human organism has two complex regulation mechanism: first the dynamic
cerebral autoregulation [182, 275] and second the variation in oxygen extraction fraction
(OEF) [65, 188]. The process of autoregulation is shown in Figure 2.1 Stage 1. The
dynamic cerebral autoregulation keeps the CBF relatively constant despite moderate vari-
ations in perfusion pressure (60 - 120 mmHg) [182]. This constant CBF is achieved by
contracting or relaxing the smooth muscle cells in the vessel walls [182]. A decrease in CPP
leads to a relaxation of the smooth muscle cells and hence a dilatation of the arteries [182].
This reduces the CVR and thereby increases the cerebral blood volume (CBV) to keep
the CBF constant [182]. If the cerebral perfusion pressure drops below the autoregulation
range (< 60mmHg) the CBF starts to decrease and leads to a hypoperfusion in the brain
(Stage 2). In this stage the second compensatory mechanism take effect and starts to
increase the oxygen extraction fraction coefficient so that more oxygen can be extracted
from the blood to satisfy the metabolic demands of the brain tissue [182]. The increased
OEF leads to an increase in the cerebral metabolic rate of oxygen (CMRO2) [65, 182]. If
the CPP reduces further, both compensatory mechanism are exploited and the metabolic
demands of the brain tissue are no longer satisfied resulting in permanent cell tissue dam-
age [182].
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Figure 2.1: Relationship and change (in %) for different cerebral variables in dependence of
the cerebral perfusion pressure (CPP). In stage 1 (S1) the dynamic autoregulation process keeps
the CBF constant by modifying the cerebral vascular resistance (CVR) and hence the cerebral
blood volume (CBV). In stage 2 the CPP drops further which leads to an increase of the oxygen
extraction fraction to satisfy the metabolic demands of the brain tissue. A drop in CPP below 30
mmHg (stage 3) can not be compensated by those mechanisms resulting in a deficit in metabolic
substrates and hence to cell tissue damage. Figure modified from Nemoto et al. [188].
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2.1.1 Importance of Cerebral Blood Flow for Neuroimaging

Measurement of cerebral blood flow provides important information about brain
diseases [302], especially those associated with the cerebrovascular system such as
cerebral ischemia [38, 321], arterial stenosis and occlusion [302], sickle-cell disease [192],
epilepsy [128], or arteriovenous malformations [231]. The CBF provides useful information
in the tumor diagnostic and therapy, since the grade of the tumor correlates with the
vascular proliferation around the tumor [296]. Neurodegenerative disorders such as
Alzheimer are accomplished with local hypo-perfusion areas due to reduced metabolism,
which often precedes structural changes such as brain atrophy [324]. Hence, perfusion
measurements can serve as early biomarker for Alzheimer [333]. Beside the detection
of pathologies, CBF provides important information of metabolic changes, as brain
activity requires nutrients and oxygen, which is delivered with the blood. It can there-
fore be used for cognitive neuroscience and as a biomarker of pharmacological actions [303].

2.1.2 Measuring the Cerebral Blood Flow

For measuring perfusion various imaging techniques were developed, which are all based
on tracer kinetics. In general the methods can be divided into two categories: those
who use an exogenous agent as a tracer and those who use water protons in the arterial
blood as an endogenous tracer. The most commonly used techniques based on an exoge-
nous tracer are positron emission tomography (PET), single-photon emission computer to-
mography (SPECT), perfusion computed tomography (PCT), xenon-enhanced computed
tomography (XeCT), and typically dynamic susceptibility contrast (DSC)-magnetic reso-
nance imaging (MRI). The MRI technique based on an endogenous tracer is called arterial
spin labeling (ASL)-MRI and is used in this thesis for obtaining perfusion maps of the
brain. [182, 301]

2.2 Arterial Spin Labeling

ASL is a non-invasive MRI technique for measuring perfusion and was invented in 1992 [66].
In the first implementation Detre et al. [66] measured the CBF in a rat brain using water
as a freely diffusible tracer [66]. Two years later the same group performed the first
successful ASL perfusion measurement of a human brain [68]. A new research area was
born, which emerged rapidly over the last two decades and is still evolving. ASL offers
distinct advantages over current standard perfusion imaging methods. It is completely
non-invasive and highly suitable for studies in the healthy individual, for patients with
renal insufficiency, and pediatric or infants [128]. The possibility to quantify the CBF
in absolute units permits to trace disease progression and treatment effects and allows
the recognition of perfusion changes in pharmacogenetic or longitudinal studies [303]. In
addition, the determination of changes in physiological blood flow due to brain activity is
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of great interest and requires a complete non-invasive technique for repetitive applications
in research.

2.3 Main Principle of ASL Imaging

The main principle of ASL imaging compromises three parts (Figure 2.2). In the first
step, the arterial blood water is magnetically labeled, typically in a region proximal to
the tissue of interest. The blood water spins are inverted using a combination of radio
frequency (RF)-pulses and gradients [300]. The second part, called inversion time (TI) or
post-labeling delay (PLD), is a waiting period. During this time the labeled blood flows
from the labeling plane to the capillaries of interest. After the labeled blood has reached
the tissue of interest an image is acquired, the so-called label image. This image contains
positive signal contributions from the static tissue and negative signal contributions from
the inverted blood. In order to obtain a perfusion weighted image the whole experiment
is repeated but without altering the inflowing blood (control condition). This image is
known as control image. The perfusion contrast is then achieved by subtracting these
two images. The signal of the static tissue cancels out and the remaining signal reflects
the amount of labeled spins that have reached the tissue during the PLD. This perfusion
signal is in the order of 1-2% of the full tissue signal leading to a limited signal-to-noise
ratio (SNR) [204]. Thus, repeated measurements are necessary to gain sufficient image
quality, which are typically in the order of tens. A kinetic model based on tracer kinetics
is then applied to convert the perfusion weighted image into quantitative units [34, 66].
These steps will be described in more detail in the following sections.

2.4 Labeling Approaches

A crucial part of the ASL experiment is the labeling of the arterial blood water spins. In
the first ASL approach the blood spins were labeled using saturation pulses [66]. Shortly
thereafter, the saturation pulses were replaced by inversion pulses [300] because they
provide doubled signal strength. The amount of successfully inverted or labeled spins,
known as labeling efficiency, directly effects the acquired perfusion signal. Thus, a high
efficiency of nearly 100% is desirable. Typical values ranges from 70% up to 98% depending
on the used labeling scheme [8]. In this section the basic principle of the three major
labeling approaches continuous [66, 300], pulsed [77], and pseudo continuous labeling [56]
schemes are described. Recently two advanced labeling approaches, velocity selective ASL
[74, 189, 309] and acceleration ASL [224] were developed, which are described in section 2.9
” Advanced ASL methods”.
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Figure 2.2: Basic principle of the ASL experiment. (1) Labeling condition: Blood moving through
the labeling plane (red) gets inverted. During the waiting period the labeled blood flows into the
region of interest (yellow). After the labeled spins have reached the tissue an image is acquired, the
so called label image. (2) During the control condition a second image is acquired (control image)
without altering the inflowing blood. The perfusion contrast is achieved by subtraction the label
image from the control image thereby canceling out the signal from the static tissue. From the
perfusion weighted image (PWI) a quantitative CBF-map is calculated based on a kinetic model.

2.4.1 Continuous Arterial Spin Labeling (CASL)

The first implementation of ASL used a continuous labeling of the arterial blood known
as continous arterial spin labeling (CASL) [66]. Figure 2.3 shows schematically the basic
principle of this technique. The labeling of the arterial spins is achieved by applying a long
and continuous RF pulse, typically 2-4 s, in combination with a slice-selective gradient
proximal to the imaging volume [300]. In contrast to traditional adiabatic inversion,
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which uses frequency modulated RF pulses, CASL uses flow-driven adiabatic inversion for
labeling of the arterial blood spins. This means that the frequency modulation is achieved
by applying a constant magnetic field gradient along to the feeding arteries. Consequently,
as the blood spins move through the labeling plane the gradient changes the Lamor-
frequency from far below resonance to on-resonance, at the center of the labeling plane, to
far above resonance. In combination with the main magnetic field and the continuously
applied B; field the blood water spins experience an rotating effective field B.;y from
nearly aligned with the static magnetic field (+z axis) to nearly opposite to the static
magnetic field (-z axis). This is schematically illustrated in Figure 2.4. If the change
in the effective field is slow compared to the precession a spin-locked state is achieved.
In this state the spins precess around the effective field and any small offset or change
averages out, meaning that the spins follow the change in effective field. As By, rotates
from upwards to downwards, the magnetization gets inverted as the spins move through
the labeling plane. [36, 100, 120]

Image
Labeling Waiting acquisition

Gslice L A

Labeling Condition

Figure 2.3: Basic principle of continuous ASL. The blood flowing through the labeling plane
(red) is continuously inverted by applying a constant RF and slice selective gradient along the
feeding arteries. This is known as flow driven adiabatic inversion.
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However, to achieve flow driven adiabatic inversion, the spins must obey the adiabatic
labeling condition [14, 100, 300]:

1 1 G-v
<<

. << ~B 2.2
T, T, By TP (2.2)

where T7 and 15 are the longitudinal and transversal relaxation times of blood, G is
the gradient amplitude, v is the blood flow velocity, B; is the applied magnetic field, and
~ is the gyromagnetic ratio. From this condition follows that the labeling efficiency in
CASL is highly dependent on the blood flow velocity and hence the RF-amplitude and
the gradient strength has to be tuned accordingly [306].
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Figure 2.4: Principle of flow driven adiabatic inversion in the reference rotating frame. The
RF field By appears constant. The applied gradient along the feeding arteries produces a spatial
depended magnetic filed which appears as off-resonance field ABy. The magnetization precesses
around the effective field By, which is the vector sum of the B; and the spatial dependent AB
field. As the blood spins move along the applied gradient filed the effective field changes from
upstream to downstream inverting the blood magnetization.

The continuous labeling over a long period of time allows on the one hand to achieve
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a steady-state condition of labeled blood in the tissue, thereby increasing the ASL signal
but on the other hand produces magnetization transfer effects [66, 300]. Indeed, the long
off-resonance pulse saturates bounded protons on macromolecules in the tissue due to their
broad resonance frequency. These saturated protons will than exchange its magnetization
with that of ”free” water causing a reduction in the free proton magnetization [100]. If the
magnetization transfer (MT) effect is only present in the label image, the difference signal
would indicate a combination of perfusion and magnetization transfer contrast, leading to
an overestimation of CBF [68]. Hence, a control preparation is necessary which produces
the same amount of MT contrast but without labeling of the spins [271].

Image
Labeling Waiting acquisition

Labeling Condition Control Condition 1 Control Condition 2
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RF

Gslice L

2,+/(G):
2-/(G)

Figure 2.5: Labeling (A) and control (B, C) conditions for a CASL experiment. The control
condition 1 can be used for accounting MT effects in single slice acquisition. Control condition 2
uses a double inversion of the inflowing blood to account for MT effects and can therefore be used
for multi-slice acquisitions.
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Figure 2.5B illustrates the original approach of CASL to control MT effects [300]. To

achieve a symmetric off-resonance saturation in control and label image, the inversion
plane is shifted with -d outside the brain. This produces the same amount of MT effects
but do not alter the inflowing blood, because the inversion plane is located outside the
brain.
While this approach works well for single-slice acquisition it is not easy extendable to
multi-slice acquisitions, because the long RF pulse is applied concurrently with a gradient
and thus renders slice specific MT effects [36]. To mitigate this shortcoming Alsop et al.
proposed an amplitude modulated approach [7] (Figure 2.5C). During the control condition
the RF pulse with a carrier frequency fy is modulated with a sine-wave with frequency
f1 producing two resonances. Thus, the amplitude modulated pulse has two frequency
components fo — f1 and fo + f1 with an offset of +f; from the frequency of the original
labeling pulse. Together with the magnetic field gradient the amplitude modulated pulse
performs two adiabatic inversions concurrently. Spins flowing through the first resonance
gets inverted and they got re-inverted as they flow through the second resonance. In
other words, the amplitude modulated RF pulse together with the magnetic field gradient
produces two labeling planes with an offset in position of z = —f; /(yG) and z = f1/(7G)
from the original labeling plane. [7, 271] Both, control and label condition use now the
same gradient and RF pulse, exhibiting the same amount of M'T contrast and hence enables
multi-slice acquisitions. However, the double inversion in the control condition is not ideal
and reduces the labeling efficiency by approximately 32% [7]. A more intuitive approach
is to use a two-coil setup consisting of a small labeling coil placed in the neck region
near the carotid arteries and a second receiving head coil [124, 259, 326]. The spatial
range of the produced Bj field is limited to a localized region around the carotid arteries.
Consequently, blood spins in the neck region are successfully inverted but no MT effects
are produced in the brain, because the B; field does not extend sufficiently far [36]. The
second coil is then used for imaging. This approach works well for single and multi-slice
acquisition as the control image does not need a MT preparation [236]. In theory this
approach is very simple but in practice it requires additional hardware (separate coil and
transmit channel) that has to be synchronized with the MRI pulse sequence and wearing
an additional neck coil reduces the comfort of subjects [120].

In general, the additional need of specific hardware, the high sensitivity to MT-effects,
and the high specific absorption rate (SAR) makes the implementation of CASL for mea-
suring perfusion in human quite challenging. Consequently, CASL has been replaced by
another technique called pulsed arterial spin labeling (PASL). [77, 151]

2.4.2 Pulsed Arterial Spin Labeling (PASL)

The basic principle of PASL is shown in Figure 2.6. Instead of applying a continuous
RF-pulse, PASL uses a short slab selective adiabatic pulse (typically 10-20 ms) to invert
the blood water spins in a broad range of the feeding arteries. The slab is typically 10-15
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cm thick resulting in a labeling duration of approximately 0.7 to 1.2 s for a healthy
subject [308]. However, the exact temporal width of the bolus is unknown and depends
on the blood flow velocity, which can be highly different in patients with cerebrovascular
disease, or even between different arteries leading to quantification errors in the original
approaches [308]. Wong et al. introduced a technique called quantitative imaging of
perfusion using a single subtraction (QUIPSS)/quantitative imaging of perfusion using a
single subtraction version II (QUIPSS II) [308] to define the temporal width of the bolus
in PASL. In QUIPSS II a saturation pulse is applied to the labeling slab at time point
TI1 to saturate the inflowing blood during both control and label condition. Thus, the
signal contribution after the time TI1 is equal in the control and label condition and
cancels out during subtraction. Thereby ”cutting” the bolus at a defined temporal width
of TI1 across subjects [308]. The principle of this technique is schematically illustrated
in Figure 2.6 in pink. An adaptation of QUIPSS II was proposed by the same group one
year later, which replaces the slab selective saturation pulse by a train of thin-sliced
saturation pulses applied at the distal end of the labeling slab, called QUIPSS II with
thin-slice TI1 periodic saturation (Q2TIPS). This smaller pulse is less sensitive to B
variations and has a sharper slice profile resulting in an improved bolus width and
quantification accuracy [170].

Similar to CASL, the labeling RF pulse produces MT effects, which have to be considered
in the control condition. However, this effects are much smaller due to the short pulse
duration and can be easily accounted by applying for example an off-resonance RF pulse
with the same power during the control condition (Control Condition in Figure 2.6) [304].

Due to its easy implementation, low SAR, and high labeling efficiency (> 95%) [308],
many PASL techniques were developed with increasing success in perfusion imaging in-
cluding: flow-sensitive alternating inversion recovery (FAIR) [144, 152], signal targeting
with alternating radio frequency (STAR) [77], proximal inversion with a control for offres-
onance effects (PICORE) [304], un-inverted flow-sensitive alternating inversion recovery
(UNFAIR) [118], unprepared basis and selective inversion (BASE) [226], flow-sensitive al-
ternation inversion recovery excluding radiation damping (FAIRER1) [331], flow-sensitive
alternation inversion recovery with an extra radio frequency pulse (FAIRER2) [174], dou-
ble inversions with proximal labeling of both tag and control images (DIPLOMA) [136],
transfer insensitive labeling technique (TILT) [102], quantitative star labeling of arterial
regions (QUASAR) [200], and pulsed star labeling of arterial regions (PULSAR) [101].
To give an complete overview of all available techniques is out of scope of this thesis, but
the interested reader is referred to [14, 15]. In the following section the three major types
of PASL (STAR, PICORE, FAIR) [6] are presented. Their basic principles are shown in
Figure 2.7.
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Figure 2.6: Basic principle of PASL with QUIPSS II (pink colour) to control the bolus width.
After a predefined time interval T'I1, a slab selective saturation pulse is applied in the control and
label condition. Both, labeled and unlabeled blood spin are saturated producing the same amount
of signal in the images. Thus, the labeled bolus is ”cutted” at the time point T'I1.
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Figure 2.7: Basic principle of the three major PASL techniques.
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2.4.2.1 Signal Targeting with Alternating Radio Frequency (STAR)

STAR was the first implementation of PASL [77] (Figure 2.7). It was originally combined
with an echoplanar imaging (EPI) readout and thus it is often referred as echoplanar
imaging and signal targeting with alternating radio frequency (EPISTAR) in the literature.
In STAR the arterial blood is inverted in an area proximal to the imaging region using a
short slab selective adiabatic inversion pulse [35, 77]. This RF pulse inverts the inflowing
blood but produces additional MT contrast in the label image. Similar to CASL in the
control condition the same RF pulse is applied but with negative gradient to account
for the MT effect. In case of symmetric MT effects on either side of the imaging region
the MT contrast cancels out during the subtraction. Indeed, the inversion labels the
spins above the imaging region leading to potential venous contamination if the inversion
slab lies within the brain. In addition, the MT effects are only minimized for a single
slice [14, 77]. Edelemann and Chen [76] proposed a modified version of STAR to account
for MT contrast in multi-slice imaging and potential contamination of inflowing blood
inferior to the imaging slice in the control condition. In this updated version, the control
condition consists of two slab-selective adiabatic inversion pulses, which are immediately
applied to the labeling region. This double inversion leads to no net labeling of the blood
spins. In practice, the double inversion is not perfect because some fast spins have already
left the labeling slab and spins on the boarder of the labeling slab do not experience
full inversion due to imperfect slab profiles [14, 76]. This effects results in quantification
errors of the CBF and consequently leads to the development of another technique called
PICORE [304].

2.4.2.2 Proximal Inversion with a Control for Offresonance Effects (PICORE)

PICORE is a modification of the original STAR technique (Figure 2.7). It uses the same la-
beling condition as STAR, inverting the blood in a slab proximal to the imaging slice [304].
In the control condition the RF pulse is applied without a field gradient and the frequency
of the RF pulse is additionally shifted so that the imagine plane experience the same
off-resonance as in the labeling condition. This ensures equal MT effects for control and
label images. Since the RF pulse is non-selective, this technique takes advantage that
no inversion of the spins occurs distal to the imaging plane avoiding potential venous
inflow. [35, 304]

2.4.2.3 Flow-Sensitive Alternating Inversion Recovery (FAIR)

FAIR was independently developed by Kwong et al. [152] and Kim et al. [144] shortly
after STAR (Figure 2.7). In contrast to STAR and PICORE, the labeling is applied
symmetrically with respect to the imaging volume and creates positive perfusion contrast
(label image has a higher signal than the control image). The symmetric nature of this
technique automatically corrects for the MT contrast in the PWI. In the labeling condition
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a slice, or slab selective inversion pulse is applied to the imaging region. This inverts the
blood and tissue spins within the imaging region but leaves the inflowing blood spins
unchanged. The control condition uses the same, but non-selective inversion pulse leading
to a global inversion of the tissue and blood spins within the range of the RF-transmit coil.
Consequently, inflowing blood from both sites of the imaging slice gets labeled. If both
RF pulses perfectly invert the spins in the imaging region, the signal from the static tissue
is equal and cancels out in the difference image. Hence, the difference image contains
only information from the inflowing labeled blood. Due to the positive perfusion contrast,
the PWI is achieved by subtraction the control image from the label image, which is
different to other PASL and CASL techniques. In practice, the slice selective inversion
pulse dose not produce a perfect inversion over the whole region, because the slice-profile
is not perfectly rectangular. Thus, in a typical FAIR experiment the spatial width of the
slice-selective pulse is twice the width of the imaging slab so that the uniform center of
the pulse covers the whole imaging slice. [35, 144]

2.4.3 Pseudo-Continous ASL (pCASL)

Pseudo continous arterial spin labeling (pCASL) is a hybrid labeling method combining
the advantages of PASL and CASL and therefore provides a better balance between SNR
and tagging efficiency [312]. PCASL was introduced by Dai et al. [56] and Wu et al.
[312] and mimics the flow driven adiabatic inversion effect of CASL in a piecewise manner
(Figure 2.8). A train of short and equally spaced RF pulses in combination with a gradient
field along the direction of blood flow inverts the blood spins. Compared to CASL, the RF
duty cycle and the SAR are reduced, and an application on standard MRI scanner without
the need of additional hardware is possible [6]. Splitting up the long constant rectangular
RF pulse in short successive rectangular pulses leads to additional periodic labeling planes
at locations z governed by the spacing of the RF pulses At, and the gradient strength
G (2 = n/yGAt) [56]. To suppress the aliased labeling planes, typically a Hanning-
shaped pulse in combination with strong gradients during the RF pulse, typically 10 times
stronger than for CASL, are applied. This makes the RF pulse spatially more selective and
suppresses the aliased planes well, noting that the position of the aliased labeling planes
are dependent on the mean gradient Guper (2 = 1/7Gaperd). In general, aliased labeling
planes are well suppressed if the following condition is met: [56]

Gmax S>> g
Gaver 5’

where G4, is the amplitude of the gradient during the RF pulse, Ggyer is the average

(2.3)

gradient between the center of two successive RF pulses, At is the time interval between
two RF pulses, and ¢ is the pulse duration (Figure 2.8). The train of RF pulses generates
a pulsed steady stead with an average By field comparable to CASL. During the RF gaps
gradient rewinders are used to keep the averaged gradient amplitude low and comparable
to CASL (approximately 1 mT/m), ensuring that the adiabatic conditions are met
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(Figure 2.8). The net average gradient leads to a phase accumulation of the flowing
spins between successive RF pulses. To match the phase evolution, a phase increment of
AP = YGaperAzAt has to be applied to each following pulse, where Az is the labeling
slice offset from the isocenter [8]. Once the label image has been acquired, a carefully
designed control condition is necessary to eliminate residual MT errors. The application
of the strong gradient during the RF-pulse train has the advantages that the MT effect is
much smaller compared to CASL, because the RF pulse becomes further off-resonant
relative to the imaging region [6]. The control condition can be implemented as balanced
pCASL [305, 312] or unbalanced pCASL [56] (Figure 2.8). In balanced pCASL the same
gradients as for labeling are used but every subsequent RF pulse maintains a 180° phase
shift. This is achieved by alternating the sign of subsequent RF-pulses leading to an
average B of zero and no effective labeling of the blood spins, while maintaining the
same averaged RF power as in the label condition. [56]

In unbalanced pCASL (Figure 2.8) the gradient waveforms are different between label
and control condition. Here the term unbalanced might be confusing since the gradients
and the RF in the control condition are fully balanced similar to a balanced steady state
free precession (bSSFP). The balanced gradients in the control condition eliminate the
labeling effect while keeping the same RF power as in the label condition. [312]

In general, the balanced gradients in the control and label condition better matches
possible eddy current related artifacts i.e. Wu et al. observed a shift in phase encoding di-
rection between control and label images [312] for the unbalanced case. This might results
in subtraction and quantification errors. On the other hand, the unbalanced approach is
less sensitivity to off-resonance effects resulting in higher labeling efficiencies [14, 312]. Due
to the lower sensitivity to off-resonance effects the unbalanced method is the recommended
approach for pCASL experiments [8, 312]. In contrast to CASL the well matched control
condition for multi-slice imaging lead to a higher labeling efficiency for pCASL [312].
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Figure 2.8: Basic principle of pCASL. The combination of short RF pulses with an average
gradient along the feeding arteries, leads to a flow driven adiabatic inversion of the blood spin.
During the control conditions the same RF power is applied to match MT contrast between control
and label condition.
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2.4.4 Comparison of pCASL and PASL

In PASL a single adiabatic pulse creates the entire bolus in a few milliseconds, which is
very robust to field inhomogeneities [8]. Additionally, it is relative insensitive to blood
velocity due to the short pulse duration. The labeling efficiency varies by less than 1% for a
velocity range of 0-100 cm/s [308]. It has a very low power deposition, which is especially
beneficial for higher field strength. In contrast, pCASL relies on the principle of flow-
driven adiabatic inversion and thus is more prone to By inhomogeneities in the labeling
plane. In addition, it is highly dependent on the blood velocity resulting typically in a
lower labeling efficiency of 85% compared with PASL with 98% [8]. Although the labeling
efficiency is higher in PASL, the overall SNR in much lower compared with pCASL. This
occurs for two reasons: First, pCASL continuously labels the inflowing blood resulting in
a much longer bolus duration with a higher SNR. In PASL the bolus duration is limited
by the spatial coverage of the RF-transmit coil leading to an overall reduced SNR [6].
Second, the Ti-decay of the bolus is higher for PASL, because of the large labeling slab
some labeled blood is further away from the imaging region. Thus, the bolus is decaying
with 77 before it leaves the distal end of the labeling region leading to a reduced SNR. A
direct comparison of PASL and pCASL is shown in Figure 2.9. In summary, the high SNR
efficiency (50% improvement compared to PASL) [312], the improved repeatability [48],
the well defined bolus duration and the sharp bolus makes pCASL the recommended
labeling approach for ASL [8].

Subject 1 Subject 2
PASL PCASL PASL PCASL

PWI in a.u.

N O

TSNR in a.u.

0

Figure 2.9: Direct comparison of PASL and pCASL using the recommended parameters from
the International Society for Magnetic Resonance in Medicine (ISMRM) consortium and perfusion
study group [8].
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2.5 Labeling Duration and Waiting

After the arterial blood water has been labeled, the bolus needs some time to travel from
the labeling plane to the capillaries, where they exchange with the tissue water. Hence, a
waiting period called PLD is introduced between labeling and imaging acquisition. The
definition of the labeling duration and PLD is slightly different between ASL techniques.
Figure 2.10 shows the timing diagram for pCASL and PASL acquisitions. In PASL the
bolus is immediately created and the labeled spins travel to the tissue of interest during
the time period TI. As previously described, techniques such as QUIPSS II are necessary
to achieve a well-defined bolus width. The start of the QUIPSS II block defines the bolus
duration TI1, which is analogues to the labeling duration (LD) in CASL/pCASL. The
effective waiting period in PASL is then defined as (TI- TI1). This is equal to the definition
of PLD in CASL/pCASL. [8, 45]

Image
Labeling Waiting acquisition

CASL/

pcasL NN L

Labeling duration (LD) Post labeling delay (PLD)

< g 3 >
pasL I 1 -
< TI1 >
Inversion Time (TI)
<< >

Figure 2.10: Schematic timing diagram for the three major parts of an ASL experiment. The
blue block refers to the labeling period, the pink block in PASL refers to QUIPSS 11, and the green
block to the readout.

The labeling duration depends on the used labeling technique. In general, a high
labeling duration is beneficial as this accumulates the tracer in the capillary bed of the
measured organ and translates directly in an increased SNR [45]. For pulsed ASL the
labeling duration is limited to the spatial coverage of the transmit RF coil and is typically
less than 1 s [8, 308]. Hence, the consensus paper recommends a LD of 0.8 s for PASL [8].
The CASL or pCASL approach provides the possibility to label the blood over seconds
to create a long sharp bolus. However, the Tj-relaxation of blood, which is 1.65 s at
3T [169], limits the labeling time to a certain extend. For those approaches the consensus
paper recommends a labeling duration of 1.8 s, which provides a good trade of between
bolus duration and tracer decay [8]. Different studies suggest that an even longer labeling
duration of up to 3 seconds can be very beneficial and improves the reliability of the CBF-
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maps for patients with cerebrovascular disease such as moya-moya [81].

Similar to the labeling duration the post labeling delay is always a compromise. On
the one hand a long PLD gives the tracer sufficient time to travel to the capillary bed,
maximizing the ASL signal and avoid miss-quantification in CBF. On the other hand,
the tracer exponentially-decays during the waiting period with a time constant 7T of the
residing compartment (mostly in the arterial blood compartment with a T} of 1.65 s at
3T [169]). The influence of the PLD on the ASL signal is illustrated in Figure 2.11. For a
too long waiting period the ASL signal is very small and dominated by noise. If the PLD
is too short an angiogram is obtained showing the major vessels in the brain. Therefore,
the optimal PLD would be equal or slightly higher than the expected arterial transit time
(ATT). The ATT refers to the time it takes for the labeled spins to go from the labeling
plane to the tissue of interest. For healthy subjects the ATT is typically in the rang of 1.5
s for young and 2.0 s for old subjects [8, 165]. This advises a PLD of 1.5 s for children,
1.8 s for subjects < 70 years, and 2 s for subjects > 70 years [8]. Especially for clinical
applications, where the presence of long ATT is very likely, a careful setting or combination
of LD and PLD [8, 320] is very important. For example Fan et al. compared ASL with
PET measurements for moya-moya patients. He found a higher correlation between those
techniques using a long LD of 3 s and a PLD of 4 s, than using the recommended settings
from the consensus paper [81].
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Figure 2.11: PWI at 16 different PLDs using pCASL labeling with a labeling duration of 1800
ms. PLD increases (200 ms) from left to right and top to bottom, starting with a PLD of 0 ms.

2.5.1 Single vs Multi Post Labeling Delay

The recommended clinical ASL protocol uses a single labeling duration and post label-
ing delay because it is easy to implement and allows to boost the SNR by repeating the
measurements [8, 45]. As previously mentioned, two main limitation of single PLD ac-
quisition exists: First the CBF is underestimated in areas where the ATT of the blood
is higher than the selected PLD; And second for a too short PLD, or for subjects with
prolonged ATT, hyper-perfusion areas are visible. These areas are related to the pres-
ence of labeled blood in the vessels, known as vascular artifacts. These vascular artifacts
complicate clinical diagnosis in patients with stroke, steno-occlusions of moya-mayo dis-
ease [320]. For such cases, the right choice of the PLD is very important to increase the
reliability of the CBF-map. In general, the PLD should be longer as the expected ATT
in the imaged tissue. In practice, the right choice of the PLD is difficult, because the
ATT is not known in advance and varies between healthy subjects and even in patients
with the same vascular disease. Alternatively, the ASL signal can be sampled over time,
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acquiring several images with different PLDs. Typically from a short PLD to a long PLD.
By applying a kinetic model to the time series the potential bias in CBF due to unknown
ATT can be reduced [8, 34]. In addition, the ATT, another important parameter can be
estimated simultaneously (see section 2.8). The ATT can reveal additionally clinical rele-
vant information i.e. distinguishing between a real hypoperfusion and an artificial created
hypoperfusion due to prolonged ATT, or identification of boarderzone sign and collateral
flow [320]. However, the higher number of PLDs leads to an increase acquisition time.
Furthermore, for longer PLDs the SNR decreases due to the Tj-relaxation of blood and
the increased repetition time, allowing to acquire a lower number of averages in the same
acquisition time. In a time matched acquisition this can lead to a higher bias and error in
CBF compared with single-PLD acquisitions [311]. Woods et al. proposed a framework to
optimize the multi-PLD protocol for different readout schemes and expected ATT ranges
to improve the reliability of CBF and ATT maps [311]. Another approach uses a short
low resolution prescan to estimate the expected ATT and adapts the protocol specific to
the patients [58]. A smart way to boost the SNR of multi-PLD acquisitions was recently
proposed by Guenther et al. [108], called time-encoded ASL, and will be described in
section 2.9.3 ”Time Encoded ASL”.

2.6 Readout Approaches

The third and last block of an ASL experiment is the image acquisition. The first imple-
mentation of ASL used a simple two-dimensional spin echo sequence [66]. In this proof of
principle study only one single-slice were acquired. It soon became clear that fast imaging
techniques are necessary to achieve a good SNR in an acceptable acquisition time. The
first fast imaging technique used for ASL imaging in the human brain was EPI [77]. In
principle any developed readout technique for MRI is applicable for ASL imaging. The
following section describes three most widely used techniques for ASL imaging. These
readout approaches are also recommended in the consensus paper [8].

2.6.1 2D Readout Approaches
2.6.1.1 2D - Echo Planar Imaging (EPI)

Multi-slice EPI is one of the most common readout approaches in neuroimaging, in
particular for functional magnetic resonance imaging (fMRI), diffusion, and perfusion
imaging. It was originally developed by Peter Mansfield in the early eighties [181]. With
this snap-shot technique a complete two dimensional image can be acquired within 20-50
ms [20]. The sequence diagram is shown in Figure 2.12. A slice selective excitation
pulse (usually 90°) is used to create a free induction decay (FID). The readout (Greaq)
and phase-encoding gradient (Gppese) starts with a prephasing gradient causing a phase
dispersion of the transverse magnetization. Both prephasing gradients position the
k-space trajectory at kp, in  and y direction (red point in Figure 2.12). Immediately
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afterwards, a readout gradient (blue) with different polarity is applied. This causes the
spins to partially rephase producing a gradient echo. During this readout gradient the
kspace line traversing from -k min t0 kzmas is acquired. The vertical location of the
trajectory is modified by applying small phase-encoding gradients (green), known as
gradient blips, in between the readout gradients. The followed negative readout gradient
(pink) creates a second gradient echo which is acquired while traversing back through
the k-space. [20] This process is repeated until the full k-space is acquired. Typically EPI
is applied as a multi-slice acquisition and subsequent slices are acquired by repeating the
the whole procedure again. For multi-slice ASL imaging, an ascending slice order is
recommended as the blood flows from the neck to the brain leading to prolonged ATT for
superior slices. Note that this acquisition order prolongs the PLDs for subsequent slices. [8]

While EPI is a very effective imaging method, it does suffer from several artifacts. The
T3 signal decay during acquisition results in an exponential filtering of the k-space along
the phase encoding direction causing blurring in the image space. However, the blurring is
not very significant if the acquisition time is small or comparable to the T3 decay constant
of the tissue, because the windowing function is asymmetric around the k-space. Meaning
that high negative frequency components at location ky ,;, are enhanced compared with
the signal at the center k-space (kg), partially offsetting the diminished positive frequency
components at Ky maz. [35]
In addition to blurring, the narrow bandwidth in the phase encoding direction causes
prominent chemical shift artifacts in EPI images. Fat signal arising from the skull marrow
or the scalp is shifted in the phase encoding direction [35]. Chemical shift artifacts can be
reduced using fat saturation pulses applied immediately before the readout.
One of the most prominent artifacts in EPI is Nyquist ghosting [20, 298]. Nyquist ghosts
appear as N/2 shifts of the image in the phase encoding direction and are caused by timing
differences between even and odd echos. The even and odd echos are formed by different
gradient polarity which are mostly not perfectly balanced due to eddy currents. The eddy
currents produces magnetic fields, which in turn delays or advances the time of refocus-
ing. [20, 35] Nyquist ghost are routinely minimized using the reference line approach [115].
Another typical artifacts in EPI are distortions and signal dropouts in the images due
to Bp-field inhomogeneities. The field inhomogeneities causes an additional phase offset,
consequently leading to errors in the spatial encoding. This miss localization accompanies
a displacement in the reconstructed image [35]. The geometric distortions are propor-
tional to the field of view (FoV) in phase encoding direction, echo-spacing, and the By
inhomogeneities [20]. Thus, a higher bandwidth, parallel imaging, or advanced shimming
techniques can help to reduce the amount of distortions. In addition, field maps can be
acquired and used in a post-processing step to minimize the distortions [322]. In addition
to distortions, areas of high susceptibility changes such as tissue-air interfaces (sinus cavi-
ties) can cause signal dropout in gradient-echo based EPI [35]. The signal dropout can be
eliminated by using a spin-echo based EPI sequence. However, this prolongs the readout
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time and is thus typically not recommended for ASL imaging [45].
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Figure 2.12: Sequence diagram for a multi-slice 2D-EPI readout and corresponding k-space
trajectory. Consisting of a slice-selective excitation, followed by pre-phasing gradients (red) and
a train of bi-polar readout gradients (first blue, second pink) with small phase blips (first green)
during the readout gradient switching.
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2.6.2 3D Readout Approaches
2.6.2.1 3D - Gradient and Spin Echo (GRASE)

The gradient and spin echo (GRASE) sequence is a hybrid method combining a rapid
acquisition with relaxation enhancement (RARE) with an EPI readout. It was proposed
by Oshia and Feinberg [194] as a fast 2D readout alternative to EPI. In their original
work the full k-space was acquired by alternating refocusing pulses and short EPI-trains.
So, during each spin-echo a short number of gradient echos are created, minimizing the
off-resonance effects compared with EPI. Since ASL is a low SNR technique, the original
2D readout was extended to 3D, including a slab selective excitation in combination with
a second phase encoding direction. The larger slab contains a higher number of protons
which increases the SNR [109]. Figure 2.15 shows the pulse diagram for the 3D GRASE
readout. A slab selective excitation pulse (usually 90°) is applied to create a transverse
magnetization. After TE/2 a refocusing pulse is applied to form a spin echo at time
point TE. Right before and after the refocusing pulse, additional crusher gradients (blue)
are used to spoil the FID. During the spin echo an EPI readout is applied, producing a
train of gradient echos thereby acquiring one kspace partition. Before the next refocusing
pulse is applied all gradients are fully balanced. The second partition is acquired by
applying again a refocusing pulse followed by an EPI readout. It becomes clear that the
total number of echos is given by the number of created spin-echos multiplied by the
number of gradient echos. Typically a center out acquisition ordering is used to achieve
higher SNR, meaning during the first spin echo the center partition (k, = 0) is acquired,
followed by a zig-zag acquisition of the subsequent partitions (+1/-1/+2/-2 etc.). [20, 194]

The 3D GRASE readout has inherently the same problems as the previous described
EPI acquisition. In addition, the longer echo train length leads to an exponential filtering
of the k-space along the second phase encoding direction leading to blurring in the image
space. The amount of blurring depends on the k-space acquisition order and echo train
length. This effect is illustrated in Figure 2.14 for 3 different echo train length. The
amount of blurring and the sensitivity to off-resonance effects can be reduced by using
segmented acquisitions as recommended by the consensus paper [8]. In addition, variable
flip angle approaches [162], parallel imaging techniques [73], or deblurring methods [94]
were proposed to account for this effect and will be discussed in more detail in chapter 7.
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Figure 2.13: Sequence diagram for a 3D-GRASE readout and corresponding k-space trajectory.
During each spin echo one k, plane is acquired using an EPI readout. Crusher gradients (blue) are
applied to spoil the FID and gradients are fully balanced between successive RF refocusing pulses.
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Figure 2.14: Influence of echo train length on the CBF-maps. Echo-train length (segments) from
left to right: 270 ms (3), 405 ms (2) and 810 ms (1). A longer echo train leads to a broader point
spread function (PSF) accompanied by a stronger blurring.

2.6.2.2 3D - Rapid Acquisition with Relaxation Enhancement Stack of Spirals

3D RARE-stack of spirals (SoSP) is another technique for acquiring a whole volume within
a single shot [133, 283]. It is based on the same principle as the GRASE acquisition but re-
places the EPI readout with a spiral readout in between the refocusing pulses. Figure 2.15
shows the pulse diagram of the RARE-SoSP acquisition. A slab selective excitation pulse
followed by a refocusing pulse is applied to generate a spin echo. Again, before and after
the refocusing pulse crusher gradients (blue) are used to spoil the FID. During the spin
echo a spiral trajectory is acquired. This is achieved by modulating the amplitude of the
sinusoid phase and readout gradient. At the beginning of the readout both gradients are
zero, hence the spiral trajectory starts at the k-space center. As the readout progresses,
the amplitude of the gradient increases until the maximum k-space radius is reached.
Then, rewinding gradients are used to bring the trajectory back to the k-space center. [20]
The missing phase encoding steps leads to a much faster readout compared with EPI,
thereby reducing the echo time and potentially signal dropout artifacts. However, By
inhomogeneities leads to blurring in the images, which is difficult to correct in postpro-
cessing. [45] In addition, advanced reconstruction methods are necessary for obtaining
the image from the non-Cartesian trajectory [14]. A detailed comparison of 3D RARE-
SoSP with 3D GRASE is given in Vidorreta et al. [281]. The authors conclude that the
3D-RARE-SoSP outperforms 3D-GRASE due to higher spatial and temporal SNR and
reduced through plane blurring due to its shorter effective echo time. However, these
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Figure 2.15: Sequence diagram for a 3D-RARE-SoSP readout and corresponding k-space trajec-
tory. During each spin echo one k, plane is acquired using a spiral readout. Crusher gradients
(blue) are applied to spoil the FID and gradients are fully balanced between successive RF pulses.

advantages comes at the cost of slightly increased in-plane blurring due to off-resonances
and missing sampling of high frequency components [8, 281]. Note that we described an
equally spaced spiral readout. Modifications such as variable density spiral readout [43]
exists, which provides higher SNR and additionally allows to extract motion information
from the dense sampled k-space center between averages [257].
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2.6.3 2D vs 3D Readout

As previously mentioned 2D and 3D readouts have its own advantages and disadvan-
tages. The consensus paper recommends segmented 3D readouts, either GRASE or RARE-
SoSP [8]. The 3D readouts provides a higher SNR and allows efficient background suppres-
sion of the static tissue (see section 2.7) compared with 2D readouts. This increases the
spatial and temporal SNR, resulting in a higher image quality. However, segmented read-
outs are prone to motion-artifacts and if excessive motion is expected a fast 2D acquisition
is preferable [8]. Figure 2.16 shows the typically image quality of a CBF-map acquired
with a 2D-EPI and a 3D-GRASE readout. The acquisition time was kept constant with

5 minutes.
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Figure 2.16: Comparison of CBF-maps obtained with a 2D-EPI and a 3D-GRASE readout. The
CBF-maps from the 3D-GRASE show a higher temporal signal to noise ratio (TSNR) and hence
a better image quality.

2.7 Background Suppression

In an ideal ASL experiment the signal intensity of static tissue is identical in the control
and label condition and cancels out in the subtraction process. The remaining signal
intensity in the difference image is proportional to the perfusion. Typically, the ASL
signal is in the order of 1% due to the low amount of blood volume (3-5%) in a given



34 Chapter 2. Arterial Spin Labeling

voxel [14]. Thus, even a small fluctuation of the tissue signal will swamp the effect of
perfusion. ASL measurements are therefore very sensitive to changes in the tissue signal.
In practice, these fluctuations are many times higher than the ASL signal and are caused
by physiological effects and subject motion. As the degree of variations scales with the
tissue signal, techniques eliminating the unwanted signal while retaining the ASL signal
are of high importance. [8, 14, 96, 283] This techniques are called background suppression
and leads to increased temporal stability and accompanied increased quality of the CBF-
maps [96, 179, 318|.

The background suppression technique employes a carefully designed combination of pre-
saturation and inversion pulses to eliminate the contribution of static tissue signal at the
time of imaging. An example timing diagram using one pre-saturation and two background
suppression (BS) pulses is shown in Figure 2.17. The degree of signal attenuation is a
function of the longitudinal tissue relaxation time 77 and the number of used inversion
pulses i.e. with 2 inversion pulses the magnetization of two different tissue types can be
eliminated at imaging time. [8, 14, 96]
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Figure 2.17: Timing diagram for BS in an ASL experiment with the corresponding signal evo-
lution of GM, WM, and CBF tissue magnetization. For the 3D acquisition the BS is optimal for
the whole volume, whereas in the multi-slice 2D readouts the signal evolution results in a poorer
BS for subsequent slices.
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As illustrated in Figure 2.17 the background suppression is only optimal at one point

of time. Thus, for multi-slice 2D-readouts the degree of BS decreases from slice to slice.
Usually the images are acquired in ascending order leading to a perfect background sup-
pression for the most caudal slice and the worst BS for the most rostal slice. Accompanied
with the imperfect BS is a reduced TSNR for upper slices and a contrast change in sub-
sequent acquired images. This cause several additional problems if through plane motion
occurs (see section 2.10.2 ”Background Suppression”). In contrast, 3D readouts provides
an optimal background-suppression for the whole acquisition volume.
ASL experiments conducted with BS have typically a much higher TSNR and are thus
highly recommended by the consensus paper in combination with 3D-readouts [8]. Fig-
ure 2.18 shows the benefit of background suppression using one pre-saturation and two
inversion pulses in combination with a 3D-GRASE readout. However, there are also quan-
tification issues accompanied by BS, which are discussed in section 2.10.2 ”Background
Suppression”.

3D GRASE with BS 3D GRASE without BS

PWI in a.u.

TSNR in a.u.

Figure 2.18: Effect of BS on an ASL experiment using a 3D-GRASE readout. BS increases the
TSNR and is accompanied with an improvement in image quality.

2.8 Quantification Models

One of the main advantages of ASL is the possibility of absolute quantification. This
feature has led to the rapid development of ASL over the past two decades. In ASL, the
difference signal between control and label image is proportional to the amount of blood
delivered to the tissue. To obtain quantitative values of perfusion from the difference
image a detailed model that combines kinetics and relaxation is necessary [35]. The
current standard approach for modeling the ASL signal is based on a single compartment
model [34, 66]. This basic model is recommended by the consensus paper and will be
discussed in more detail throughout this section [8].
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2.8.1 Bloch Equation Model

The first approach for modeling the ASL signal was introduced by Detre et al. in 1992 [66]
and is known as Bloch equation model or as Tj-quantification model [51, 66]. In this
model, the Bloch equation for the longitudinal magnetization was modified by including
flow effects (equation 2.4). The delivery term fM,(t) describes the flow of magnetization
into the voxel and the clearance term fM,(t) the decrease of magnetization due to outflow
of the labeled blood.

dMy(t) Mo — My(t)
. T,

where M; is the longitudinal magnetization of tissue, My is the equilibrium longitudinal

+ f (Ma(t) - Mv(t)) ) (2'4)

magnetization of tissue, 717 is the relaxation time constant of tissue, M, and M, are
the longitudinal magnetization of arterial and venous blood, and f is the cerebral blood
flow. This model assumes that labeled blood is provided by an uniform plug flow and
that the exchanges of tissue water and labeled blood water is instantaneously within the
voxel i.e. assuming a well mixed compartment [51, 66]. Thus, the venous outflow of the
magnetization is equal to the tissue concentration divided by the blood-tissue partition
coefficient A\ (M, (t) = M;(t)/A\). The blood-tissue partition coefficient is necessary to
take into account the slightly different water content of blood and tissue and is derived
from the PET literature [14]. Plugging in the difference signal (AM; = M;c — M, 1) in
equation 2.4 and by assuming equal longitudinal magnetization in both images we obtain
the following equation:
dAM,(t) AM(t)

- AM, (1), 2.5
i T M) (25

where T1ipp = T% + { From this follows that the perfusion signal decays with the

relaxation time constant 77 qpp.

2.8.2 (General Kinetic Model

The previous described model has several simplifications leading to potential quantifica-
tion errors. This includes variable transit time of the bolus, changes in 77 as labeled water
exchanges between blood and tissue, and incomplete water extraction [34]. Buxton et al.
formulated a general kinetic model to account for those systematic errors in ASL [34].
This general kinetic model is based on tracer kinetics theory. The tracer considered here,
are labeled blood spins traveling through the vascular system. Hence, the measured sig-
nal is a quantity of magnetization provided by the blood flow. The amount of labeled
blood spin in a voxel at timepoint ¢ depends on the history of delivered magnetization
by arterial blood flow, the longitudinal relaxation, and the clearance of magnetization by
venous outflow. [34] To describes these processes Buxton formulated three functions: (1)
The arterial input function (AIF) ¢(¢) describes the amount of labeled water molecules
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arriving in a voxel at time ¢. (2) The residue function r(t — t') is the fraction of labeled
water molecules that were delivered to the voxel at time ¢’ and is still present at time
t [34]. (3) The magnetization relaxation function m(t —t') describes the decrease in lon-
gitudinal magnetization due to the T} relaxation between timepoints ¢ and ¢’ [34]. With
the definition of these function the measured ASL signal at timepoint t is given by:

AM(t) = 2Mobf/0 et )r(t —)m(t —t)dt (2.6)

= 2Mopf {c(t) @ [r(t)m(t)]}

where My, is the blood equilibrium magnetization and f is the CBF. This general
model provides a flexible quantification approach for ASL data. It takes into account
different arterial input functions for PASL, CASL, and pCASL, the transit delay of the
bolus, and additionally different exchange mechanism (single or multi-compartment) by
choosing appropriate forms of the delivery function, residue function, and magnetization
relaxation function [34]. From this general kinetic model the de facto standard ASL model
was derived by Buxton et al. [34] by making three major assumptions:

1. It is assumed that the labeled blood water arrives the voxel via uniform plug flow.
Thus, the bolus is well defined with a temporal width according to the labeling
duration 7 and reaches the voxel after the arterial transit delay At. This is described
by the AIF ¢(t) as follows [34]:

0 t < At,

® ae t/Tie (for PASL) At <t < At+, 27)
c = .
ae”A e (for pCASL/CASL) At <t < At +,

0 At+71 <t.

The labeling efficiency o accounts for imperfect inversion of the blood magnetization.
Note that for PASL the bolus is not uniform (box car-function) because some blood
has already been decayed with 77 ; as it leaves the labeling plane. The time course of
the AIF is shown in Figure 2.19 for PASL and CASL/pCASL using the recommended
labeling parameters of 0.8 s and 1.8 s respectively [8].

2. The water exchange between tissue and blood is described by single compartment
kinetics. This means, that the labeled water exchanges instantaneously with tissue
leading to a constant tissue concentration within the voxel. Equal to the Bloch
equation model, the venous outflow is given by M (t)/\ to account for the different
water content in blood and tissue. With this assumption the residue function r(¢) is
described by [34]:

r(t) = e T, (2.8)
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3. The labeled blood water magnetization decays initially with the relaxation time
constant of blood (77 ). As soon as the labeled water molecules have reached the
tissue, the magnetization decays with the relaxation time constant of tissue 77 [34].

The magnetization relaxation function m(t) is

m(t) = e /T (2.9)

assuming a 77 of 1.33 s [34], and shown in Figure 2.19.
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Figure 2.19: Time course of the arterial input function c(t) in a simulated GM voxel for PASL
and pCASL using the recommended labeling duration of 0.8 s and 1.8 s respectively. The residue
function r(t) and the magnetization relaxation function m(t) of arterial blood in dependence of
the time are plotted. The bottom right plot shows the perfusion signal evolution dM (¢) using the
general kinetic model with the three shown functions for PASL and pCASL.

With these assumptions the signal evolution of the difference image measured with
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PASL is given by

0 t < At,
AM(t) = S 2aMo/\f (t — At) e /Tivg,(t) At <t < At+, (2.10)
2aMo /A fret/Tivg,(t) At +71 <t
with
0 t < At,
ekt(e_kAtfe_kt)
w(t) = —%an— At <t<At+T, (2.11)
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— At+7<t,
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In case of CASL/pCASL, the signal evolution of the difference image is described by

0 t < At,
AM(t) = § 20Mo/Nf Thappe ™/ T g (1) At<t<At+r, (2.14)
2aM0/)\fT1appefAt/T1,be*(tf‘rfAt)/Tlappqss(t) At+7<t,

with
0 t < At,
gss(t) = ¢ 1 — e =AD/Thamr At <t < At 47, (2.15)
1 — e 7/Thapp At+7<t.

Figure 2.19 shows the ASL signal evolution over time for PASL and pCASL using the
recommended labeling duration of 0.8 s and 1.8 s respectively [8]. The single compartment
model is currently standard for CBF quantification with ASL [8] and used throughout
this thesis. However, the assumption of a well mixed compartment does not hold in
practice. In reality, the labeled water will remain for some time in the vessels decaying
with T before it exchanges with water from the extravascular space decaying with 7.
The difference in 773 and 77 leads to quantification errors. In addition, the assumption
that all the labeled blood water exchanges with the tissue reaching an equilibrium is
incorrect [196]. Meaning that some of the labeled water will pass through the voxel
without exchanging with tissue [123, 196]. Parkes et al. proposed a two-compartment
model, to correct for this two assumptions [196, 198]. This model consists of an additional
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extravascular compartment within the voxel. The water exchange between the water and
blood compartment occurs through a semipermeable membrane [123, 196].

Both, the single and two compartment model assumes that the bolus is well defined and
at least for CASL/pCASL has a box car shape [123]. However, in reality the bolus gets
smoothed as it travels from the neck to the brain capillary. This smoothing is referred as
bolus dispersion and caused by the narrower vessels, branching, and cardiac pulsation [45].
Several approaches were proposed to account for this effect using a dispersions kernel [46,
95, 132]. The most accurate approximation of the bolus dispersion was achieved using a
gamma-variate function [46].

2.9 Advanced ASL Methods

ASL has gained increased popularity over the last years leading to the development of new
labeling, encoding, and quantification techniques. With these methods a great progress in
SNR, robustness, and acquisition speed has been made. The following section provides a
brief overview of four very promising approaches in ASL. For a general overview of recent
progresses in ASL the reader is referred to two recently published review papers from Van
Osch et al. [279] and Hernandez-Garcia et al. [123].

2.9.1 Velocity and Acceleration Selective ASL

In the current standard labeling approaches (PASL and pCASL) the labeling plane is lo-
cated proximal to the imaging region. This causes a transit delay for the labeled blood
to flow from the labeling plane to the tissue of interest. In cerebrovascular diseases this
transit delay is often much longer than the longitudinal relaxation rate of blood due to
slower blood flow, collateral flow, or stenosis [14]. This inhibits accurate measurement of
the perfusion. Velocity selective arterial spin labeling (VSASL) was introduced to address
this issue [189, 309]. In VSASL all spins flowing above a predefined velocity-threshold vep,
are labeled independent of the position. In principle, this approach removes the gap be-
tween labeling plane and tissue. The basic principle is illustrated in Figure 2.20. The first
spatially non-selective 90° pulse tips the magnetization into the transverse plane, followed
by two adiabatic non selective inversion pulses surrounded by gradients. The gradients
have a net zero moment leaving stationary spin unaffected but leading to a dephasing of
moving spins above a defined threshold ve,.. The last spatially non-selective —90° pulse
returns the magnetization into the longitudinal plane. This four-pulse velocity encoding
scheme saturates moving spins above the velocity ve,. while leaving stationary spins largely
unaffected and additionally corrects for phase shifts due to By inhomogeneities. During
the control condition the same pulse scheme is applied but without velocity-sensitizing
gradients. [14, 123, 279, 309]

As for the standard approaches, the signal in the difference image is proportional to the
perfusion. The disadvantage of VSASL is that all spins flowing above the defined veloc-
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ity threshold are labeled, independent of the location in the vascular system. This leads
to a venous contamination in the perfusion maps. From the physiology it is well known
that blood flowing from large arteries to capillaries decelerates while blood flowing from
capillaries to veins accelerates. [14, 123, 279, 309] To minimize the venous contamination,
Wong et al. came up with the idea of applying a second velocity selective ASL module
short before the readout [309]. This module again saturates spins above ve,. short before
the label image is acquired. During the control condition only the second velocity selective
module is applied with velocity sensitizing gradients. This ensures that only spins that
had a velocity v > vene at time of labeling and v < vepe at the time of imaging gives
contrast in the PWI. In addition, the time between the first and second velocity module
defines the temporal width of the bolus, similar to QUIPSS II. This approach is known
as dual VSASL and allows the quantification of CBF in absolute units. [309]

The great potential of this method lies in the spatial non-selective labeling. This al-
lows measurements in steno-occlusive or Moyamoya disease, where for traditional spatial-
selective methods the magnetization is already decayed due to the long ATT. For example,
Zaharchuk showed that the VSASL shows similar results to a pCASL approach with a very
long PLD (3000 ms) but with reduced acquisition time [320].
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Figure 2.20: Schematic overview of the velocity selective labeling module [309]. The velocity
sensitized gradients are embedded in a four pulse scheme to correct for By inhomogeneities. During
the control condition the same RF pulses are applied but without velocity encoding gradients.
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An alternative approach to distinguished between arterial and venous blood was pro-
posed by Schmid et al. [224]. This approach labels blood that accelerates or decelerates
in the vascular tree and is referred as acceleration selective arterial spin labeling (Ac-
cASL). A change in blood velocity occurs due to tortuosity of the vessels, differences in
cardiac cycle or changes in vessel diameter [224, 279]. This effects are most prominent
on the arterial side of the vascular system labeling mainly arterial blood. Figure 2.21
shows schematically the pulse sequence. The basic principle is similar to VSASL but the
gradients and pulses are designed so that their zeroth and first order gradient moments
are zero. Hence, stationary spin as well as spins with a constant velocity rephases during
the labeling module, whereas accelerated or decelerated blood above a certain threshold
Aene gets saturated [224]. Both VSASL and AccASL are very promising techniques and
still under active research at the time of writing [123].
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Figure 2.21: Schematic overview of the acceleration selective labeling module [224]. The gradients
and RF pulses are designed so that static and moving spins rephase but accelerated or decelerated
spins accumulate a phase. During the control condition the same RF pulses are applied but without
acceleration-sensitizing gradients

2.9.2 Vessel Encoded ASL (VE-ASL)

Region selective ASL provides perfusion maps of flow territories (Figure 2.22) by selectively
labeling one of the major arteries [119]. The visualization of flow territories is important
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for many application in clinical routine. In embolic stroke the location of the blood clot
can be determined [14]. In tumors, or in arterio-venous malformation vessel encoded ar-
terial spin labeling (VE-ASL) has the potential of identifying the feeding artery. This
can provide important information for treatment monitoring, therapy decision, or surgical
intervention [163]. Studies in healthy subjects show that the territories supplied by the
internal carotid artery (ICA) or vertebral arteries strongly vary due to incomplete configu-
rations or differences in the circle of Willis [119, 163]. Such information may be important
for acute stroke where these modifications could impair the collateral blood supply [163].
The current gold standard in clinical routine is digital subtraction angiography (DSA),
which allows to image a single artery by injecting a contrast agent via a catheter [163].
This method is invasive, time-consuming, and requires x-ray for imaging [163]. In a study
comparing DSA with region selective ASL in Moyamoya patients a comparable diagnostic
value was found for VE-ASL. Beside the perfusion weighted flow territory maps, dynamic
angiographic images can be obtained with VE-ASL. This allows to study the inflow of
blood in a specific territory. Three different approaches exists for obtaining flow terri-
tory maps with ASL. The most common method is based on a PASL sequence. The
labeling slab is rotated and translated in such a way that only blood in a single artery
is labeled [119]. The second approach, known as super selective pCASL, uses additional
time-varying gradients to selectively label blood in one artery [57, 117]. In principle, this
approach is not limited to the major arteries, it can be applied to every artery but requires
a careful planning based on high resolution structural and angiographic images [14]. The
third approach is called vessel encoded ASL [305]. In this approach the vessels are labeled
in a spatial different manner following a Hadamard matrix and the corresponding maps
are obtained by decoding the images [279].

2.9.3 Time Encoded ASL (TE-ASL)

Time encoded ASL is a smart way to obtain perfusion weighted images at multiple time
points. Instead of acquiring sequentially control and label images at different PLDs, the
PLDs are directly encoded in the pCASL module. Figure 2.23 shows this time-encoding
process [108]. The basic idea of this method is to divide the labeling module into N sub-
blocks or sub-boli, and assign each block a labeling or control condition according to the
entries of a N*" order Hadamard matrix. The positive entries of this matrix corresponds to
labeling and the negative entries to control condition. Each row of the Hadamard matrix
is independent and hence encodes the ASL image in an unique way. [108, 279, 286]

The principle of Hadamard encoding is illustrated in Figure 2.23 for a Hadamard 4 matrix:

-1 1 -1
1 -1 -1
-1 -1 1

H, (2.16)

I
_ = s
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Figure 2.22: Example perfusion maps of flow territories obtained by selectively labeling the left
ICA (green), right ICA (red) and the basilar artery (blue). Figure taken from [223].

For obtaining the PWI time series the N acquired encoded images are subtracted
or added according to the entries of the N columns in the Hadamard matrix (i.e. 1
corresponds to add and -1 to subtract). This step is known as decoding step (equation 2.17)
and can be described by a matrix-vector multiplication [286].

(PWI4,...,PWIy) = (IMGy,...IMGy) - Hy. (2.17)

Since each column of the matrix represents one labeling-block or subbolus, the
decoding of the N** column leads to a perfusion weighted image that contains only the
contribution of the N** subbolus. The corresponding PLD is given by the end of the N**
subbolus until image acquisition i.e. for the Hadamard-4 example in Figure 2.23 all 3
PWIs have equal LD defined by the block-length but different effective PLDs. The first or
longest PLD for PWI; ranges from the end of the first subbolus to the image acquisition.
The shortest and last PLD for PWI3 is given by the end of the last subbolus to the image
acquisition. The first column of the Hadamard matrix contains only control or label
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state. Thus, the first images is always an averaged control or label image (depending on
the state) and only NV — 1 perfusion weighted images can be obtained. [286]

This special encoding is much more efficient than acquiring sequential multi-PLD images
where 2(N — 1) images are necessary to obtain the same number of temporal information.
In addition the decoding process inherently averages the images leading to an reduction
of /(N/2) in the noise standard-deviation. This makes TE-ASL a highly temporal and
SNR efficient method to sample the ASL signal [108, 279].

In the original implementation the k-blocks were equally spaced. This results in
a short LD in combination with a very long PLD for the first PWIs reducing the
quantification accuracy [59, 110]. Several variants of time-encoded ASL were proposed
to improve the parameter estimation including the free-lunch [262], Th-adjusted [262],
or hybrid time-encoded scheme [310]. In the free-lunch approach the first block or
subbolus is typically 1.8-2.0 s long while the remaining blocks are equally split up
during a time window of 1.8 s. Thus the first column delivers a perfusion weighted
image with a LD of 1.8-2.0 s and a PLD of 1.8 s which is equal to the recommended
single-PLD acquisition [8]. The addition N — 2 PWIs can be obtained for free
(without additional scan time) yielding an additional ATT map [262]. The T}j-adjusted
approach divides the blocks in a sophisticated way, so that the signal contribution
of each block is equal at the time of imaging. Thus, the Ti-decay of the tracer is
compensated and the SNR is preserved over all images [262]. The hybrid time-encoded
scheme uses one of the three previous defined time-encoding schemes as a basis
and combines this with sequential PLD acquisition i.e. repeating the Tj-adjusted
approach three times with different PLDs between the encoding module and readout [310].

Compared with traditional-sequential ASL acquisitions time-encoding acquisitions are
much more sensitive to motion and artifacts. The decoding process involves the whole
number of time-encoded images. Thus, if only one acquired image is corrupted with
motion or artifacts all decoded images are affected. In contrast, in the sequential image
acquisition the affected image-pair can be discarded leading to a negligible loss in SNR
and information [279]. To reduce the sensitivity to motion-artifacts Samson-Himmelstjerna
et al. proposed a Walsh-ordered Hadamard matrix for encoding the ASL images [286].
This matrix rearranges the rows of a classical Hadamard matrix according to the number
of equal signs. In that case the Hadamard matrix can be divided into fully decodable
Hadamard submatrices, i.e. for a Hadamard 8 matrix a Hadarmad 2 matrix can be
obtained after two acquisitions by summing up the corresponding labeling blocks (see
Figure 2.24) [286]. In addition, a post-processing strategy have been proposed by modeling
the encoded signal in a Bayesian framework [285]. This technique allows the estimation
of CBF and ATT from a fewer number of encoded images i.e. if one or two images were
discarded due to motion or artifacts [285].
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Figure 2.23: Schematic representation of the time encoded ASL using a Hadamard 4 matrix.
The decoded images are obtained by adding or subtracting the encoded images according to the
column entries in the Hadamard matrix. Figure modified from [279]
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Figure 2.24: Schematic representation of the Walsh-ordering of a Hadamard 8 matrix. After 2
encoding steps a Hadamard 2 matrix, after 4 encoding steps a Hadamard 4 matrix and after 8
encoding steps a Hadamard 8 matrix is obtained. Figure modified from [286]
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2.10 Challenges of ASL Imaging

At present, there are numerous challenges for perfusion measurements with ASL. This
section provides an overview of these challenges and presents recent developments in this
field.

2.10.1 Signal to Noise Ratio and Partial Volume Effects

The major drawback of ASL imaging is the low signal to noise ratio. In gray matter,
perfusion replaces approximately 1% of the water protons by labeled blood water in 1 s
(assuming an average CBF of 65m/100g/min) [14]. Thus, a bolus duration of 1 s leads
to a ASL signal strength of approximately 1%. In an ideal experiment, this small signal
strength would be enough for accurate perfusion measurement. In practice, the ASL signal
is affected by several sources of noise including thermal noise, hardware instability, physi-
ological noise, and subject motion. The most prominent source is physiological noise and
subject motion, which is several factors higher than the original ASL signal [14]. A detailed
explanation concerning the noise in ASL imaging will be given in chapter 4. Improvements
in SNR were achieved through the use of advanced hardware [263], sophisticated label-
ing [56] and readout schemes [109, 283], background suppression techniques [179, 318],
and post-processing methods such as motion-correction, outlier detection and denois-
ing [84, 293, 294, 299], which will be described in chapter 3. Beside this sophisticated
methods, a very effective way to improve the SNR in ASL images is to increase the voxel
size. A larger voxel contains more protons and thus increases the ASL signal. Figure 2.25
shows the impact of the voxel size on the SNR of ASL imaging.

To achieve a reasonable SNR in a feasibly time, ASL images are typically acquired with
a low spatial resolution. The consensus paper recommends a resolutions of 3-4 mm in-plane
and 4-8 mm through-plane [8]. This coarse spatial resolution is prone to partial volume
effects (PVE) in the CBF images leading to blurring and significant quantification errors in
the gray and white matter [160, 276]. The cross-contamination leads to an underestimation
of GM and an overestimation of WM CBF [276]. This is problematic for applications
in different diseases and in case of group studies especially in age-related [12, 84] and
activation studies [29]. To reduce the influence of partial volume effects several methods
were proposed based on high resolution 7} weighted images [11, 160, 202]. Prerequisites of
these methods are accurate segmentation as well as subsequent registration with the ASL
image. However, these two steps are often prone for errors and the effect of PVE correction
comes at the cost of a bias and spatial smoothing [84]. For a detailed study of accuracy
and influence factors of PVE on ASL images the reader is referred to a recent systematic
study [203, 330]. A more direct way to avoid partial volume effects is to increase the
resolution in the ASL images, but this comes with the hurdle of a reduced SNR. Hence,
there is always a compromise between SNR and PVE in ASL imaging.
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Figure 2.25: Influence of voxel size on the SNR of ASL images. Top to bottom: 1.6 mm, 2.0
mm, 2.5 mm and 3 mm isotropic resolution

2.10.2 Background Suppression

Background suppression greatly improves the temporal stability of ASL images. However,
three important points have to be considered using background suppression for ASL. First,
a trade-off between the number of inversion pulses and suppression of static tissue has to
be chosen. More pulses allow a wider range of tissue types (wider range of Tj-values)
to be suppressed. On the other hand each BS pulse reduces the labeling efficiency by
approximately 5% or more i.e. Shin et al. found that the inversion efficiency can vary
from 77 to 95% between subjects and is reciprocal related to the amount of CBF [232].
This reduces the SNR and leads to significant quantification errors in the quantification
process.

Second, the background suppression is only optimal at one point in time. Thus, 3D-
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readouts deliver the same effective BS over the whole imaging slab while for 2D-readouts
the BS is only optimal for the first acquired slice. The subsequent acquired slices experience
a lower effective BS due to the Tj-relaxation of static tissue. Consequently, the contrast
between adjacent images changes and the temporal instability increases for ascending
slices. This could produce significant subtraction errors if through plane motion occurs.
Approaches were proposed to solve this issue to a certain extend [230, 258]. A combination
of background suppressed ASL imaging with prospective motion correction strategies using
navigator echos [228, 334] or an optical tracking system [5] could solve this issue.

Third, a too high BS would directly affect the motion correction as the change in contrast
is lost [45]. Again this point could potentially be solved by using prospective motion
correction approaches.

The current recommended BS strategy consists of one pre-saturation followed by 2 BS
pulses which shows a good trade off between suppression of ASL signal and loss in inversion
efficiency [8].

2.10.3 Motion

ASL is very sensitive to motion due to the pair-wise subtraction of label and control im-
ages. Even an small miss-registration between successive pairs can mask the perfusion
signal leading to severe artifacts. Background suppression techniques are typically used to
reduce the influence of motion to a certain extent [179, 318]. In addition, adequate fixation
of the subject during the acquisition is highly recommended to prevent motion. However,
even with appropriate head fixation an involuntary movement can occur. During the last
years, several techniques were proposed to correct the potentially subject motion.

In general, motion correction refers to a technique that realigns images to minimize the
effect of motion. Currently, motion-correction is a standard ASL preprocessing step. It
can be either applied by realigning all image to the first image of the ASL time series or
by using the mean image as reference [293, 294]. This retrospective method works well
for inter-scan motion, however, for current recommended segmented readout approaches
motion can occur in between the acquisition of segments. Inter-segment motion leads to
misalignments in k-space which directly affects the reconstruction quality of the images.
Unfortunately, this cannot be corrected using image-based motion-correction approaches
and is exemplary illustrated in Figure 2.26. Tan et al. proposed a hybrid acquisition
strategy to account for inter-segment motion by combining 3D-GRASE with periodically
rotated overlapping parallel lines with enhanced reconstruction (PROPELLER) [260]. Al-
ternatively prospective or real-time motion correction strategies can be used. Here, the
motion parameters are either estimated by motion sensitive navigator echoes [228, 334] or
by an optical tracking systems [5]. If motion occurs, the gradients are updated accordingly
so that the mismatch is corrected. Besides the advantage of improved motion robustness
the drawback of a lower temporal resolution still remains, which limits its applications to
perfusion based functional MRI or multi-PLD ASL [34]. An alternative approach would
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be to accelerated the acquisition and acquire whole brain images within a single shot to
avoid inter-segment motion. Several accelerated acquisitions were proposed, which are
discussed in more detail in chapter 7.

Figure 2.26: Effect of inter-segment motion on control, label and perfusion weighted image

2.10.4 Labeling Robustness and Labeling Efficiency

In general, a labeling method complying the following criteria is desirable: (1) high la-
beling efficiency close to 100%, (2) providing a long and sharp bolus, (3) being robust
against system imperfections, (4) providing consistent labeling efficiency across a reason-
able physiological range, (5) and has a minimal SAR [45]. In practice, this ideal labeling
technique is not feasible, but the current recommended labeling scheme pCASL provides
a good trade-off between these requirements. pCASL has a well defined bolus shape and
labeling duration leading to a 50% higher SNR compared with PASL and in contrast to
CASL a reduced SAR, RF duty-cycle, and higher labeling efficiency [8, 312]. The labeling
efficiency is an important parameter for the quantification of the CBF and is assumed to
be 85% for pCASL and 98% for PASL [8]. However, pCASL is based on the principle of
flow induced adiabatic inversion, which is highly dependent on the blood velocity [56]. A
too high blood velocity leads to a fast change of the effective field violating the adiabatic
condition. If the blood velocity is too low, T2-relaxation occurs during inversion compro-
mising the labeling efficiency [14, 56, 327]. Thus, the labeling efficiency is only optimal in
a certain range of velocities. Unfortunately, the blood velocity varies strongly across the
cardiac cycle, between arteries, healthy subjects, and cerebrovascular disease, which can
result in a bad labeling efficiency accomplished with a low SNR and an underestimation
of the CBF [91, 280, 313]. Several methods were proposed to account for this effect. First,
the pCASL sequence parameters can be adjusted according to the measured flow veloc-
ity [273]. Second, the robustness and efficiency can be increased by carefully optimizing
the labeling scheme. For example Zhao et al. showed that an unbalanced pCASL with a
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low average gradient (0.5 m7'/m) in combination with a low slice-selective gradient and
highest feasible By improves the labeling efficiency [329]. Third, by dynamically varying
the RF amplitude according to the velocity change in the cardiac cycle (increasing the
amplitude as the velocity increases) [173]. In addition, the labeling efficiency can be esti-
mated from a separate scan [49, 279], directly from the ASL scan [50], or by using phase
contrast angiography in combination with a segmented T} weighted image [10, 279]. The
estimated parameter can than be included in the quantification process to avoid potential
errors [279].

Another influence factor in pCASL is the position of the labeling plane. Several studies
suggest that the labeling plane should be perpendicular to the feeding arteries to ensure
that the z-gradient is in line with the flowing blood spins. In addition, positions close to
vessel crossings or tortuosities such as the bifurcation should be avoided [9, 10, 239, 282].
Indeed, the best way would be to acquire a short angiogram of the feeding arteries prior to
the ASL measurement, but this comes at the cost of additional scan time. In time critical
applications anatomical landmarks could be used such as positioning the labeling plane
85 mm below the anterior commissure posterior commissure (ACPC) line [10] or 40 mm
below the distal end of the cerebellum [282].

Another major issue of pCASL is the high sensitivity to off-resonance effects caused by
susceptibility variations. For example dental implants or air/tissue boundaries lead to By
inhomogeneities in the labeling plane. Like in CASL, a By field variation will shift the
labeling plane depending on the strength of the By variation. This has a little effect on
the inversion efficiency for CASL because the bandwidth is typically in the order of kilo-
hertz satisfying the adiabatic conditions even with off-resonance [14]. However in pCASL,
during the time gaps of the RF pulses, off-resonance spins will experience phase shifts
depending on the strength of the By inhomogeneities. Consequently the spins lose phase
coherence with the RF pulse train. This can significantly reduce the labeling efficiency
i.e. an offset of 200Hz can reduce the labeling efficiency up to 40% [306, 329]. Several ap-
proaches have been proposed to reduce this effect: First, a multi-phase pCASL approach
[142] which increments the phase between each RF pulse over successive cycles in equal
steps (4 or 8) from 0 to 2. The obtained images are then fitted to a model to retrieve the
CBF. [21, 142] Second, correcting phase offsets at the labeling plane using field maps and
adding additional phase and gradient terms accordingly [21, 135, 171]. Third, performing
shimming at the labeling plane [56, 262] and fourth, by performing prescans, including a
short multi-phase pCASL scan, to determine the phase offset for each vessel in the labeling
plane [233].

An example of a subject with a poor labeling efficiency in the left ICA using pCASL
is illustrated in Figure 2.27. The poor labeling efficiency causes reduced CBF values in
the flow territory of the ICA. In contrast, PASL provides a CBF-map with good quality
but shows a hyperperfusion in the occipital lobe. This hyperperfusion is caused by the
shorter PLD and often visible in PASL images [209]. PASL is more robust against field
inhomogeneities because the RF pulse is applied with a strong gradient and hence has
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typically a large RF bandwidth. In addition, it is relative insensitive to flow velocity due
to the short pulse duration [308]. Studies have demonstrated that PASL has a labeling
efficiency of 98%. The missing 2% are related to the Tb relaxation occurring during the
RF period of 10-20 ms [14, 308].
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Figure 2.27: Effect of reduced labeling efficiency in the left ICA using pCASL scanning. This
reduction is caused by a tortuous artery in the labeling plane. The PASL images show homogeneous
CBF but arterial artifacts in the occipital region, due to the shorter PLD.

In summary, a high labeling efficiency is not only important for improving the SNR
and image quality, it is also necessary to get an robust labeling over a wide range of
field inhomogeneities and blood velocities. Otherwise, it may affected the quantitative
CBF values potentially leading to significant differences in group studies or in disease
progression studies [324].

2.10.5 Quantification Issues

The quantification models rely on several assumptions and require calibration factors to
estimate the CBF from the ASL images. This includes the longitudinal relaxation time
of blood (7' ) and tissue (77 4), the blood-brain partition coefficient (), the labeling effi-
ciency («), the amount of inversion efficiency if BS is applied, and the bolus length. These
parameters can be either measured during the experiment or values based on literature
can be chosen [14]. For simplicity, parameters from the literature are typically used and
assumed to be constant through the brain and even through the population. In practice
this assumption does not hold, leading to significant quantification errors in CBF. A recent
work of Bladt et al. [26] showed that within a 5 minute scan more accurate CBF-maps can
be acquired by reducing the number of averages and using the gained time to measure the
relaxation time of blood and the labeling efficiency. This chapter summarizes the main
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influence factors on CBF quantification using the single compartment model [8, 34]. Note
that the effect of background suppression, delayed arterial transit times, and the influ-
ence factors on the labeling efficiency with associated correction methods were already
discussed in the previous sections.

2.10.5.1 Calibration Image and Blood Brain Partition Coefficient

The key for absolute perfusion quantification in ASL is the knowledge of the tracer con-
centration. In other words, we need the magnetization of arterial blood water for the
estimation of CBF. In ASL literature, two different approaches exists for determining the
equilibrium magnetization of arterial blood water. [45] It can be either estimated voxelwise
from the tissue magnetization (equation 2.20), as recommended by the consenus paper [8],
or by using a global value estimated from an reference region (equation 2.19) [45]. For
both approaches the equilibrium magnetization of tissue is necessary, which is typically
obtained from an addition acquisition using a long repetition time (TR) and without BS or
labeling. This tissue magnetization My is then related to the arterial blood magnetization
My, via the partition coefficient A [45]:

_ Mo
.

The parameter A accounts for the difference in water content between blood and tissue.

Mo, (2.18)

The units are quoted as ml blood/ml water or as ml blood /g tissue. Typical values for A are
0.98 for GM, 0.82 for WM, 1.15 for cerebrospinal fluid (CSF), and 0.9 for whole brain [45].
In case of the reference region approach, My, is estimated by dividing the averaged tissue
magnetization in an homogenous regions (GM, WM or CSF) by the corresponding A:
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It should be noted that My; has to be corrected for the receiver coil profile. For the

Moy =

. (2.19)

voxelwise approach the tissue magnetization is typically divided voxelwise by the partition
coefficient to obtain My:

(Mot (2, y)) 4
)\rt .

For simplicity the whole brain partition coefficient is used in this approach [8]. How-

Mop(z,y) = (2.20)

ever, as previously mentioned A varies for different tissue types and more accurate values
can be obtained by weighting A with the partial volume (PV) estimates [45, 208]. In a
recent work, the influence of different calibration methods on CBF quantification were
investigated [208]. The authors concluded that the voxelwise calibration method recom-
mended by the consensus paper [8] delivers the most accurate results with a high repro-
ducibility. The authors argued that this approach is simple to implement and corrects the
coil sensitivity variations intrinsically [208]. Therefore, this approach is used throughout
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this thesis.

2.10.5.2 T1 Of blood (Tl,b)

In ASL the labeled water molecules travel from the labeling plane through the arterial
vessels to the capillary bed, where they exchange with tissue. During this period the
longitudinal magnetization decays with the relaxation rate of blood 77 ;. For robust quan-
tification, this relaxation effect has to be taken into account and the exact value of T is
necessary. Current studies and also the consensus paper assume a T ; of 1.65 s at 3T and
1.35 s at 1.5T [8]. However, it is well known that T} ; depends on the hematocrit, which is
slightly different between subjects i.e. female subjects have a lower hematocrit value than
men, leading to a higher T} ; [279]. Moreover, many diseases such as sickle-cell disease may
influence the T} ;, [272]. This can results in a faster or slower tracer decay accompanied by
quantification errors [279]. To account for these potentially errors, an additional pre-scan
can be performed for measuring 77 in the individuals [158]. This is especially impor-
tant in group studies where an assumed constant T4 can lead to significant differences in
CBF [279].

2.10.5.3 T of tissue (71;:)

Beside the relaxation time of blood, another important parameter for accurate quantifi-
cation is the relaxation time of tissue 77 ;. The single compartment model assumes that
labeled water decays with 77, as soon as it enters the imaging voxel. In ASL studies,
typically a single 77 ; value is used for the whole brain, ranging from 1.33 s to 1.45 s for
3T [14]. In practice, T1 varies strongly between different tissue types [14], subjects [288],
and diseases [288]. These variations can lead to large quantification errors in CBF. If pos-
sible, an additional T7-map should be acquired and considered in the quantification model
to reduce this potential source of error [14]. For multi-PLD acquisitions with different BS
timings the T ;-map can be directly estimated from the control image time series [228].
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3.1 Introduction

The intrinsically low signal-to-noise ratio (SNR) is currently one of the most drawbacks
of arterial spin labeling (ASL) imaging preventing its application in the clinical diagno-
sis. During the last years improvements were achieved through advanced sequence and
labeling approaches for ASL such as pseudo-continuous labeling [56] or 3D imaging tech-
niques [109, 283]. In addition, the continued advancements of magnetic resonance imaging
(MRI) hardware provide one solution to the limited signal. Several studies indicated the
potential of higher field strength for ASL, MRI due to the higher SNR and prolonged T3
of blood and tissue [16, 97, 205, 263, 291]. However, ASL at stronger fields presents sev-
eral challenges: stronger susceptibility artifacts, higher SAR, and compromised labeling
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efficiency due to inhomogeneities in B; and By fields [263]. Beside sequence and hardware
improvements, data post-processing methods have become increasingly important for ad-
dressing some limitations in ASL. In particular, motion correction algorithm [293, 294],
temporal filtering methods, and outlier correction approaches [18, 83, 183, 234, 261, 293]
were successfully applied to ASL and provide increased SNR, improved perfusion quan-
tification, and increased reproducibility [84] by eliminating corruptions in the acquired
data. Additional improvements were achieved using non-linear denoising methods for the
images. Several groups have studied the performance of denoising techniques applied to
ASL images. Different denoising strategies were proposed, for example denoising in the
wavelet domain [22, 299], in the image domain using adaptive filtering [299], non-local
means filtering [202], combination of non-local means filtering with wavelet domain fil-
tering [161], or total variation denoising in combination with tissue partial volume effect
correction [202]. All denoising methods use the perfusion weighted image (control - label)
as input for denoising to improve the robustness of the cerebral blood flow (CBF) quan-
tification [84]. In this chapter different types of total generalized variation (TGV) [31]
denoising methods for ASL are developed and their performance are investigated. The
first method is a TGV-denoising applied on the averaged perfusion weighted image (PWI)
using L' and L? data-fidelity norms, similar to the previous published denoising methods.
Second, an extension including the PWI time series directly in the denoising procedure
and third, a denoising approach that is matched to the label/control image time series of
ASL MRI is investigated. The third TGV-based denoising approach combines temporal
and spatial information of the whole available dataset for improving the quality of ASL
images. The incorporation of temporal information in the denoising process may be ben-
eficial for detecting outliers. The performance of this novel technique and its influence
on the CBF quantification is evaluated on synthetic and experimental in-vivo high and
standard resolution pulsed arterial spin labeling (PASL) data with varying numbers of
control-label pairs. Additionally, the proposed method is compared to recently published
and well established denoising techniques.

3.2 Theory

3.2.1 Variational Methods for Image Denoising

Denoising is a fundamental image processing technique with the aim of recovering or
estimating the original image from a noisy observed image. The problem can be modeled
as follows

d(x,y) = u(z,y) +n(z,y) , (3.1)

where d(z,y) € RV=*Nv is the observed corrupted noisy image, u(x,y) € RN*Nv is

the clean noise free image, and n(z,y) € RV=*Nv is the additive noise which represents the
unwanted information and degrades the image quality. We denote by x and y the pixel
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location and by N, and N, the image size. Over the last decades denoising approaches
have been extensively studied with the aim to remove noise while preserving small textures,
fine details, and edges. Especially in MRI this detail preservation is important for clinical
diagnostics. The estimation of the original image u from the noisy one d is an inverse
problem. The solution of this problem is not trivial because in practice only little is know
about the noise n in the image i.e. only a guess of the noise distribution or the mean and
variance. Since the noise n is random the problem can be solved using probability theory.
From a statistical point of view, the maximum likelihood (ML) estimate yields optimal
results for a given distribution [82]

u* € argmax P (d | u), (3.2)

u

where u is the estimated image and d is the measured data or image. By assuming
independent identical distributed sample points, which is true for single-coil MRI mea-
surements, the maximum likelihood is given by

u* =argmax P (d | u)
u

1 . (3.3)
= arg max exp | ——= u— ,
gu 2mo? P\ 202 Zz]:
where o2 is the noise variance. By omitting constant terms and applying the log, the

solution of this problem leads to the well known least squares solution where the sum of
squared error between the estimated image and the denoised image is minimized. [82]

u* = argmin|[ju — d||3 (3.4)
u

The simplest and fastest type of noise removal approach relying on the maximum
likelihood principle is the linear mean filter. In this filter the signal intensity is assumed
to be constant within a region and the single pixel values are statistically independent
observations [214]. By averaging all signal intensities within the region the noise is reduced,
however, edges are blurred and fine details can be lost. In a probabilistic setting, a way
to improve the detail preservation is using filtering approaches which incorporate prior
information of the images. These kind of algorithms are known as variational denoising
methods. The motivation for variational image denoising methods is based on Maximum-a-
Posteriori (MAP) probability estimation. By knowledge of the degradation model P(d | u)
and an adequate prior P(u) the most likely image given the observed data and prior can
be estimated by maximizing [82]
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u* € argmax P(u | d)

u

€ argmax P(d | u) P(u) (3.5)
€ argmin — logP(d | u) — logP(u).

The term —logP(y | u) is often referred as data fidelity term D(u,d) that denotes the
difference between the original and noisy image and the term —logP(u) as regularization
term R(u), which contains the prior information or assumption on the likelihood of a
solution u. Hence, equation 3.5 can be generally written as

u* € argmin D(u,d) + R(u). (3.6)

For the data-fidelity term, the optimal solution from a statistical point of view is given
by the maximum likelihood estimation, which is for example the L? norm for Gaussian
noise statistics (equation 3.3) or the L' norm for Laplacian noise statistics. The choice of
the prior distribution of the image P(u) is a critical and challenging part because it defines
the appearance of the images. The major problem is that the prior knowledge is often
only qualitative in nature i.e. we can describe the images encountered in medical imaging
as smooth areas divided by jumps or cliffs. The idea is now to formalize mathematically
a function or prior, which produces low values for images belonging to the model, and
producing high values for images not belonging to the model. Many different priors have
been proposed over the past years i.e. Gaussian priors, Laplacian priors or impulse prior
densities, and Markov random fields (MRF) priors. In the following subsection three
prominent priors for image denoising are described.

3.2.1.1 Tikhonov-Phillips Regularization
Tikhonov and Phillips proposed to use a Gaussian or smoothing prior on the image u and
formalized a general regularization framework [206, 266]:
* . 2 A 2
u 6argmmHAu—dHQ+§HFuH2, (3.7)
u

where the first norm proposes a solution in the maximum likelihood sense (equation 3.3)
and for image denoising the linear operator A is the identity operator I. The second norm
is the regularization term with the linear regularization operator I' and the regularization
parameter A. [138] By assuming I' being the identity operator I, the Tikhonov regulariza-
tion corresponds to a Gaussian prior with zero mean and % variance

P(u) = N <u;0; i]) _ (;ﬂ) exp (-2 ||uy|§> . (3.8)

By omitting the constant term the prior is

ol
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Pl o e (= lul ) (39)

leading to the following regularization term

R(u) = ~logP(u) = % Jul}. (3.10)

This regularization penalizes the L? norm of the image u. While this is a good regular-
ization approach for parameter estimation it is not well suited for image denoising because
it is only performed on a voxel by voxel basis. Hence, it does not take into account neigh-
borhood information leading to no effective noise removal [39]. Since MRI images show a
high degree of spatial regularity [39], a useful prior should take into account the neighbor-
hood information of images. In this case, the regularization operator I' can be defined as
a discrete 2D gradient operator (equation 3.12), which is also known as H1-regularization:

R(u) = ~logP(u) = 5 || Va3 (3.11)

where V is the discrete 2D gradient operator (V : RVe XNy RNexNyx2) defined as

S (07 U)z]
(Vu); j <(8;u)” 7) (3.12)

where 9; and 8; are the discrete forward differences as defined in the Appendix C.1.1.
The introduced gradient of the image takes now the spatial neighborhood into account
and leads to a superior noise removal compared to the Tikhonov-regularization [39]. How-
ever, the L?-norm penalizes the gradient belonging to edges very strong leading to an
oversmoothing in the images. A good prior for image denoising should ensure spatial reg-
ularity but should also preserve edges [39]. To ensure this the L? norm can be replaced by
a sparsity promoting norm for example a L' or L° norm [13]. One of the first approaches
in this direction was done by Rudin et al. [218] by using a L' norm and is known as total
variation (TV) [218].

3.2.1.2 Total Variation (TV)

The TV minimization for image denoising was introduced by Rudin, Osher, and Fatemi
and is also known as ROF-model [218]. It is based on the principle that noise corrupted
images or signals have a high total variation, which means in the discrete setting that the
sum of the absolute gradient is high. The TV allows for discontinuities between objects,
but eliminates oscillations. TV is the L' norm of the image gradient and is defined in a
discrete setting as the following functional

R(u) =TV (u) = [|Vul], (3.13)
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with the discrete 2D gradient operator V defined in equation 3.12. This L!-penalization
of the gradient leads to superior results compared to Tikhonov-regularization with a well
preservation of object boundaries while eliminating noise. However, the main and crucial
disadvantage of TV is that it tends to produce the so called stair-casing artifacts [70].
This means that the functional enforces piecewise constant regions and hence, smooth
regions in the original image are represented as piecewise constant areas. In order to
alleviate this disadvantage, several methods using higher order derivatives were proposed
such as infimal-convolution functional [40], gradient and laplacian operators [42], or the
total generalized variation functional [31].

3.2.1.3 Total Generalized Variation (TGV)

The TGV was introduced in 2010 by Bredies et al. [31]. It is a generalized version of
TV, which involves and balances higher order derivatives of the images up to a certain
order. This allows the reconstruction of piecewise affine or piecewise smooth solutions and
thereby avoids the stair-casing artifacts of TV leading to an enhanced image quality of
natural [31] and MRI [147] images. The dual version of the k-th order TGV functional is
given by

TGVCff (u) = sup {/Qu divF v dx |ve Cf (Q, Symk (%d)) ,

(3.14)
HdivlvH < oy, l:O,...,k—l},

where CF (Q, Sym” (ﬂ?d)) denotes the space of compactly supported symmetric tensors
fields with © C R¢, div" is the k-th order divergence operator of the tensor field (defined
for first and second order in Appendix C.1.7 and C.1.8) and «; are positive weights [31].
The higher order derivatives favor piecewise polynomial solutions with the degree of poly-
nomials less than or equal to k-1. For example a first order TGV corresponds to a TV
(TGVY(u) = TV (u)) and enforces piecewise constant regions, a second-order TGV en-
forces piecewise affine regions, and a third order TGV enforces piecewise smooth regions
etc. [323]. However, a higher order comes at the cost of a higher computational burden.
Bredies et al. [31] showed that a TGV? faithfully restores smooth images and avoids the
stair-casing effect of TV. The third order TGV (T'GV?3) reconstructs regions of high curva-
ture better but at the cost of more regularized transitions at edges. For many applications
the second order TGV is sufficient and delivers meaningful results while keep the compu-
tational burdened low [31]. Therefore, it is normally applied for image enhancement of
natural and MRI images and we focus on this definition.

R(u) = TGV, o0 (w) = min{on||[Vu—ull; +aolev]l;}, (3.15)

1,0

where V is the 2D discrete gradient (equation 3.12) and e is the symmetrized gradient
operator defined as follows:
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€ v = (2117@2) c §RNI><Ny><2 — %Nszyx:S (3.16)
(8;v1)i,j w!
(0)is = | 5 (@0%),+ @50),,) | = | w2 (3.17)
G w?
/L’]

From equation 3.15 it is evident that the TGV ?-functional automatically balances
between first order TV and second-order TV in the minimization problem i.e. if v is zero
the symmetrized gradient ev is zero and TGV?(u) = a1 ||Vu||;, whereas if v = Vu the first
part of the TGV functional becomes zero resulting in TGV?2(u) = ¢(Vu)). In reality the
tensor v is somewhere between 0 and Vu. The TGV? functional was successfully applied
in several MRI applications from reconstruction [147] to denoising [147] over diffusion
tensor imaging [274] and is used in the following section for ASL image denoising and in
chapter 7 for ASL image reconstruction.

3.2.2 Total Generalized Variation for ASL Denoising
3.2.2.1 TGV Denoising using L!/L? Data Norm for ASL

In ASL imaging the aim is to enhance the SNR and image quality of the perfusion weighted
image. This can be achieved in two different ways: Either by denoising the control image ¢
and label image [ and by calculating the PWI from those denoised images, or by applying
the denoising approach directly to the perfusion weighted image (C-L). Wells et al. studied
the influence of different denoising approaches for ASL images and they argued that the
PWI reveals many sharp boundaries between regions of contrasting CBF, which may not
be apparent in the base (C, L) images, limiting the benefit of edge-preserving filters [299].
Therefore, we focus on directly denoising the PWI by solving the following minimization
problem:

A
u* € argmin§ Ju — du|5 + TGV} ., (W), (3.18)

where u € RN+*Nv is the denoised perfusion weighted image and d, € RN=*Nv the
averaged noisy PWI. A numerical solution of the minimization problem can be found
in Appendix C.2. One notices that in ASL imaging always repeated measurements are
performed to achieve a reasonable SNR. Therefore, instead of prior averaging of the per-
fusion weighted images over the time, one could include this directly in the optimization
procedure to make use of this additional temporal information. In this case an additional
operator ¢ : RN+*Ny y RNezNyzNe g introduced in the data-fidelity term which leads to
the following minimization problem:
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A
u* € argmin [|cu - dull3 + TGVZ o, (), (3.19)
u

where again u € RY+*Nv is the denoised perfusion weighted image and d,, € RN=#NvNe
is now the corresponding PWI time series (averages). The operator ¢ replicates the image

NexNyzNe A minimization of the

(u) Ny times over the temporal dimension so that ¢u € R
defined data fidelity term leads now to the element-wise mean over the temporal dimension.
In the above algorithm, the L? norm of the data fidelity term can be replaced by a L'
norm leading to the element-wise median with respect to the temporal dimension. Since
ASL images are often corrupted with outliers, this could be very beneficial for improving
the robustness leading to the following optimization problem:

u* € argmin \|[cu — dy||, + TGVZ . (u). (3.20)

u

1,00

The defined minimization problems are non-smooth but convex and can be efficiently
solved with a first order primal dual algorithm as described in section 3.2.2.3 ” Numerical
Solution”. The numerical solution and corresponding algorithm are given in Appendix C.2.

3.2.2.2 Extension to C/L Denoising

Instead of denoising the perfusion weighted time series, equation 3.20 can be extended by
including the whole available ASL data. Mathematically, the aim is to recover an estimate
of the control data ¢ and label data [ from the given measured control data d. and label
data d;. In order for ¢ and [ to be a robust estimated of d. and d;, it should minimize
llsc —dc||; and |[sl — dy||; similar to the PWI denoising in equation 3.20. Next, [ should
adhere to the image model proposed above. Therefore, it should minimize TG—'VO%’&O(Z).
In a last step, one is tempted to propose that ¢ should also adhere to the image model by
minimizing a related TGV functional. However, one observes that the images ¢ and [ have
a much higher dynamical range than the difference of the denoised images. Furthermore,
the difference of these images is the key quantity in ASL applications. Therefore, far
superior results are to be expected if one forces the difference to adhere to the image
model by minimizing TGV2  (c — ). Altogether, ¢ and [ should be chosen so that the

Q1,000
functional

Ac A
(c*,1*) € argmin i l|se — ch%—FMZ sl — dy|[\f+TGV2 (1) +TGV?

1,00 1,00 (C - l) (321)

c,l
is minimal, where M defines the norm for the data-fidelity term and is either 1 for
the L' norm or 2 for the squared L? norm. Note, that by a similar argument the term
TGVZ, 4, (1) could also be replaced by TGVZ , (). In our experience, the difference

between both cases is negligible. The regularization parameters A, and \; allow a weighting
between data fidelity versus regularization. This parameters are chosen according to the
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noise level of the datasets. Since the expected noise level in control and label image is
nearly the same, the same regularization parameters are used for both data terms. In
order to control the weighting between the two TGV functional an additional parameter
w € (0,1) is introduced leading finally to the following functional

S v A u
c*,1*) € argmin — ||sc — d.||v; + = ||sl — di| |5 +
(€17 € angmin <7 e = delf+ 57 5 =l )

N(W) TGV, ap () +72(w)TGVE, 4, (¢ = 1).

The weights are chosen as described in [222] to ensure that the overall costs of the
functional does not reduce to zero:

w (1 —w)

Y1(w) = ma Y2(w) =

_ 3.23
min(w, 1 — w) (3:23)

This minimization problem is non-smooth but convex and can be efficiently solved
with the primal-dual algorithm described in the following section. The reformulation and
numerical solution is given in Appendix C.2.

3.2.2.3 Numerical Solution

Any optimization method for non-smooth convex problems can be employed to solve the
minimization problem presented in the last section. A well suited algorithm, which ensures
global convergence, is the primal-dual algorithm [41]. With this general algorithm any kind
of convex minimization problems of the following form

mzin F(Kz)+ G (x) (3.24)

can be efficiently solved, where F' and G are convex functions and K is a linear operator.
By using the convex conjugate (equation 3.28) the primal problem 3.24 can be transformed
into a saddle-point problem as follows:

F(Kx)zmgx(Kx,w—F*(y) — H&inméiX(Kx,y)—i-G(x)—F*(y), (3.25)

with F™* being the convex conjugate of F. The solution of this convex-concave saddle
point problem is obtained with the primal-dual algorithm presented in [41], which alter-
nates a proximal gradient descent in the primal and a proximal gradient ascent step in
the dual direction (see Algorithm 1). The stepsizes in the primal and dual direction are
defined by 7 and o respectively.



64 Chapter 3. Variational Denoising for 2D Arterial Spin Labeling Perfusion Data

Algorithm 1 Primal Dual Algorithm

Initialization: Choose 7,0 > 0 so that 7o || K|, <1, (2°,y%) € RY x %év and set 70 = 20

For n > 0, compute x™,y",z" as follows:

yn+1 — (I—{—O‘@F*)il (yn +0an)
"= (I + T@G)_l (x” — TK*y”‘H) (3.26)

n+1l _ 2xn+1 _an

T x

In the above algorithm the expressions (I + ¢dF*)™ " and (I + 70G) ™" are the proximal
maps of F* and G, and K* is the adjoint operator to K. The algorithm ensures global
convergence if the stepsizes 7, o satisfy 7o ||K||, < 1 and it is well suited for our convex
but non-smooth problems [41]. All necessary steps in this algorithm reduce to simple
arithmetic operations, which can be implemented highly parallelized on a GPU for a fast
calculation. [130] For solving the problems defined in section 3.2.2, the primal problem
has to be reformulated into a saddle-point problem. This is exemplary carried out for
the full TGV problem formulated in equation 3.22 using the L' norm. For the other
two problems, the numerical solution is given in Appendix C.2. With the definitions of
the gradient (equation 3.12), symmetrized gradient (equation 3.17) and the introduced
weighting function (equation 3.23) the full optimization problem of equation 3.22 is given
by

miln Mlse —dclly + M|sl — di]|, +

(&

n%}n Yi(w)en [[VE=qi]l; + 7(w)ao [[eqr|]; + (3.27)
xgiln Yo(w)ay ||V (¢ = 1) = pi]|; + ve(w)ag ||ep1]]; -

As previously mentioned this problem has to be reformulated into a saddle point
problem. This is achieved by calculating the convex conjugates of the functions. The
Fenchel conjugate or convex conjugate of a function f(x) is defined as

f*y) = Sgp<x, y) — f(z). (3.28)

Let f(x) be any kind of norm ||-||, then the Fenchel conjugate is given by

0 1
fy) = { Iyl < (3.29)
+oo [yl > 1.

Here, ||y||, is the dual norm of a norm ||-|| defined as
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= max (z,y). 3.30
Iyl Ha:||§1< y) (3.30)

In general, the dual of the L norm (|||[,) is the L? norm (||-||,) with 1/p+1/¢q = 1.
For example, the dual norm of the L! norm is the infinity norm and the L? norm is again
a L? norm in the dual formalism. The Fenchel conjugate of the L' norm is given by

0 llle =1

(3.31)
+oo |yl > 1,

@) =1.<1(y)= {

where [ Il <1 (y) is the indicator function. By using the defined Fenchel conjugate
(equation 3.28), the TGV functional can be transformed into a saddle point problem. The
first part of the functional yields

min y (w)an [[VI—aqfly  — min max(Vi—q,q2) = L <o (22),  (3:32)

and the second part yields

min yi(w)ao [leqrlly — min  max{eq1, gs) = I, <aom (43)- (3.33)

Combining now equation 3.32 and 3.33, the primal-dual formulation of the whole TGV
functional can be obtained.

TGV(l) = min max (VI—q1,q2) +{eq1,q3) — ||| _<arm (@) = L) _<anm (g3)  (3.34)

Similar, the data-fidelity term can be reformulated as follows:

max Mt —dill, — mlin max (l—=di,la) — Iy _<x (I2) (3.35)
2

With the defined data-fidelity term and TGV functional the reformulation of the full
optimization problem is given by

min max <§C—dc,02> —IHH <\ (02)+<§l—dl,l2> —IHH < (l2)+
olpi,q1 c2,l2,p2,P3,92,93 o0 oo

Vie=1)=p1,p2) — L) <arye (P2) +

€p1,P3) = L] <aoye (P3) + (3.36)
V() —a1,q2) = L) <arm (g2) +

€q1,43) = | <aom (3) -

{
{
{
{
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In the above saddle point problem the primal variables are given by x = (¢, 1, p1, p2),
the corresponding dual variables by y = (p2, p3, ¢2, g3, ¢2,l2) and the operator K by

vV -V —-Id 0

0 O € 0

—1I
k=|% vV 0 M (3.37)

0 O 0 €

s 0 0 0

0 ¢ 0 0

The functional G(z) = 0 and the Fenchel conjugate F™*(y) is

F*(y) =(de, c2) + (di, la) + Ly _<x (e2) + Ly _<x (l2) + Ly _<aqy, (P2) + (3.38)

L)1 <aors (P3) + 1)) <anm (@2) + L)1 <aom (43) -

In the iterative primal dual scheme also the adjoint operators are required. The adjoint

operator of K is given by K*.

ve 0 0 0 <*
-V 0 VvV* 0 0 ¢*
K* = , 3.39
—Id ¢ 0 0 0 0 ( )
0 0 —Id ¢ 0 0
where V* is the negative divergence V* = —div! (equation 3.40), €* the negative
symmetrized divergence operator ¢* = —div? (equation 3.41), and ¢* the collapse-operator
(equation 3.42).
diVl . §RNI><Ny><2 N %Nszy
(3.40)

(div'e),; = ((@:F0)),; + (0;0%), )

diV2 . %NszyXS — %NszyXZ

(dinw), = (a;:wl)i,j + (a;:wi’*)i,j (3.41)
Z,] (a;zk w3)i,j + (8; wg)m,

e §RNZ><Ny><Nt — %Nszy

N (3.42)

fx = Z x[t]

t=1
The final update scheme for the primal dual algorithm of the saddle point problem 3.36
is defined in Algorithm 2.
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Algorithm 2 Primal Dual Algorithm for L' ASL-TGV denoising

Input: d., d;
Output: ¢, [
rURT —0 70 —
Initialize: p), pJ, p3, 47, @3, 45, <, 9, 1°, 19,2, I", B, @), choose 7,0 > 0

for n = 0 until maxIter
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3.3 Methods

3.3.1 ASL Acquisition

The ASL experiments were carried out on a 3T magnetic resonance (MR) system (Mag-
netom Skyra, Siemens Healthcare, Germany). Pulsed ASL measurements were performed
on eight healthy subjects (25.5 &+ 1.2 years old with a range of 24-28, 4 women) using PI-
CORE [304] - Q2TIPS [170] with a 32-channel head coil. Small wedge sponges were placed
between the patient's head and the coil to reduce motion during the acquisition. Caffeine
and tobacco ingestion were avoided before the MR acquisition to preclude alterations on
the global and regional CBF [2, 71, 284].

The following acquisition parameters were used: 12 slices, 3.6 mm thickness, distance
factor 25%, matrix 128 x 128, field of view (FoV) 230 x 230 mm?, in-plane resolution
1.8 x 1.8 mm?, 6/8 partial Fourier, generalized autocalibrating partial parallel acquisition
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(GRAPPA)-factor 2 and pre-scan normalization. Imaging was conducted with single-shot
echoplanar imaging (EPI) with repetition time (TR)/echo time (TE) = 2800/19 ms, flip
angle = 90°, bolus or labeling duration (TI1) = 800 ms, labeling inversion time 71y =
1800 ms, labeling slab thickness 100 mm, 2 cm gap between labeling slab and image
slice, ascending slice order and bandwidth = 1630 Hz/px. To compute an unfiltered
reference perfusion weighted image, 500 control/label-pairs (C/L-pairs) and one proton
density weighted (Mp) image were acquired within a total scanning time of 45 min.

In addition, standard resolution ASL images from 2 subjects with the following param-
eters were acquired: 12 slices, 6 mm thickness, distance factor 25%, matrix = 64 x 64, FoV
= 192 x 192 mm?, in-plane resolution 3 x 3 mm?, 6/8 partial Fourier, bandwidth = 1630
Hz/px and pre-scan normalization. All other imaging parameters were the same as for
the high resolution ASL dataset. To compute an unfiltered reference perfusion weighted
image, 100 C/L-pairs and one proton density weighted image were acquired within a total
scanning time of 9 min 25 s.

3.3.2 Anatomical Data Acquisition

Additionally, anatomical T} weighted images were acquired for each subject using a 3D
magnetization prepared - rapid gradient echo (MPRAGE) sequence with 1 x 1 x 1 mm?
resolution, FoV = 256 x 256 mm?, 144 slices, GRAPPA-factor = 4, TR/TE/inversion
time (TI) = 1910/1.81/1000 ms, flip angle = 8°, acquisition time = 2 min 53 s.

3.3.3 Anatomical Data Processing

For each subject, the acquired T} weighted image was segmented into white matter (WM),
gray matter (GM) and cerebrospinal fluid (CSF) regions using statistical parameter map-
ping v 12 (SPM12)! (Wellcome Trust Centre for Neuroimaging, London, UK). The results
of the segmentation process were tissue partial volume (PV)-content maps defining the
amount or content of GM, WM, and CSF in each voxel. These tissue PV-content maps
and the 77 weighted images were coregistered to the ASL space using the first ASL-image
as a reference. Afterwards the resulting coregistered tissue PV-content maps were used
to create a brain mask. The CSF, WM, and GM PV-content maps were summarized
resulting in a single PV-content map. In this map all voxels with a tissue PV-content
greater than 0.1 were included in the brain mask, which delivers good results.

3.3.4 Numerical Phantom

High resolution synthetic image sets were generated from one subject (subject 8) based on
the acquired My image and the coregistered WM and GM PV-content maps [22]. In order
to create a noise free CBF-map, CBF values of 20 ml/100g/min and 65 ml/100g/min [155,
325], reported for the normal human brain, were assigned to the WM (fiyar) and GM

'www.fil.ion.ucl.ac.uk/spm
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(faar) voxel respectively. To incorporate realistic partial volume effects in the synthetic
images, the GM, and WM PV-content maps were multiplied using the following equation:

f(fUay,Z) = fGMPGM(xvyvz) + fWMPWM(:UayaZ)a (343)

where Pgyr(x,y, 2) is the PV-content map of GM defining the content of GM in the
voxel at location (x,y, z), Pwa(z,y, z) is the PV-content map of WM defining the content
of WM in the voxel at location (z,y, z).
The control image C was assumed to be the My image and the label image L was
calculated in each voxel by using a general kinetic model [34]
_ Ty
2-a-My(z,y,2)- f(z,y,2) - Tl -e "b
X )
where « is the labeling efficiency and set to 0.98 [308], T'I; is the labeling duration
and set to 800 ms, T'I5 is the labeling inversion time and set to 1800 ms [8]. M) is the
acquired proton density image, A is the blood-brain partition coefficient and set to 0.9
ml/g [125], T1  is the longitudinal relaxation time of blood at 3T and set to 1650 ms [169]
and f(x,y,z) is the synthetic CBF-map generated as described in equation 3.43. The

L($7 Y, Z) = C(x7y7 Z) -

(3.44)

computed synthetic CBF-map, the control, and label image are illustrated in Figure 3.1.

Figure 3.1: Coregistered and resampled T; weighted image in the ASL space (A) with voxel
dimensions of 1.8 x 1.8 x 3.6 mm? of subject 8. Synthetic, noise free CBF-map (B) created from
the coregistered white and gray matter PV-content maps. Noise free synthetic control (C) and
label image (D).

To compute a synthetic dataset with a realistic noise level, the standard deviation over
the 500 repetitions was estimated from the acquired high-resolution C and L images for
each voxel. Subsequent Gaussian noise with a standard deviation previously estimated was
added to each voxel of the synthetic noise free C and L images. This step was repeated
500 times to generate a synthetic data pool containing 500 C/L-pairs. The benchmark for
the synthetic datasets consisted of 50 trials with 40, 50, 60, 80 and 100 randomly selected
image pairs out of a data pool of 500.
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3.3.5 ASL Data Processing

ASL image preprocessing was performed on the high and standard resolution in-vivo
datasets using SPM12, MATLAB 2015b (The MathWorks, Inc., Natick, Massachusetts,
USA), ASL-toolbox [293, 294], and in-house MATLAB scripts. Prior to spatial denoising,
ASL datasets were preprocessed using the steps and algorithm recommended by Fazlollahi
et al. [84]. First, the acquired ASL images were motion corrected using the ASL-toolbox.
This involves realigning of all ASL images, including all label and control images, to the
first ASL image (L) in the time series for estimating the rigid motion time course. Sub-
sequently, errors in realignment resulting from the control/label intensity difference were
regressed out from the motion time course as described by Wang et al. [293] and finally the
clean motion parameters were used for motion-correction. In a second step the whole ASL
time series was de-trended to remove baseline drifts. Therefore, a first order high-pass
Butterworth filter with a cutoff frequency of 0.01Hz was applied to the ASL-image time
series (L/C/L/C...) as described in [293, 295]. Third, residual motion artifacts and global
signal fluctuations were regressed out of the ASL image time series at each voxel [293].
Prior to spatial denoising outlier C/L-pairs were removed using Z-score thresholding [261].

3.3.6 In-Vivo Dataset

The motion corrected, de-trended and outlier removed C/L-pairs served as a basis for all
subsequently applied denoising methods. For the high resolution in-vivo dataset of subject
8, which was used to create the synthetic dataset, benchmarking was performed similar
to the synthetic dataset and consisted of 50 trials with 40, 50, 60, 80 and 100 randomly
selected image pairs out of a data pool of 500. For the best performing TGV approach
as well as for all reference denoising methods additional benchmarking was performed
using the remaining 7 high resolution in-vivo datasets. This consists of 50 trials with 50
randomly selected image pairs out of the acquired 500. In addition for the two standard
resolution datasets, benchmarking was performed using 50 trials with 5, 8, 12, 15, 20 and
25 randomly selected image pairs out of a data pool of 100.

3.3.7 Parameter Choice

Previous studies [30, 148, 222] have shown, that setting the ratio a1/ag to 1/4/2" yields
robust results and this ratio is used throughout this work. For the CL-approaches the
model parameter s, which controls the weighting between the first TGV and the second
TGV functional, was fixed for the high-resolution and low resolution in-vivo and synthetic
dataset by evaluating a range of parameters with respect to the structural similarity in-
dex [292]. The regularization parameter \ was optimized using a fixed s for different
numbers of C/L-pairs. For the training of the two parameters slice 6 of subject 8 was used
for the high-resolution in-vivo dataset and slice 6 was used for the synthetic dataset. Ex-
emplary results of the parameter tuning are shown for the CL-T-L1 approach in Figure 3.2
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using the in-vivo dataset. For all approaches the used model and regularization param-
eters for the high-resolution synthetic and in-vivo dataset are summarized in Table 3.1.
For all experiments the number of iterations was set to 1 000.

Table 3.1: Optimized model and regularization parameters for the different TGV approaches

N PWIL1 PWIL2 PWIT-L1 PWI-T-L2 CL-T-L1 CL-T-L2

A A A A s A s A
Synthetic Data
40 1.375 3.050 1.90 0.155 0.475 2.15 0.5 0.200
50 1.475 3.325 1.90 0.135 0.475 225 0.5 0.200
60 1.525 3.675 1.85 0.125 0.475 245 0.5  0.200
80 1.525 4.050 1.85 0.100 0.475 2.75 0.5 0.175
100  1.575 4.075 1.85 0.100 0.475 3.00 0.5 0.150
In-Vivo Data
40 1.375 1.025 2.25 0.040 0.4 4.25 045 0.1250
50 1.500 1.325 2.55 0.050 0.4 450 045 0.0975
60 1.525 1.425 2.55 0.045 04 475 0.45 0.0975
80 1.625 1.750 3.00 0.040 0.4 575 0.45 0.0825
100  1.625 2.475 3.25 0.045 0.4 6.50 0.45 0.0900

3.3.8 Reference Denoising Methods

We chose state of the art denoising methods which were successfully applied to ASL
perfusion images in the past: Wavelet-based-Wiener (WbW) [22], iterative-soft thresh-
olding [60], adaptive Wiener (aWNR) [299], Anisotropic Diffusion (AD) [299], DT-CWT
ONLM [161], spatio-temporal low rank total variation (STLRTV) [83] and additional block
matching 3D (BM3D) [54]. Each of the denoising filters is parameter dependent and the
choice of the right parameter has a major impact on the denoising result. For the choice of
the parameters we decided to maximize the SSIM between the gold standard and denoised
image to evaluate the performance of each filter in a fair way, rather than using an empiric
optimization by visual inspection. Compared to the root mean squared error (RMSE),
the SSIM includes both the structure and the contrast of the image and therefore reflects
the visual interpretation of the human eye in a better way [292]. Some of the filters have
noise-dependent parameters, for which the noise was estimated for each voxel over the
number of repetitions. The mean standard deviation o over all pixels within the brain
mask was computed and used as standard deviation [202].

3.3.8.1 Temporal Mean Filter

A perfusion weighted time series was calculated from the motion corrected, detrended and
outlier cleaned control/label series by pairwise subtraction of the C/L-pairs. The single
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Figure 3.2: Results of the parameter learning for the CL-T-L1 approach on high resolution in-
vivo images using 40, 50 and 60 C/L-pairs for slice 6 of subject 8. The red point indicates the
maximum structural similarity index (SSIM)-value. The maximum value is achieved setting the
parameter s to 0.4. The parameter A depends on the noise level.

perfusion weighted images are so noisy, that the benefit of applying one of the highly
sophisticated reference filters on these single images is very low. Furthermore, due to the
subtraction of control and label images a separate denoising of these images leads to flatter
edges compared to denoising the perfusion weighted image themselves [299]. Therefore, a
mean perfusion weighted image was generated by averaging the perfusion weighted time
series. This mean perfusion weighted image serves as basis for all following reference
denoising methods with the exception of the STLRTV-filter which uses the perfusion
weighted time series as input for denoising.

3.3.8.2 Anisotropic Diffusion (AD) Filter

The AD filter method was implemented in MATLAB [299]. For optimal performance of
the filter the diffusion step time was set to 0.25 and the conduction coefficient K and
the number of iterations were optimized as described above. Exemplary results of the
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parameter optimization process are shown in Figure 3.5.

3.3.8.3 Adaptive Wiener (aWNR) Filter

An adaptive Wiener filter based on the mean and variance in the local neighborhood of
each voxel was implemented in MATLAB [299]. The kernel size and the global noise
variance were optimized to ensure that the filter delivers best possible results.

3.3.8.4 Iterative Soft Thresholding (Wav(S))

The iterative soft thresholding algorithm [60] was implemented in MATLAB for the LeGall
5/3 wavelet [154]. The number of iterations was set to 5000 and the threshold factor was
optimized.

3.3.8.5 Wavelet based Wiener (WbW) Filter
The WbW filter [22] was implemented in MATLAB using the Wavelet Toolbox. For the
best possible performance the threshold factor was optimized.

3.3.8.6 Block Matching 3D (BM3D) Filter

The MATLAB implementation of the BM3D filter [54] was used for denoising?. The filter
profile was set to "high” and the noise standard deviation ¢ was estimated as described
above and scaled by a factor ¢ to ensure best possible results in case that the noise level
was not estimated sufficiently well.

3.3.8.7 Non-Local Means Combined Dual-Tree Complex Wavelet Transform
(DT-CWT ONLM) Filter

The MATLAB version of the DT-CWT ONLM filter [161] was used®. All 6 parameters
(M1, M2, ay, ag, 1 and [33) were optimized to ensure the best possible performance.
3.3.8.8 Spatio-Temporal Low Rank Total Variation (STLRTV) Filter

The STLRTV filter was implemented in MATLAB as described in [83]. For the best
possible performance of the filter the parameters Ay and A4 Were optimized.

3.3.9 Quantification of CBF

For the quantification of the CBF a general kinetic model was applied [34]. According to
this model, the cerebral blood flow in ml/100g/min can be calculated in each voxel using
the following equation:

2http://www.cs.tut.fi/ foi/3D-DFT
3https://www.nitrc.org/projects/dt-cwt-nlm
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fleuy,2) = VAM@yz) (3.45)

2-a-My(x,y,z)- Tl -e ™

where AM is the denoised difference image and Mj is the acquired proton density
image smoothed with a Gaussian filter (full width at half maximum (FWHM) = 3 mm)
as recommended by the consensus paper [8]. The total delay time T'I, was set to 1800
ms for the leading slice. Because of using a multi-slice EPI readout with ascending slice
order, an extra delay of 80 ms was added to T'I for each further slice acquired. [8] All
other parameters were set to the same values as described in the section 3.3.4 ”Numerical
Phantom”.

3.3.10 Ewvaluation

Two common metrics were used as a measure of denoising quality, the SSIM [292] and
the peak signal-to-noise ratio (PSNR) [83, 161]. In case of the synthetic dataset the noise
free CBF-map served as gold standard. For the experimental dataset the gold standard
CBF-map was computed from the 500 C/L-pairs for the high resolution dataset and from
the 100 C/L-pairs for the standard resolution dataset. All evaluation steps were performed
on both, synthetic and experimental dataset.

3.3.10.1 Structural Similarity Index (SSIM)

Image structure degeneration and contrast difference between the gold standard CBF-
map and the denoised CBF-map were analyzed using the quantitative structural similarity
index [292].

3.3.10.2 Peak Signal-to-Noise Ratio (PSNR)

Peak signal-to-noise ratio, PSNR = 20log10(M AXi/RMSE), was used to evaluate the
denoising results within the brain mask [83, 161]. RMSE denotes the root mean square
error between the ground truth CBF-map and the denoised CBF-map and MAXi represent
the maximum intensity value in the ground truth CBF-map.

3.4 Results

3.4.1 TGV Performance

Figure 3.3 shows the performance comparison of the different TGV based denoising meth-
ods for the synthetic dataset in dependence of averages. For all methods the quality of
the CBF-maps can be improved compared to the standard mean filter. By including suc-
cessive more information of the acquired ASL dataset the visual quality as well as the
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quantitative metrics can be improved. The L' norm performs better than the L? norm if
additional temporal information is included.

Figure 3.7 shows typical high resolution CBF-maps from subject 8 before and after
denoising using 40, 50, 80 and 100 C/L-pairs together with the gold standard CBF-map
generated from all 500 C/L-pairs. Similar to the synthetic dataset the visual image qual-
ity and the quantitative metrics increases by incorporating additional information in the
denoising process. The best performance is achieved using the CL-T-L1 approach. This
method is compared with the reference denoising methods in the subsequent section.

3.4.2 Reference Denoising Methods

Figure 3.5 shows exemplary results of the optimization procedure for each reference de-
noising method. This figure clearly indicates that the parameters of each reference filter
vary between subjects and also among slices of the same subject. To ensure best possible
denoising results of the reference filters, the filter parameters were optimized for each sub-
ject and slice. It should be noted, that in contrast to the reference filtering methods our
proposed method used the same parameters for all in-vivo datasets listed in Table 3.1.

Figure 3.6 shows exemplary the noise free, the noisy, and denoised synthetic CBF-maps
using 40 (row A), 50 (row B), 80 (row C), and 100 (row D) C/L-pairs. Qualitative com-
parison of the CBF-maps shows a lower level of noise in all denoised CBF-maps compared
to a simple mean filter. Further, as expected the visual quality of each CBF-map increases
with increasing number of C/L-pairs. It can be seen that the various denoising techniques
result in different noise removal performance and varying degree of spatial smoothing.
In comparison to the reference denoising approaches the proposed TGV based method
(CL-T-L1) shows improved noise removal, especially in the WM, while small features are
still retained. Furthermore, the proposed method shows fewer overestimated CBF values,
especially for low SNR (40 and 50 C/L-pairs) datasets.

Figure 3.7 shows typical high resolution CBF-maps from subject 8 before and after
denoising using 40, 50, 80 and 100 C/L-pairs together with the gold standard CBF-map
generated from all 500 C/L-pairs. Similar to the results of the synthetic datasets, the visual
quality of the CBF-maps was improved in different ways. Furthermore, the proposed CL-
T-L1 approach removes local outliers in the difference image, which were neither detected
by the outlier algorithm nor by one of the seven reference denoising methods, as indicated
by a red arrow in Figure 3.7. Such artificial outliers could be misleadingly interpreted as
a hyper perfusion showing a clear benefit of the proposed method.

Additionally, Figure 3.8 shows a quantitative evaluation of all denoising approaches.
The mean SSIM and mean PSNR are given for a different number of C/L-pairs of the
high resolution synthetic and in-vivo dataset of subject 8. All denoising results are re-
ported within the generated brain mask. As expected, the PSNR and SSIM increase with
increasing numbers of control and label pairs. For low as well as high SNR the proposed
approach yields the largest improvement in PSNR and in SSIM. These quantitative results
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Figure 3.3: T} weighted image, gold standard CBF-map, noisy CBF-map and CBF-map calcu-
lated from the denoised difference image using 40 C/L-pairs (row A), 50 C/L-pairs (row B), 60
C/L-pairs (row C), 80 C/L-pairs (row D) and 100 C/L-pairs (row E) for slice 3 of the synthetic
dataset. Additionally, the quantitative metrices SSIM and PSNR, averaged over all slices and runs
are given for each denoising method. A qualitative and quantitative improvement is clearly visible
going from the easiest methods performed on the difference image (PWI-L1 and PWI-L2) to the
methods including also temporal information of the difference image (PWI-T-L1 and PWI-T-L2)
to the methods using all available information simultaneously (CL-T-L1 and CL-T-L2).
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Figure 3.4: Top row shows the 77 weighted image and the gold standard CBF-map calculated
from 500 C/L-pairs from the in-vivo dataset of subject 8. Row A to E shows the noisy CBF-
map and the CBF-map calculated from the denoised difference image using 40 C/L-pairs (row
A), 50 C/L-pairs (row B), 60 C/L-pairs (row C), 80 C/L-pairs (row D) and 100 C/L-pairs (row
E). Additionally the quantitative metrices SSIM and PSNR, averaged over all slices and runs are
given for each denoising method. A qualitative and quantitative improvement is clearly visible
going from the easiest methods performed on the difference image (PWI-L1 and PWI-L2) to the
methods including also temporal information of the difference image (PWI-T-L1 and PWI-T-L2)
to the methods using all available information simultaneously (CL-T-L1 and CL-T-L2).
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Results for the reference denoising methods using 3 different slices from the high

resolution dataset. In the 3D plots, the maximum is indicated by a red point for a clearer visu-
alization. The optimal parameter for each filtering method varies between different slices of the
same subject and also between different subjects.
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Figure 3.6: T; weighted image, gold standard CBF-map, noisy CBF-map and CBF-map calcu-
lated from the denoised difference image using 40 C/L-pairs (row A), 50 C/L-pairs (row B), 80
C/L-pairs (row C) and 100 C/L-pairs (row D) for slice 3 of the synthetic dataset. Areas were
the performance of the TGV denoising approach was superior compared to the reference denoising
methods are indicated with a red arrow.

are consistent with the qualitative results in Figure 3.6 and 3.7.

Figure 3.9 shows the mean SSIM and mean PSNR for a different number of C/L-pairs
of the high resolution synthetic and in-vivo dataset of subject 8. All denoising results are
reported within the segmented GM and WM mask.

Figure 3.10 shows a representative high resolution CBF-map of each of the remaining
seven subjects (subject 1 to subject 7) before and after denoising using 50 C/L-pairs. The
filtering results are similar to the denoising results of subject 8.

Figure 3.11 shows the mean SSIM and mean PSNR for the high-resolution in-vivo

dataset of the remaining 7 subjects using 50 C/L-pairs at optimal filter parameter settings.
The CL-T-L1 approach shows an averaged higher PSNR of 1.1 dB and an averaged higher
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Figure 3.7: Top row shows the T; weighted image and the gold standard CBF-map calculated
from 500 C/L-pairs of the high resolution in-vivo dataset of subject 8. Row A to D show the noisy
CBF-map and the CBF-map calculated from the denoised difference image using 40 C/L-pairs
(row A), 50 C/L-pairs (row B), 80 C/L-pairs (row C) and 100 C/L-pairs (row D). The red arrows
indicate areas were the TGV (CL-T-L1) approach is more comparable with the gold standard
CBF-map than the CBF-maps from the reference denoising methods.

SSIM of 0.6% compared to the best performing reference denoising technique. It should
be noted that for the proposed method the same parameters were used for all subjects.
The subjects were sorted in ascending order by PSNR.

Figure 3.12 shows exemplary the standard resolution CBF-maps before and after de-
noising from subject 1 for a different number of C/L-pairs. The gold standard CBF-map
was calculated from the 100 C/L-pairs. The denoising results for the standard resolu-
tion dataset are similar to the results of the high-resolution datasets, with the greatest
improvement in visual quality using the proposed TGV based approach (CL-T-L1).

Figure 3.13 shows the mean SSIM and mean PSNR for the two standard-resolution
in-vivo datasets for different numbers of C/L-pairs. The SSIM and PSNR improvement
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Figure 3.8: Mean SSIM and PSNR for different numbers of C/L-pairs from high-resolution in-vivo
and synthetic data averaged over 50 trials. Error bars denote +1 standard deviation.

for the different filters are in accordance with the results of the high-resolution datasets
and the greatest improvement in PSNR, and SSIM can be observed for the TGV denoised
CBF-maps.

3.5 Discussion

3.5.1 TGV Denoising Methods

The inherently low SNR of ASL data makes spatial denoising essential for robust CBF
quantification. The results of this study demonstrate the potential of using a TGV
based denoising approach for ASL imaging. Synthetic and in-vivo images with different
SNR levels were considered. Both, synthetic and in-vivo datasets show improved noise
suppression for low as well as high SNR regime while retaining small details and edges in
the perfusion images. This qualitative improvement is confirmed by the two quantitative

metrics SSIM and PSNR.
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Figure 3.9: Mean SSIM and PSNR in the GM and WM for a different number of C/L-pairs from
high resolution in-vivo and synthetic data. The results are averaged over 50 trials and the error
bars denote +1 standard deviation.
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Figure 3.10: Gold standard CBF-map, noisy CBF-map and CBF-map calculated from the de-
noised difference image using 50 C/L-pairs form subject 1 to 7 (row A to row G). The gold standard
CBF-map was calculated from the averaged 500 C/L-pairs. The red arrows indicate areas in the
CBF-maps were the proposed approach is more comparable with the gold standard CBF-map than
the CBF-maps of the reference denoising methods.

The extension of the simple TGV based approach by incooperating additional infor-
mation in the denoising procedure improves the results for both, L' and L? data fidelity
term approaches. The inclusion of temporal information is especially beneficial for the L'
norm approach which reduces outliers in the time series resulting in a significant improve-
ment in image quality. For the L? norm approach (PWI-T-L2) the improvement is minor
compared to the PWI-L2 approach. Since per definition the used data-fidelity term is the
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Figure 3.11: Mean SSIM and PSNR using 50 C/L-pairs from the remaining 7 subjects averaged
over 50 trials. Error bars denote £1 standard deviation.

element-wise mean the minor improvement gets clear. For both approaches a further im-
age enhancement is visible by incooperating the whole available dataset, suggesting that
the denoising approaches can benefit from the additional information. As expected, the
highest improvement in noise suppression is achieved with the CL-T-L1 norm. The L'
norm is more robust against outliers and takes into account the spatial varying noise in
the images, resulting in an improved noise suppression in regions of the capsula interna
while preserving sharp edges. In contrast, for the full L? model (CL-T-L2) noise still re-
mains in regions of the capsula interna. The L? norm penalizes large errors stronger than
the L' norm. The increased noise level in this region could be reduced by using stronger
regularization but this will comes at the cost of blurred edges. Therefore, the L' norm
is preferred over the L? norm for ASL images. The visual impression is confirmed with
the qualitative metrices (SSIM and PSNR) showing the highest values for the CL-T-L1
approach.

3.5.2 Comparison to Reference Denoising Methods

The results of the best performing TGV based method (CL-T-L1) were compared with
those of seven published denoising approaches. For all denoising methods the filter
parameters were optimized with respect to the quantitative metric SSIM, rather than
relying on visual quality. This allows comparing the performance of the different filters in
a fair way. The utilized parameter optimization strategy might be interesting in general
for various denoising algorithms, since it accounts for both structural degradation and
differences in contrast. Further, a semi-automatic parameter approach based on the
noise variance within an image was implemented [299]. This approach provides moderate
results, but degraded visual quality as well as reduced SSIM and PSNR, compared to
the presented optimization approach (data not shown). This is due to the fact that the
noise variance is often inaccurately estimated or spatially dependent. In contrast to the
reference methods, the TGV filtering approach provides superior results by applying
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Figure 3.12: Top row shows the T} weighted image and the gold standard CBF-map calculated
from 100 C/L-pairs of the standard resolution in-vivo dataset of subject 1. Row A to E show the
noisy CBF-map and the CBF-maps calculated from the denoised difference image using 8 C/L-
pairs (row A), 10 C/L-pairs (row B), 12 C/L-pairs (row C), 15 C/L-pairs (row D) and 20 C/L-pairs
(row E).
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Figure 3.13: Mean SSIM and PSNR for different numbers of C/L-pairs from the two standard
resolution in-vivo datasets averaged over 50 trials. Error bars denote +1 standard deviation.

the same model parameter set for all subjects. The optimal model parameters are very
robust against varying numbers of averages. Nevertheless, the regularization parameter
A has to be adapted according to the noise level. In contrast to other methods the
proposed method is very robust for a broad range of regularization parameter. Hence,
the denoising quality decreases only slightly, especially for datasets with sufficient SNR,
(Figure 3.2). This property might be attributed to the fact that a general denoising
model was applied, which does not depend on self-similarity blocks within an image or on
a-priori information such as the noise variance, which is often not accurately estimated.
This leads also to the fact, that the same parameters can be used for all in-vivo datasets.

In contrast to other studies which added constant zero mean Gaussian noise to the
synthetic dataset spatial dependent noise was considered to generate a more realistic
synthetic ASL dataset. A comparison of the two Wavelet based filters (WbW and
Wav(S)) with the noise free synthetic CBF-map reveals that the structural degradation
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is minimal. However, noise is still present in the CBF-maps especially in the WM, where
the SNR is approximately 3 times smaller than in the GM. The denoising results using
AD or aWNR are superior to the two wavelet based filters but in both cases noise is still
present. This is also the case for the STLRTV denoised CBF-maps. It should be noted,
that our data is motion-corrected, de-trended and outlier cleared before denoising. This
may restrict the benefit of the STLRTV filter compared to non-preprocessed data. For
the two block matching filters (BM3D, DT-CW ONLM), based on self-similarity blocks
in the difference image, an improved denoising especially in the WM regions can be
observed in comparison to the previous filters but this comes at the cost of stronger
blurring at the GM/WM boundaries. However, noise is still present in the capsula
interna for all denoising methods except for the TGV method. The use of self-similarity
blocks within a difference image can be a disadvantage in case of blocks or structures
which have only a few similar blocks within the image. These blocks remain noisy, which
might be the case for the capsula interna (Figure 3.6). Further, in all reference denoised
CBF-maps a hyper perfusion can be observed in the left and right thalamus. In contrary
the TGV method resulted in maps which are more comparable to the ground truth. The
TGV method shows improved noise removal in the GM and WM as well as in the capsula
interna. At the same time edges especially in the frontal lobe are still preserved (red
arrow in Figure 3.6). The retaining of structure and of small details is crucial especially
for the application of denoising high resolution ASL data. Furthermore, it is essential
for the detection of small local CBF changes which might get vanished in situations
where denoising introduces a high degree of spatial smoothing. The oversmoothing
of the reference filters may restrict its sensitivity in detecting small changes in CBF.
Hence, the reference filters are prone to a limited sensitivity in the detection of small
lesions or minor changes in CBF. Furthermore, the inherent spatial oversmoothing of the
reference denoising methods could impair the sensitivity in group studies where only GM
structures or regions are analyzed.

An increased number of C/L-pairs improve the quality of all CBF-maps and leads
to a lower structural degradation, especially for the two block matching filters. This
indicates that the degree of spatial smoothing is coupled with the degree of noise
suppression and SNR. Moreover, the presented study demonstrates that at low SNR
level a trade-off between spatial smoothing and noise removal level has to be chosen for
all reference denoising approaches. These visual observations are confirmed by the two
quantitative metrics SSIM and PSNR, indicating a lower systematic error and minor
structural degradation for the TGV based method for all analysis. Both, the visual
quality and the quantitative metrics show that for all denoising techniques the benefit of
denoising decreases with increasing SNR.

The in-vivo dataset exhibits the same degree of spatial oversmoothing for the
reference denoising methods (Figure 3.7), especially for low SNR. An additional
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feature of the proposed method is its robustness against outliers. This is achieved
by applying the L' norm together with the temporal dimension in the data term of
the functional (equation 3.27). This shows a clear benefit of the proposed method,
while all reference methods, except the STLRTV, use only the spatial dimension for
denoising. In terms of SSIM and PSNR similar results were obtained for the in-vivo
datasets of the remaining 7 subjects. The highest improvements are reported for the
proposed TGV method. The differences in PSNR and SSIM between subjects may
be due to differences in the CBF. Previous studies [168, 197] found a higher CBF
in women than in men. Subjects 1, 2, 3 and 5 are men and subjects 4, 6, 7 and 8
are women indicating a higher PSNR and consequently a higher SSIM for women than men.

Furthermore, we analyzed a principle component analysis (PCA) and independent
component analysis (ICA) denoising algorithm [299] for denoising of the perfusion
weighted time series. However, we only use a single TI time with no dynamic change in
our data. Denoising by reconstructing the image series using only the biggest components
of the PCA clearly reduced the temporal variation of the pixels, but leads, after averaging
to the same results as a simple mean filtering of the original data. We observed similar
results for the ICA denoised images with no additional improvements. Additionally, it is
very hard to choose the right independent components as it is not clear how much each
component contributes to the signal. Since we average the whole perfusion weighted time
series and got similar results as for simple mean filter, we decided not to include the ICA
and PCA results in our study.

We additionally evaluated the denoising algorithm for standard resolution ASL data of
two subjects. The performance of the evaluated denoising algorithm (Figure 3.12) is the
same as for high resolution data with the exception of the STLRTV, which performs better
than for the high resolution datasets. This can be due to the higher SNR in the single
perfusion weighted images, leading to a higher benefit of the spatial TV and therefore to
a better final outcome. However, the proposed TGV based denoising approach is still the
best in terms of PSNR and SSIM (Figure 3.13).

In summary the results of the presented study highlights, that the proposed TGV (CL-
T-L1) method enables an essential reduction of the acquisition time in the application of
high as well as standard resolution PASL. As a consequence, this reduces the risk of
motion artifacts and addresses clinical demands. A combination of the proposed TGV
denoising method with higher SNR labeling schemes such as pseudo continous arterial spin
labeling (pCASL) [56] or 3D readouts such as 3D-gradient and spin echo (GRASE) [109]
would lead to a further reduction in acquisition time or may further improve the spatial
resolution. The developed algorithm can be easily implemented as an additional pre-
processing step besides motion-correction, outlier-detection and temporal filtering and
should help increasing the robustness and reproducibility of CBF quantification in clinical
studies.
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3.6 Conclusion

This study demonstrated that the proposed total generalized variation denoising frame-
work with coupling of control and label pairs, outperforms state of the art denoising
techniques. In addition, the new method improved the quantification accuracy of the
CBF-maps, for both simulations and experiments. This general TGV model joins spatial
and temporal similarity of the label and difference image for robust signal estimation,
in case of low as well as high SNR. Consequently, this approach highly satisfies clinical
demands in terms of reducing the scan time, motion artifacts and local outliers and in-
creasing the spatial resolution. Compared to other state of the art denoising methods the
structural degradation is minimized and local outliers are removed. This makes the TGV
denoising approach highly attractive for group or functional ASL studies as well as for
detecting anomalies in perfusion.
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4.1 Introduction

In the previous chapter an overview and comparison of state-of the art denoising methods
with a new TGV based algorithm for 2D arterial spin labeling (ASL) data was consid-
ered. Filtering improves the quality of ASL images and allows a significant reduction
in acquisition time, which is important in the clinical routine. The investigated filtering
methods rely on the assumption that the noise variance is equal across the image i.e. the
value of noise variance is stationary and can be characterized by a single value. However,
this assumption is often violated in practice leading to suboptimal performance in noise
removal.

91
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In ASL noise contributions can be divided in thermal noise and physiological noise. Ther-
mal noise was described by Nyquist [190] and Johnson [140] and is caused by random ther-
mally driven motion of electrons within the radio frequency (RF)-coil and receiver electron-
ics [1, 52]. Thermal noise is stationary, additive and normally distributed with zero mean
and can be characterized by a single parameter o2. The noise variance (02 o 4kTBR)
depends on the temperature T, the readout bandwidth B, and the effective resistance R.
Both the imaginary and real signal in k-space are affected by thermal noise. In magnetic
resonance imaging (MRI) the complex image is obtained by applying a discrete inverse
fourier transform. Since the inverse discrete Fourier transformation (IDFT) is an orthogo-
nal linear transformation, the characteristics of stationary Gaussian noise is well preserved.
While this assumption is valid for single RF coil acquisitions [184], it is violated for images
obtained form multichannel-coils [114], which are nowadays standard in MRI. The noise
in the receiver coils is no longer independent due to electromagnetic coupling leading to
cross-correlations in the coils [4, 52]. Furthermore, the development of multi-coils form
the basis for parallel imaging (PI) methods to speed up the acquisition [104, 211, 238].
PI reduces the signal-to-noise ratio (SNR) by the square root of the acceleration factor
due to reduced data sampling and results in a spatial varying noise enhancement in the
image [211]. This effect is described by the g-factor [211] and depends on several factors
including the coil geometry, the imaged object, and the acceleration factor [211]. A de-
tailed summary of effects on the noise distributions using multi-coils and parallel imaging
is given by Santiago Aja-Fernandez et al. [3]. For ASL imaging a moderate acceleration
factor of 2-3 is recommended to reduce the echo train length for 3D-rapid acquisition with
relaxation enhancement (RARE)-readouts or the echo time for 2D gradient echo EPI [8].
Typically, phased array coils with 20, 32 or even 64 coils are used leading to non-stationary
noise in the images.

Beside thermal noise, physiological noise is the second and dominant source of noise in
ASL imaging. Physiological noise refers to all sources of signal variability that are related
to the subject physiological processes (being measured) i.e. signal fluctuation due to res-
piratory and cardiac effects [150], or metabolic effects of neural activity [24]. Breathing
can influence the baseline signal up to £ 25% [217] and differences in cardiac cycle lead to
changes up to + 20% [217]. Cardiac related signal fluctuations are due to cerebrospinal
fluid (CSF) movement and vessel pulsation [55], which changes the diameter of blood ves-
sels and increases the number of fresh inflowing spins [159]. Li et al. showed that these
fluctuations are spatially correlated and changes the global signal intensity in ASL images
with the most influence in regions within or near large blood vessels [159].

The effect of breathing on MRI of the brain has been investigated by several groups [212,
213, 277]. Respiration induces By fluctuations in the human brain through changes in mag-
netic susceptibility associated with movement of the organs in the thorax and abdomen,
and due to changes in the oxygen concentrations [212, 213]. By fluctuations causes insta-
bilities in phase and frequency in the MRI signal which in turn leads to signal fluctuations,
ghosting, and image displacement [213, 277].
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The last source of noise is related to subject motion, which is a critical problem in ASL
imaging. The perfusion signal is only 1% of the static tissue signal and obtained by a sub-
traction of two successively acquired images. Even a small amount of motion, especially
at the boarder of two regions, can create substantial changes in the voxel intensity which
dominants the ASL signal. In contrast to thermal noise, physiological noise is dependent
on the signal intensity and fare away from random. [153]

Considering for those effects in the denoising procedure a spatially varying regularization
parameter would be more appropriate than a global. Therefore, we adapt the denoising
framework of chapter 3 by including a spatial dependent regularization parameter. The
nature of ASL acquisition allows an easy estimation of the spatially variant noise maps by
calculating the voxel wise standard deviation over the repeated measurements. The per-
formance of the proposed method is evaluated on synthetic and experimental in-vivo high
resolution pulsed arterial spin labeling (PASL) data with 2D-echoplanar imaging (EPI)
readout and pseudo continous arterial spin labeling (pCASL) data with 3D-gradient and
spin echo (GRASE) readout. The results are compared with the ASL-TGV denoising
approach presented in chapter 3.

4.2 Theory

4.2.1 Extension of the ASL-TGYV Denoising Approach for 3D Data

In chapter 3 we proposed a variational denoising method for 2D isotropic ASL data. This
approach is now extended for 3D isotropic and anisotropic ASL data. Here, an additional
third dimension is introduced in the gradient and symmetrized gradient operator of the
total generalized variation (TGV) functional. In case of isotropic data the resolution
or grid size is equal in all dimension leading to a equally penalization of the discrete
gradient and symmetrized gradient operator respectively. However, for anisotropic data
an additional spatial weight for each gradient direction is necessary to relate the voxel size
to the physical grid leading to
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where s;, sy, 5. are the corresponding weights and N, x N, x IV, is the size of the 3D
volume. Similar to the 2D case the full optimization problem includes data-fidelity terms
for control and label data as well as TGV-functionals for label and perfusion images.

(c*,1") € argmin A[sc —dc||; + M|l — di]|; + 71 (w) TGVO?LQ0 (c)+
ol (4.4)
12 () TGVZ (= 1)
The numerical solution of this convex but non-smooth problem is given by the primal
dual splitting algorithm and can be found in appendix C.2.

4.2.2 Extension to Spatial Adaptive Variational Denoising

For considering non-stationary noise in the ASL images the constant regularization pa-
rameter A\ in the 3D denoising approach (equation 4.4) is replaced with a separate reg-
ularization map for control (A, € RNe*NuXNoXNe) anq label (A, € RNe*NuxNoXNe) data,
This regularization maps penalizes deviations now voxel-wise according to the inverse of
the temporal standard deviation of the corresponding image. Hence, in voxels with low
standard deviation the faithfulness to the original data is high, whereas in voxels with high
standard deviation stronger regularization is used, relying more on the model assumption.
The full minimization problem reads as follows

(c",1) € argmin o [[Ae (e = de)ll + 5 | (st = dDl3 + 1 (w) TGVE, o () +

c,l

(4.5)
Yo (w) TGVO?LQO (c—1).

The numerical solution of this problem is given by the primal dual splitting algorithm
in appendix C.2.
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4.3 Methods

4.3.1 ASL Data

For validation the numerical phantom and the corresponding acquired 2D dataset of sec-
tion 3.3.1 ”ASL Acquisition” were used. In addition, ASL data at 4 different resolutions
were acquired from one healthy subject at a 3T magnetic resonance (MR) system (VIDA,
Siemens Healthcare, Germany) using a 64 channel head coil. A prototype controlled
aliasing in parallel imaging results in higher acceleration (CAIPIRINHA) accelerated 3D-
GRASE sequence with pCASL labeling and background-suppression was used [134, 283].
The labeling plane was placed above the carotid bifurcation and below the V3 segment
using a short time of flight (ToF) scan for planning [282]. The following parameters were
equal for the four acquisitions: field of view (FoV) = 203 x 203 mm, CAIPIRINHA-
pattern 2 x 2(1)| phase-partial Fourier = 6/8, slice-partial Fourier = 6/8, two background
suppression pulses, refocusing flip angle = 180°, labeling duration (LD) = 1800 ms, and
post-labeling delay (PLD) = 1800 ms. The additional parameters for each acquisition are
summarized in Table 4.1.

Table 4.1: Acquisition parameters for the four ASL datasets

Parameter Dataset 1 Dataset 2 Dataset 3 Dataset 4
Resolution in mm  1.3x1.3x1.3  1.6x1.6x1.6 2x2x2 2.5x2.5x2.5
TR in ms 3920 4120 4000 3870
TE in ms 26.4 37.1 23.6 16.9

Turbo-factor 10 8 13 13
EPI-factor 29 45 37 29
Slices 48 38 32 26
Segments 4 2 1 1
Repetitions 20 30 38 30

Acquisition time 10min 36s 8min22s 5dminl2s 4minds

To show the potential of the 3D spatial adaptive regularization approach, an additional
high resolution (2x2x2 mm?) synthetic ASL dataset with non-stationary noise was com-
puted. The generation of this dataset is based on a high resolution (1 mm isotropic) Ti-
and proton density (PD)-map (Mp) supplied by MRiLab [164] for MATLAB r2016b (The
Mathworks, Natick, MA, USA). Similar to the 2D dataset, cerebral blood flow (CBF)-
values of 65 ml/100g/min and 20 ml/100g/min were assigned to gray matter (GM) and
white matter (WM) tissues, respectively [72, 155, 201, 325]. In a subsequent step, the high
resolution images were downsampled to 2 mm isotropic resolution using tri-linear interpo-
lation, which introduces additional partial volume (PV) effects. From the downsampled
CBF-map the perfusion weighted images (PWIs) were calculated using the general kinetic
model for pCASL [34] described in section 4.3.4 ” Quantification of Cerebral Blood Flow”.
The control images are assigned to C = 0.1 - My, which models a background suppression
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of 90% applied to My. The label images are simply given by L = C — PWI. Afterwards
spatial dependent Gaussian noise was added to each voxel in the C/L-images as shown in
Figure 4.1.

Figure 4.1: Example of generating the ASL dataset with spatial varying noise. Top row from
left to right: spatial varying noise map, noise free control image, noise free label image, and noise
free CBF-map. Bottom row from left to right: applied non-stationary noise, noisy control image,
noisy label image, and noisy CBF-map.

4.3.2 ASL Data Processing

The 2D and 3D datasets were processed using statistical parameter mapping v 12 (SPM12),
MATLAB 2015b (The MathWorks, Inc., Natick, Massachusetts, USA), ASL-toolbox [293,
294], and in-house written MATLAB scripts. The preprocessing was performed as previ-
ously described in chapter 3 section 3.3.5 7 ASL: Data Processing” and includes: motion
correction [293, 294], de-trending [293, 295], and outlier correction [261]. Subsequently,
the ASL images were denoised using the proposed TGV based methods.

4.3.3 Parameter Choice

For the reference denoising method in 2D the parameters and results from the previous
chapter were taken. For the extended 3D version, as well as the proposed spatial adaptive
denoising method, the parameters were optimized by maximizing the structural similarity
index (SSIM) between the noise free synthetic CBF-map and the denoised CBF-map. The
spatial dependent regularization parameter-maps were calculated independently in each
voxel by estimating the temporal standard deviation. An additional parameter n ensures
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a correct weighting between the spatial dependent regularization and data faithfulness.

For all approaches the optimized parameters were summarized in Table 4.2.

Table 4.2: Optimized model (s) and regularization parameters (1 and A) for the 2D and 3D TGV

approaches.

N 2D CL-T-L1 3D CL-T-L1 2D SA-TGV 3D SA-TGV

S A s A S n S n

2D Synthetic Data

40 0.475 215 05 250 045 035 0.5 0.3

50 0.475 225 05 225 045 035 0.5 0.3

60 0.475 245 05 2.00 045 035 0.5 0.3

80 0.475 275 05 2.00 045 035 0.5 0.3

100 0.475 3.00 05 225 045 035 0.5 0.3

2D In-Vivo PASL Data

40 04 425 055 2625 05 035 055 0.3

50 0.4 450 055 2425 05 035 055 0.3

60 04 475 055 2425 05 035 055 0.3

80 04 575 055 2925 05 035 055 0.3

100 0.4 650 055 3550 05 035 055 0.3

3D Synthetic Data

25 0.6 2.0 0.6 2.2 0.6 0325 0.6 5.5

50 0.6 225 0.6 2.6 0.6 0325 0.6 5.5

75 0.6 225 0.6 24 0.6 0325 0.6 5.5

3D In-Vivo pCASL Data

Resolution S A S A S n S n

1.3mmiso 055 35 055 325 06 045 0.6 2.0

1.6 mmiso 0.55 3.75 055 3.5 0.6 045 0.6 2.0

20 mmiso 055 4.0 055 375 06 045 0.6 2.0

2.5 mmiso 055 4.0 055 3.7 06 045 0.6 2.0

4.3.4 Quantification of Cerebral Blood Flow

For the quantification of the CBF a general kinetic model was applied [34]. According to
this model, the CBF in ml/100g/min can be calculated in each voxel for PASL-Q2TIPS
data using the following equation [8]

CBF(%% Z) -

TI,

6000 \- PWI(x,y,z)- e’

2-a-My(x,y,2)-Th

and for pCASL data using [8]

CBF(x,y,z2)

PLD

6000 - \ - PWI(z,y,2) e b

I

2-a-My(x,y,2) -Tip- (1 — e_m)

)
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where X is the blood-brain partition coefficient and set to 0.9 mi/g [125], T} is the
longitudinal relaxation time of blood at 3T and set to 1.65 s [169], « is the labeling
efficiency and set to 0.85 for pCASL [56] and 0.98 for PASL [308], 7/T'I; is the labeling
duration and set to 1.8/0.8 s, PLD /T, is the post labeling delay and set to 1.8 s [§],
PWI(z,y,z) is the denoised difference image, and My is the acquired proton density
image smoothed with a Gaussian filter (full width at half maximum (FWHM) = 3 mm)
as recommended [8]. The total delay time 71> was set to 1.8 s for the leading slice. For
the PASL data an extra delay of 80 ms was added to T'I5 for each further slice acquired
in ascending order [8], because of the used multi-slice EPI readout [8].

4.3.5 Evaluation

Two common metrics were used as a measure of denoising quality: the SSIM [292] and the
peak signal-to-noise ratio (PSNR) [83, 161]. In case of the synthetic dataset the noise free
CBF-map served as gold standard. For the 2D experimental dataset the gold standard
CBF-map was computed from the 500 C/L-pairs. Benchmarking consists of 50 trials with
40/50/60/80/100 randomly selected C/L-pairs out of the data pool of 500, for the 2D
synthetic and in-vivo dataset of subject 8. For the remaining 7 subjects benchmarking
was performed using 50 C/L-pairs. In case of the 3D synthetic dataset benchmarking was
performed using 25/50/75 randomly generated C/L-pairs.

SSIM

Image structure degradation and contrast difference between the gold standard CBF-map
and the denoised CBF-map were analyzed using the quantitative structural similarity
index [292].

PSNR

Peak signal-to-noise ratio, PSNR = 20log,,(M AXi/RMSE), was used to evaluate the
denoising results within the brain mask [83, 161]. RM SE denotes the root mean squared
error between the ground truth CBF-map and the denoised CBF-map, and M A X repre-
sents the maximum intensity value in the ground truth CBF-map.

ROI Analysis

For the high resolution 3D datasets the denoising performance was evaluated by creating
box-plots of the GM- and WM-CBF.
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4.4 Results

4.4.1 2D Dataset

Figure 4.2 shows the estimated regularization maps and corresponding PWIs for 4 exem-
plary slices of the in-vivo data. The strength of the regularization parameter is reciprocal
related to the noise standard deviation. A clear variation is visible between slices and
also within one slice i.e at large vessel locations, at the boarder of the head, or due to the

different coil sensitivity.

Figure 4.2: PWIs of 4 exemplary slices and corresponding estimated spatial dependent regular-
ization parameter maps (A, and X;).

Figure 4.3 illustrates the noisy and denoised synthetic CBF-maps for a different number
of averages. Compared with the simple mean filter all denoising approaches improve the
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visual quality and quantitative values. The improvement of the denoising approaches get
smaller for higher SNR levels. The incorporation of a third dimension slightly increases
the image quality for both approaches. The highest image enhancement could be achieved
with the proposed spatial adaptive regularization method leading to continuously higher
quantitative values, but the improvement is only small compared to the robust CL-T-L1
method.

Figure 4.4 shows the performance of the different denoising approaches on in-vivo data
of subject 8. The gold standard CBF-map was generated from 500 C/L-pairs. Similar to
the results of the synthetic datasets, the performance of the 3D denoising approaches is
slightly better than the performance of the 2D approaches. The CBF-maps appear more
natural with a lower number of over smoothed structures leading to an improved visual
quality of the CBF-maps. This visual impression is confirmed by the two quantitative
metrics showing continuously higher values for the 3D approaches. However, the perfor-
mance gain of the spatial adaptive approach is minor and only visible in the quantitative
metrics.

Figure 4.5 shows a quantitative evaluation of the denoising approaches with the mean
SSIM and PSNR for the remaining 7 subjects. On average the 3D denoising approaches
(SA-TGV/CL-T-L1) improves the SSIM of about 0.45/0.39 % and the PSNR of about
0.55/0.4 dB compared with the 2D approaches. For each subject, the highest performance
increase is achieved with the 3D spatial adaptive approach.

4.4.2 3D Dataset

Figure 4.6 shows the performance of different denoising algorithms on the simulated syn-
thetic ASL-dataset with spatial varying noise. Three different SNR levels were considered.
An increase in SNR leads to a smaller performance difference between the individual ap-
proaches and a lower image enhancement compared with the simple mean. The isotropic
voxel size shows a clear performance improvement of the two 3D approaches. The highest
level of agreement with the noise free CBF-map is achieved with the proposed 3D-SA
approach. The visual impression is confirmed by the two quantitative metrics showing an
improvement of 0.88/0.87/0.67 % in SSIM and 0.4/0.23/0.13 dB in PSNR using 25/50/75
C/L-pairs compared with the second best method 3D CL-T-L1.

In Figure 4.7, 4.8, and 4.9 an exemplary CBF-map of the different high resolution in-
vivo datasets is shown. The results are in accordance with the results from the synthetic
dataset. A qualitative comparison of the different resolutions shows that the amount of
noise increases with the resolution. Especially the CBF-map with the highest resolution
is dominated by noise without no clear GM to WM contrast. The TGV based denoising
methods were able to enhance the image quality of the CBF-maps. The proposed 3D-SA
yields the highest image enhancement while preserving edges and structures very well.

A quantitative evaluation of all methods is shown in Figure 4.10. Boxplots of CBF-
values in GM and WM for different resolutions are given. As expected, an increase in voxel
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Figure 4.3: Synthetic simulated gold standard CBF-map, noisy CBF-map and denoised CBF-
maps for different number of C/L-pairs (40 (A), 50 (B), 60 (C), 80 (D) and 100 (E)). In addition,
the SSIM and PSNR averaged over 50 trials are given.
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Figure 4.4: Gold standard CBF-map, noisy CBF-map and denoised CBF-maps of subject 8 for
different number of C/L-pairs (40 (A), 50 (B), 60 (C), 80 (D) and 100 (E)). The gold standard
CBF-map was calculated from the 500 C/L-pairs. In addition the SSIM and PSNR averaged over
50 trials are given.
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Figure 4.5: Quantitative performance comparison of the proposed methods using 50 C/L-pairs.
The SSIM and PSNR averaged over 50 trials for the 7 subjctes are given. Error bars denote +1
standard deviation.
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Figure 4.6: Synthetic simulated high resolution CBF-map, noisy CBF-map, and denoised CBF-
maps using 4 different denoising approaches. Top row 25 averages, middle row 50 averages and
bottom row 75 averages. In addition, the SSIM and PSNR are given.
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Figure 4.7: Performance comparison of the different denoising approaches for an exemplary in-vivo CBF-map at different spatial resolutions:
(A) 1.3 mm iso, (B) 1.6 mm iso, (C) 2.0 mm iso, and (D) 2.5 mm iso. Note the different noise levels in the mean CBF images.
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size decreases the inter-quartile range (IQR) and whiskers, indicating a higher SNR of the
data. This is in accordance with the visual impression in Figure 4.9. For all TGV based
denoising methods the median values for GM and WM are close to the mean CBF-maps,
while the IQR could be reduced by approximately 50% for the high, and 30% for the low
resolution data. The difference between the individual approaches is minor, however, the
proposed 3D-SA approach shows the smallest IQR and the closest median to the noisy
CBF-map.

4.5 Discussion

In this study we presented a TGV based denoising technique for ASL imaging, which
takes into account spatial variations in noise level. Simulated low and high resolution
as well as 2D and accelerated 3D in-vivo ASL datasets with different SNR-levels
were considered. For all datasets the proposed method enhances the image quality
and corresponding quantitative metrics compared with the robust CL-T-L1 approach
proposed in chapter 3.

In ASL imaging the spatial regularization map can be easily calculated due to the
nature of repeated measurements. The estimated maps (Figure 4.2) confirm previous
findings that ASL datasets are often corrupted with local outliers due to changes in
cardiac [159] or respiratory cycle [277], or due to the use of parallel imaging with
multi-coil arrays leading to spatial dependent noise. Higher standard deviations are
visible in regions of large vessels potentially leading to intravascular artifacts in the
CBF images (Figure 4.4). In addition, boarder regions show a higher variation primary
caused by motion as well as deep brain structures due to the reduced coil sensitivities.
These variations are directly exploited in the proposed denoising approach resulting in
improved image quality as well as higher quantitative metrics for the synthetic dataset.
However, the improvement is small indicating that the robust CL-T-L1 approach is able
to account for outliers and also to a certain extent for changes in noise level. The L2
norm for the data-fidelity term penalizes higher deviations stronger than the L' norm.
As a results, regions with high contrast changes get blurred, while the L' norm preserves
edges and features well. Therefore, if an accurate estimation of spatial adaptive maps is
not possible (e.g. the number of averages are too small) the CL-T-L1 approaches would
deliver meaningful results.

Comparing the performance of the 2D denoising approaches with the 3D algorithm the
improvement is only visible in quantitative metrics and is more or less negligible. This is
not very intuitive because the information gained by the additional dimension should
improve the results. However, the 2D datasets were simulated according to the in-vivo
acquisition. The ascending multi-slice acquisition leads to an increased PLD and hence
to a lower signal in the upper slices as illustrated in Figure 4.2. In case of 3D denoising
this change in intensity is suboptimal because a change in contrast in the third dimension
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Figure 4.10: Mean CBF-values in GM and WM for 4 different resolutions.
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leads to additional costs during the optimization process. In the 2D denoising approaches
this change in contrast is accounted by normalization of the corresponding 2D images.
Another reason could be the anisotropic voxel size. The slice thickness is 3.6 mm with an
additional slice gap of 0.9 mm resulting in 4.5 mm in total. Since the structures in the
GM are changing rapidly form slice to slice the low resolution hampers the performance
of 3D approaches.

For the 2D in-vivo datasets a similar behavior is observable. = However, the
improvement for 3D approaches is higher as for the synthetic dataset. The 3D denoising
methods provide more natural CBF-maps and additionally higher quantitative SSIM and
PSNR values for all subjects. One reason could be the natural variation of the CBF in
the GM and WM of the in-vivo dataset. In contrast, the synthetic dataset has more or
less constant areas. In case of constant areas, a strong penalization can be used to remove
the noise and achieve a low cost of the penalization functional. However, if natural
variations exits this high penalization causes oversmoothing and thereby degrading the
image quality. A trade-off between noise removal and oversmoothing has to be chosen for
the 2D approaches. This may explain the weaker regularization parameter for the in-vivo
dataset. In such cases, the use of additional information in the third dimension could
help to remove noise.

The potential of the 3D denoising algorithms is reflected in the high resolution
3D synthetic datasets. Both approaches show a clear improvement in visual quality
and quantitative metrics compared with the 2D approaches. Again, the highest
improvement is achieved for the proposed 3D-SA-TGV approach, which directly exploits
the uncertainties in the data fidelity term. For the in-vivo dataset, the higher resolutions
clearly reduces the partial volume effects (PVE) leading to higher CBF values and
better localization of structures. However, this is accompanied by a significant higher
noise level. The denoising methods successfully suppress noise but introduce blurring,
especially in the CBF-maps with very high noise levels. The blurring is accompanied
with a loss in image quality and effective resolution. A good compromise between noise,
resolution, smoothing, and acquisition time is achieved by the 3D dataset with 2 mm
isotropic resolution.

The proposed spatial adaptive method has the advantages that the model and
regularization parameters are very robust for a specific dataset i.e. the same parameters
can be used for different SNR. levels or subjects. In contrast, the robust L' method uses a
different regularization parameter for a different number of averages. Nevertheless, if the
readout or labeling schemes is changed both parameters of the SA-TGV has to be tuned
accordingly. This can be explained by the high contrast change between non-background
suppressed 2D and background suppressed 3D ASL data. In addition, the blurring in the
3D images leads to a lower contrast to noise ratio.
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In summary, the results of this study highlights the potential of using a spatial adap-
tive regularization approach for image enhancement of ASL data. The regularization map
takes into account local variations of noise. As a consequence, this approach reduces out-
liers, improves the image quality and accompanied quantitative values. It provides high
resolution CBF-maps within a clinical acceptable measurement time. Further improve-
ments are expected by considering the SNR in the voxels instead of the uncertainties.
Thus, especially for 2D-multi slice imaging the signal change due to the longer PLDs can
be considered. In addition, the different SNR levels in WM and GM can be included.

4.6 Conclusion

The incorporation of a spatial varying regularization parameter in the TGV denoising
approach increases the SNR and image quality compared to a single regularization param-
eter. In addition the proposed method allows for automatic denoising of ASL data. The
regularization parameter can be easily calculated by estimating the temporal standard
deviation. This approach is capable of meeting highly clinical demands in terms of scan
time reduction, accounting for local outliers and enhancing image quality.
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5.1 Introduction

So far we only considered static or steady state conditions in arterial spin labeling (ASL)
i.e. acquiring the ASL signal at one specific post-labeling delay (PLD) and by assuming

111
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that the cerebral blood flow (CBF) does not change during the acquisition. All denois-
ing methods proposed in chapter 3 and 4 are limited to these static ASL measurements.
However, for many applications it is important to consider and maintain the ASL signal
evolution through time. For example, in task based functional arterial spin labeling (fASL)
the activity of the human brain in response to a specified task is investigated in space and
time. This relies on the mechanism that increased neural activity is accomplished by an
increase in metabolism and CBF [99]. During the rest state spontaneous fluctuations in
CBF are observable over time due to time-varying neuronal activity. This fluctuations are
synchronized in certain brain regions and used to study resting-state functional connec-
tomics i.e. brain regions which shows a high correlation in fluctuations are likely connected
to each other. [25] Another important application is pharmacological functional magnetic
resonance imaging (phMRI). In these studies the change in CBF induced by medication
or recreational drugs is evaluated for understanding their effect on the brain systems i.e.
Gollub et al. [103] showed that cocain infusion decreases the CBF in gray matter (GM). A
study by Cemeron et al. [37] showed that an intake of 250mg caffeine leads to a vasocon-
striction of the cerebral vascular and hence reduces the whole brain CBF down to 30%.
Dynamic ASL measurements are especially important for patients with cerebrovascular
disease for whom the healthy and affected brain region might have a different arterial
transit time (ATT) which is not known in advance. In this case the right choice of the
PLD has a major impact on the quantification accuracy. The acquisition of the time evolu-
tion of ASL signal in each voxel can solve this transit time problem. However for all those
applications a high temporal resolution is necessary which dramatically reduces the SNR
compared to static measurements where tens of averages are acquired. This makes post-
processing techniques for gaining SNR even more important. In this chapter the concept
of infimal convolution of total generalized variation (ICTGV) denoising is presented which
was proposed by Holler et al. [131] and applied in the context of 2D dynamic magnetic
resonance imaging (MRI) data reconstruction [221]. The proposed method is validated on
two exemplary ASL applications; First in a task based fASL study where the perfusion
changes in local brain regions correlates with neural activation and second in a multi-PLD
experiment where the evolution of the ASL signal in each voxel is investigated.

5.2 Theory

5.2.1 Spatio-Temporal TGV

The basic theory for variational models with spatial regularization was described in chap-
ter 3.2.2 "Total Generalized Variation for ASL Denoising”. Recapturing the definition of
the spatial TGV-functional (equation 4.1) it is straightforward to extend this to spatio-
temporal dimensions. Similar to the extension for the 3D anisotropic case, an additional
dimension and a corresponding weight is introduced in the gradient (V : U — U%) and
symmetrized gradient (¢ : U* +— U'?) operator in the spatio-temporal domain (U €
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where u € U is the volume time series, v € U% is a tensor field, ag and «; are positive
weights, and 9;f : U — U and 9, : U +— U are the discrete forward and backward differ-
ences defined in the Appendix C.1.1 and C.1.3. We denote by N, x Ny x N, the dimensions
of image space, and by N; the number of time frames. The incorporation of an additional
temporal dimension allows to exploit spatial and temporal redundancy of the dataset. By
applying the proposed total generalized variation (TGV) functional (equation 5.1) we ob-
tain a dynamic image series which is smooth in space and time. A crucial part is the choice
of the right spatial and temporal weights. For the spatial dimensions the corresponding
weights s;, sy, s, are given by the voxel dimensions. However for the temporal dimension
the weight s; is not known in advance as the relation of frames or time-steps to spatial
voxels is unclear. (Note that the weights in space and time can be reduced to a simple
parameter 3 = % controlling the relation between time and space which is defined in
the Appendix C.1.6 and C.1.6 respectively.) By fixing this spatio-temporal ratio to one
value we have to decide if we prefer a higher temporal or a higher spatial regularization.
The first is favorable for regions where no or only slow signal changes occur over time
since it strongly penalizes temporal variations. For areas with high dynamic changes a
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higher spatial regularization is beneficial. Since dynamic ASL data have locally different
dynamic properties i.e. areas with no or slow dynamic changes as well as regions with high
dynamic changes, a trade off between those two situations has to be chosen. To address
this problem Holler et. al. [131] proposed the infimal convolution of two spatio-temporal
TGV functions with different spatial and temporal weights.

5.2.2 Infimal Convolution of TGV

The infimal convolution of two spatio-temporal TGV functionals is defines as

ICTGV? (u) = min TGV? (u —v) + TGV? (v). (5.4)

a1,00,81,82 a1,00,01 a1,a0,82

By using two different spatio-temporal ratios i.e. §1 < 1 and 2 > 1 we can account for
different dynamic properties. The first TGVO?h 0,51 functional enforces pice-wise smooth-
ness in space and time, but allows more model deviations in space. In contrast, the second
TGVO?h a0.fs functional allows more deviations in time. The infimal convolution of those
two functionals separates the original volume sequence u in two volume sequences u — v
and v and balances the contribution of those two volumes locally. The defined ICTGV
functional provides dynamic volumes, which are smooth in space and time and additionally
takes into account rapidly changing contrasts as well as slow or stable contrast. [131]

For denoising of a dynamic ASL dataset equation 5.4 has to be extended with a data-
fidelity term and a corresponding regularization parameter \. This parameter balances
the strength of data faithfulness versus regularization. This leads to the following final
minimization problem:

. A
u” € argmin Ju — du|5 + IC’TG’VO?LOCO@’/32 (u). (5.5)
u

This minimization problem is non-smooth but convex and can be efficiently solved by
Chambolle-Pocks primal dual algorithm. Therefore, the problem has to be reformulated
as a saddle-point problem. This reformulation as well as the numerical solution is given
in Appendix C.2.8.

5.3 Implementation

All necessary steps in the iterative primal dual algorithm reduce to simple arithmetic op-
erations which can be highly parallelized on a graphics processing unit (GPU). Therefore,
the ICTGYV denoising algorithm was implemented in C++ with compute unified device ar-
chitecture (CUDA) parallel processing using the AGILE [149] and accelerated variational
dynamic MRI reconstruction (AVIONIC) [222] library. For all denoising applications the
model parameters a; and ag for the TGV functionals were set to ai/ag = 1/v/3’, which
proved to be a reasonable choice for MRI images [148]. Further model parameters (f1,
B2, and s) were optimized for each applications individually as this parameters depend
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on the dynamic properties of the dataset. The regularization parameter A adjusts the
balance between regularization and data consistency and depends on the signal-to-noise
ratio (SNR) of the dataset. Hence, it is adjusted for the experiments according to the
SNR. For all applications the number of iterations was set to 2000, which is enough to
ensure convergence.

5.4 Application to Functional Arterial Spin Labeling

5.4.1 Short Introduction to fMRI

Since its introduction in 1990 functional magnetic resonance imaging (fMRI) has become
the most widely used technique to study the activity of the living brain. Compared with
positron emission tomography (PET) it is non-invasive, does not require a radioactive
tracer, and is much cheaper. Furthermore, it has a much higher spatial resolution with
well defined anatomic landmarks and includes whole brain coverage compared to elec-
troencephalography (EEG). [67]

The basis for functional neuroimaging are complex physiological changes in the brain as
a result of increased neural activity. The exact mechanism linking the complex cellular,
metabolic, and vascular changes are still under investigation but can be summarized as
follows. During activation several cellular processes of neurons require energy in form of
adenosin triphosphate (ATP). Large amounts of ATP are produced by the oxidative glu-
cose metabolism, which require oxygen and glucose. Since the brain has no locale energy
storage, both substrates are continuously supplied by the CBF. Consequently, during
neuronal activity the increase in metabolic rate (glucose and oxygen consumption) is ac-
companied by an increase in CBF and blood velocity. In addition, it leads to a vasodilatory
response increasing the cerebral blood volume (CBV). [35, 199

Fox and Raichle [89, 90] studied the relationship between neural activity and the physi-
ological changes. They implied a linear coupling between neural activation and cerebral
metabolic rate of oxygen (CMRO2) but a non-linear coupling, with a disproportional rise,
in case of CBF as well as cerebral metabolic rate of glucose (CMRGIc). The fractional
change in CBF and CMRGIc are similar [90, 99] and typically by a factor of 2-3 higher
compared to CMRO2 [61, 129, 145]. This disproportional increase in CBF compared with
CMRO2 results in a net increase in the amount of oxygenated blood. As consequence, the
deoxygenation of venous blood drops [35]. Deoxygenated hemoglobin (dHb) is paramag-
netic due to the unpaired electrons and produces a local susceptibility induced field shift
leading to a reduction in 75 [265]. This measurable effect is known as blood oxygen level
dependent (BOLD) effect [191] and leads to a drop in the MRI signal. Since in neural
activity the ratio of oxygenated hemoglobin (oHb) to dHb increases an increase in T3 is
observable. The typically BOLD response raises the baseline signal by a factor of 0.5-
5% [67]. However, the signal changes are not quantifiable in physiological units. Since the
BOLD response depends on the deoxygenation level of venous blood, the change in CBV
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in response to neural activity directly affects the oxygenation level and hence the BOLD
response. The BOLD signal is therefore only a indirect measure of neural activity without
quantitative, physiological interpretation as it depends on changes in CBF, CMRO2 and
CBYV [120]. Other physiological variables such as heart rate variability [235], breathing
rate [69] or respiration volume [23] can change the BOLD signal i.e. breath holding can
change the BOLD signal up to 4% [264]. Furthermore, low-frequency drifts known as
baseline drifts are present in BOLD fMRI data. The source of this drifts are systematic
changes in the MRI hardware i.e. heating of shim as a result of gradient heating [80, 237].
An alternative fMRI method for studying the neural activity is ASL. In contrast to BOLD,
fASL provides quantitative information of perfusion changes over time. It provides, there-
fore, a direct measure of the CBF induced signal change due to either an external stimu-
lus (i.e. a flashing checkerboard) or due to spontaneous brain activity (i.e. resting-state
fMRI). [166] A task-based fASL experiment was first demonstrated by Kwong [151] and
the CBF increases 30-90% in the activation region depending on the performed task [316].
Whereas in BOLD the signal change is unit-less and always related in percentages to the
baseline, in ASL the change in CBF can be quantified in absolute units. The additional
insensitivity to baseline drifts in ASL, due to pair-wise subtraction of adjacent control
and label images, makes ASL perfectly suited for applications with a slowly varying signal
over time (long task block) and for longitudinal studies i.e. for studying long-term effects
of working memory training [255], for studying disease progressions or for studying the
effects of a given pharmacological agents on the baseline CBF [48].

Several studies reported that fASL has a higher spatial accuracy compared to BOLD
fMRI [172, 207, 267]. The ASL signal is more located to the brain parenchyma and shows
a better spatial correlation to anatomical landmarks since the measured CBF is primarily
from small arterioles and capillaries. In contrast, the BOLD signal stems from the change
in oxygenation of blood and shows a bias toward the venous side away from the activated
brain region [278]. Another interesting feature of fASL is the higher intra-individual repro-
ducibility [156, 216, 267] and the lower inter-subject variation [267] compared to BOLD.
However fASL has two major challenges which restrains its application in clinical and
research areas: first a low signal-to-noise ratio and second a low temporal resolution due
to the additional labeling time and PLD.

In this work ICTGYV is used to address the limitation of low SNR. ICTGYV incorporates
spatial and temporal information for denoising of the perfusion weighted image (PWI) time
series. The denoising method is evaluated on task-based finger tapping experiments and
compared to standard Gaussian denoising. The ICTGV denoising approach is validated
on in-vivo data as well as on a synthetic generated dataset.
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5.4.2 Methods
5.4.2.1 2D Data Acquisition

Four healthy volunteers were scanned at a 3T magnetic resonance (MR) system (Magne-
tom Skyra, Siemens Healthcare, Germany). Pulsed ASL measurements were performed
using PICORE/Q2TIPS single shot echoplanar imaging (EPI) with a 20-channel head coil.
The following imaging parameters were used: 15 slices with 6 mm thickness, distance factor
25%, 3x3 mm? in-plane resolution, 6/8 partial-Fourier, repetition time (TR)/echo time
(TE) = 2500/13 ms, bolus or labeling duration (TI1)/inversion time (TI) = 800/1800
ms and labeling slice thickness 10 ¢m. A block design paradigm with seven interleaved
30-second periods of rest and finger tapping (right hand) was conducted resulting in an
acquisition time of 7 min 10 s.

5.4.2.2 Anatomical Data Acquisition

For each subject an additionally T} weighted image was acquired using a 3D magnetization
prepared - rapid gradient echo (MPRAGE) sequence with the following imaging parame-
ters: resolution of 1x1x1 mm3, 192 slices, phase oversampling = 15%, slice oversampling
= 33%, TR/TE/TI = 1910/1.81/1000 ms, Grappa-factor = 4, flip-angle = 8°, acquisition
time = 2 min 55 s.

5.4.2.3 Anatomical Data Processing

For each subject the T weighted images were segmented into GM, white matter (WM), and
cerebrospinal fluid (CSF) using statistical parameter mapping v 12 (SPM12)! (Wellcome
Trust Centre for Neuroimaging, University College London, UK) [92] and coregistered to
the native ASL image. From this coregisted tissue partial volume (PV) maps a brain mask
was generated by summing up the corresponding maps and including voxels with a tissue
content greater than 0.1.

5.4.2.4 Synthetic Dataset

In order to evaluate the proposed method, a synthetic CBF-map was generated based on
the segmented 77 weighted image of one subject as described in section 3.3.4 ”Numerical
Phantom”. In this synthetic CBF-map, voxels corresponding to activations due to motor
tasks (voxels in the primary sensorimotor area, supplementary motor area, and parietal
and parietal associative area) are superimposed with a BOLD effect and ASL activation
signal change (30s on/off, 7 runs) as shown in Figure 5.1 and described in [122]. Zero
mean Gaussian noise was added to this synthetic ASL image time series.

"https://www.fil.ion.ucl.ac.uk/spm/software/spm12/
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Figure 5.1: Simulated BOLD-effect and ASL signal change in one representative voxel. The time
course of the selected voxel is marked with a red arrow in the 77 weighted image. Gold standard
activation map (FWE, p < 0.05) overlayed on a coregisted T} weighted image.

5.4.2.5 ASL Data Processing

ASL data processing and statistical analysis were conducted using MATLAB (Mathworks,
Natick, Massachusetts), SPM12, ASL-toolbox [293, 294] and in-house developed MATLAB
scripts. Prior to denoising the ASL time series were motion-corrected and global signal
fluctuations were regressed out of the ASL image time series at each voxel [293, 294]. To
eliminate the BOLD signal contamination in the ASL time series surround subtraction was
applied [167, 307]. Afterwards, the perfusion weighted time series was denoised using the
proposed spatio-temporal approach and for comparison using a conventional 3D-Gaussian
kernel with 6 mm full width at half maximum (FWHM). From the noisy and denoised
PWIs, the CBF-maps were quantified using a general kinetic model [34] for pulsed arterial
spin labeling (PASL) as defined in section 4.3.4 ”Quantification of CBF”. Subsequent
task-based fASL analysis was performed in SPM12 for each subject. A general linear
model (GLM) was fitted in the CBF time series. The model was specified using a box-car
function convolved with a canonical hemodynamic response function. The statistical maps
were thresholded at p < 0.05 after family wise error (FWE) correction and overlayed on
the coregistered T weighted images.

5.4.2.6 Parameter Choice

The regularization parameter A as well as the ICTGV model parameters, 31, 82, and s were
optimized using the simulated dataset. A grid search was performed and the parameter
values which achieved the most true and the least false activation voxels were used. This
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parameters are S =7, fo =1, s = 0.6 and A = 0.1.

5.4.3 Results

Figure 5.2 shows the activation-maps (FWE, p < 0.05) overlayed on a T} weighted image
for the simulated dataset using no denoising, Gaussian denoising, and the proposed denois-
ing method as preprocessing step. Compared with no denoising and Gaussian denoising,
the incorporation of temporal information in the proposed denoising method results in de-
tection of all activations for 4 as well as 7 runs. Since the time course of fASL data is highly
redundant, the inclusion of the temporal information is very effective. This improvement
in spatio-teporal denoising is illustrated in Figure 5.3, showing the acquired PWIs at 4
different time points for subject 4. During the finger tapping period (timepoint 14 and
17) a clear signal increase in the motor cortex (green arrow) of the perfusion weighted
images is visible. Figure 5.4 shows the activation maps (FWE, p < 0.05) of subject 4 and
the corresponding fitted CBF response in the voxel with the highest t-value. The ICTGV
denoised time-series exhibits substantial improvement in noise suppression compared with
standard spatial Gaussian denoising. This results in statistically significant activations in
the motor areas (bottom row). Figure 5.5 shows exemplary the activation maps (FWE,
p < 0.05) of the remaining three subjects.

Gold Standard

4 runs 7 runs

No Denoising

GauB Denoising

ICTGV Denoising

Figure 5.2: Activation map (FWE, p < 0.05) overlayed on a coregisted 77 weighted image
generated from the gold standard (noise free), noisy, Gaussian denoised, and ICTGV denoised
CBF time series.
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Figure 5.3: Perfusion weighted images at 4 different time points of one slice from subject 4 without
denoising, using Gaussian denoising, and using the proposed method. The CBF-increase/neuronal
activity in the motor cortex due to finger tapping is clearly visible in the ICTGV-denoised PWIs
(green arrow). Timepoint 9 and 27 are PWIs acquired during rest and timepoint 14 and 17 are
PWIs acquired during finger tapping.
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Figure 5.4: Activation maps (FWE, p < 0.05) of one representative subject (4) overlayed on
a coregisted T7 weighted image using noisy data, Gaussian denoised, and ICTGV denoised data.
Fitted CBF response in one voxel of the motor cotex during the finger tapping experiment.
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o . .

Figure 5.5: Activation maps (FWE, p < 0.05) overlayed on a coregisted T weighted image of
the remaining 3 subjects conducted form the noisy, Gaussian denoised, and ICTGV denoised time
series.

5.4.4 Discussion

In this chapter the effect of spatio-temporal denoising based on infimal convolution
of TGV functionals was assessed for fASL data. The proposed method combines two
spatio-temporal weights, allowing for stronger temporal regularization in areas with
low dynamic change and weaker temporal regularization in areas with high dynamic
change. The incorporation of temporal information in the denoising procedure improves
the image quality and accomplished statistics for both, simulations and in-vivo data
compared with standard Gaussian denoising. This can be explained by exploiting the
high temporal redundancy of fASL images directly in the denoising process.
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For the synthetic dataset an increase in the number of runs from 4 to 7 improves the
SNR leading to a higher number of detected activation voxels for the noisy time-series.
A further improvement is visible in Figure 5.2 for the Gaussian denoising approach.
The incorporation of spatial information of the neighborhood reduces the noise and
improves the accompanied statistics. However, the spatial smoothing has a side-effect. It
leads to statistically significant false-positive activations e.g. several activations in the
white matter visible in Figure 5.2. In comparison the activation maps obtained from
the ICTGV denoised time series are very similar to the ground truth maps. All voxels
with activation were successfully detected for 4 as well as for 7 runs. Nevertheless, for
this approach some false positive activations are visible (Figure 5.2). One option to
reduce this false positive activation is by using spatial thresholding, which is commonly
used in fMRI and relies on the assumption that neuronal activity induces signal changes
over several voxels [88].

For the in-vivo dataset only subject 1 and 4 show an activation in the motor
cortex using the noisy-time series as input. Surprisingly, for the Gaussian denoised
time-series non of the 4 subjects shows an activation in the motor cortex. One reason
could be, that the spatial resolution is very low (3x3x6 mm?3) compared to the cortical
gray matter thickness, which is typically between 1.5 and 4.5 mm, and 2.5 mm on
average [75, 87]. Spatial smoothing at this low resolution can increase the partial
volume effect and thereby reducing the activation related change in CBF and hence the
effect size. Furthermore, the Gaussian denoising is only effective in removing random
noise with equal variance. Thus, outliers or artifacts due to physiological noise can
not be effectively suppressed. In contrast to the simulated dataset, where only zero
mean Gaussian noise was added, the in-vivo datasets are additionally corrupted with
outliers and different artifacts due to physiological noise (clearly visible in the PWI
timeseries in Figure 5.3). The outliers and artifacts can further reduce the effect
size. An inclusion of a strong regularization along the time domain can suppress
these artifacts to a certain degree (Figure 5.3). This results in a well recovering
of the underlying signal and hence an improved detection of activation in the motor cortex.

For the proposed method several model parameters have to be set up correctly.
This was achieved by simulating a synthetic fASL dataset. Since the model
is very general the optimized model parameters can be directly transferred
to the in-vivo dataset.  However, for different number of runs or datasets the
regularization parameter A has to be adjusted to take into account different
noise levels. The proposed method was implemented in CUDA to accelerate the
computation time. The denoising of the whole 4D fASL dataset took approximately 4min.

In summary the presented study highlights the use of effective denoising methods for
fASL data. The proposed ICTGV method with two spatio-temporal weights is well suited
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for task-based fASL as it accounts for both, the high dynamic change in response to neural
activation as well as no dynamic change during the baseline condition. A further improve-
ment in SNR or spatial resolution can be achieved by combing the proposed method with
a background suppressed 3D readout. The use of background suppression in combination
with 3D readouts increases the SNR and temporal stability by approximately a factor of
3, and thereby the reliability of activation maps [283]. In addition, the proposed method
can be extended to a 4D reconstruction approach by including the MRI forward operator
in the minimization problem. In combination with an accelerated 3D acquisitions, using a
time-varying undersampling scheme, the spatial resolution or spatial coverage of the PWI
time series can be pushed further.

5.5 Application to Multi-PLD Data

5.5.1 Introduction

In ASL the images are typically acquired using a single-PLD because it is easy to im-
plement and allows boosting the SNR by repeating the measurements [8]. As discussed
previously in chapter 2, for single-PLD acquisitions the selected PLD must be higher than
the ATT of the blood to avoid miss-quantification of CBF. However, it is difficult to select
the right PLD prospective because the ATT varies between healthy subjects and patients
with vascular diseases i.e. patients with steno-occlusive disease [100]. One way to solve this
transit time problem is by using a very long PLD, ensuring that the blood has sufficient
time to reach the tissue. However, this leads to a longer acquisition time and additionally
to a lower SNR due to the Tj-relaxation of the labeled blood. An alternative approach to
solve this problem is by measuring the ATT in addition to the CBF. This is achieved by
performing multiple ASL experiments at different PLD and fitting this measurements to
a kinetic model [34]. ATT is a valuable physiological parameter for the characterization
of collateral flow and hemodynamically impaired regions [27, 62].

However, for dynamic ASL data a trade-off between spatial and temporal resolution has to
be chosen. For whole brain coverage with the recommended segmented 3D-acquisition [8]
only a limited number of PLD can be acquired in a clinically acceptable time. To over-
come this drawback, accelerated single-shot 3D acquisition strategies were implemented
recently [28, 134, 253]. This acceleration comes at the cost of reduced SNR, making the
estimation of CBF and ATT with a non-linear least squares (NLLSQ) fitting approach
quite challenging. To improve the SNR and stabilize the fitting approach, we present
a denoising approach based on infimal convolution of total generalized variations. The
method is validated on a synthetic phantom dataset including simulated pathologies and
on a healthy subject for a different number of averages.
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5.5.2 Methods
5.5.2.1 Data Acquisition

One healthy subject was measured on a 3T Siemens Prisma (Siemens, Erlangen, Ger-
many) system after giving written informed consent. ASL data were acquired using a
pseudo continous arterial spin labeling (pCASL) sequence with a 2D controlled aliasing
in parallel imaging results in higher acceleration (CAIPIRINHA) accelerated single-shot
3-D gradient and spin echo (GRASE) readout [134] with background suppression. The
following imaging parameters were used: matrix size = 64x64x38, field of view (FoV)
= 192x192x114 mm? resulting in 3 mm? isotropic resolution, 10% phase- and 17.5%
slice oversampling, TR/TE = 5260/14.44 ms, 2x2(1) CAIPIRINHA pattern, phase-partial
Fourier 6/8, refocusing flip angle = 180°, EPI-factor = 25, turbo factor (TF) = 22, seg-
ments = 1. In total 16 time-points with 4 averages were acquired using a labeling duration
of {1.05,1.3,1.55,1.8,...,1.8} s and a PLD of {0,0,0,0: 0.25 : 3} s within an acquisition
time of 11 min 29 s. The ASL labeling plane was placed according to a time of flight
(ToF) angiogram in the neck area above the bifurcation of the carotid artery and below
the V3 segment [282].

Additionally, a T weighted image was acquired using a 3D-MPRAGE sequence with
the following imaging parameters: 1 mm isotropic resolution, 176 slices, TR = 1900 ms,
TE = 2.7 ms, TI = 900 ms, flip angle = 9°, acquisition time = 5 min 58 s.

5.5.2.2 Synthetic Dataset

In order to validate the proposed denoising approach, a synthetic ASL dataset was created
based on a high resolution (1 mm isotropic) Tj- and proton density (PD)-map (M)
supplied by MRiLab [164] for MATLAB r2016b (The Mathworks, Natick, MA, USA).
CBF-values of 65 ml/100g/min and 20 ml/100g/min with corresponding ATT values of
800 ms and 1500 ms were attributed to GM and WM tissue respectively [72, 155, 201, 325].
Additionally, a hyper perfusion area in frontal WM (40 mi/100g/min) and in the putamen
(114 ml/100g/min) with corresponding reduced ATT of 750 ms and 400 ms were added.
In a subsequent step, the high resolution images were downsampled to 3 mm isotropic
resolution using tri-linear interpolation. This introduces additional PV effects and matches
typical resolution of 3D-ASL acquisitions. From the downsampled CBF- and ATT-map
a time series of 16 PWIs, using the same labeling duration (LD) and PLD as for the
in-vivo acquisition, were simulated using the general kinetic model for pCASL [34] (see
section 5.5.2.5 ”Quantification of CBF and ATT”). The control images are assigned to
C = 0.1 - My, which models a background suppression of 90% applied to My. The label
images are simply given by L = C' — PWI. Afterwards, complex Gaussian noise was
added to each control and label images separately with a SNR level similar to in-vivo
measurements. An example of the ground truth and noisy PWI time series is given in
Figure 5.6.
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5.5.2.3 Anatomical Image Processing

The high resolution T} weighted image was segmented into GM and WM using SPM12 and
computational anatomy toolbox v 12 (CAT12) [98] toolbox? (C. Gaser, Structural Brain
Mapping Group, Jena University Hospital, Jena, Germany). The segmented GM and WM
partial volume maps as well as the high resolution 7T weighted image were coregistered
to the mean PWI as suggested by Mutsaerts et al. [187]. A brain mask was generated by
summing up the corresponding GM- and WM-PV-maps followed by a 3D dilation with a
kernel element of size 3.

5.5.2.4 ASL Data Processing

Motion correction of the ASL time series was performed using SPMI12 and
ASL-Toolbox [294, 295]. In a subsequent step the perfusion weighted time series was
calculated and denoised using the proposed ICTGV approach.

5.5.2.5 Quantification of CBF and ATT

The quantification of CBF and ATT from the perfusion weighted time series is based on
the general kinetic model for pCASL [34]:

0 t, < At
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where f is the CBF in ml/100g/min, At is the ATT in minutes, 7} is the longitudinal
relaxation decay constant of tissue, which is 1.33/60 min for 3T, M, is the acquired
proton density weighted image, and 77 the longitudinal relaxation decay constant of
blood, which is 1.65/60 min at 3T [169], « is the labeling efficiency and set to 0.85 [56] for
the synthetic dataset and to 0.7 [283] for the in-vivo data because of the used background
suppression. 7 is the labeling duration and is set to {1.05,1.3,1.55,1.8,...,1.8} s with the
corresponding PLDs of {0,0,0,0: 0.25 : 3} s, ¢, is the acquisition time point, i.e. the sum
of post labeling delay and labeling duration. Further, the blood-brain partition coefficient
A is assumed to be 90 ml/g [125], thus Mgy = My/A. The apparent longitudinal relaxation
decay of tissue is give by %app =1/Th + £/

5.5.2.6 Fitting Algorithm

The estimation of the CBF and ATT maps from the noisy and denoised perfusion weighted
time series is performed using a NLLSQ fitting algorithm. The NLLSQ function lsgnonlin

*http://wuw.neuro.uni-jena.de/cat/
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in MATLAB (The Mathworks, Natick, MA, USA) estimates the unknown (CBF and ATT)
from equation 5.6 by means of a trust-region reflective method. Additional box constraints
on CBF and ATT are used to limit their values to a physiologically meaningful range of
[0, 300] mi/100g/min for CBF and [0, 6] seconds for ATT, respectively.

5.5.2.7 Data Evaluation and Error Propagation

In order to show the benefit of the proposed method, we evaluated the stability and error
propagation by performing a pseudo replica analysis. Therefore a set of 100 perfusion
weighted time series with different noise realizations but equal standard deviation were
computed. For each time series the CBF and ATT were estimated from the denoised and
noisy perfusion weighted images. Afterwards, the voxel-wise median and inter-quartile
range between the 25" and 75" quartile were calculated for evaluation. Additionally, for
the simulated and in-vivo dataset median CBF and ATT values as well es inter-quartile
range (IQR)-values of GM and WM tissues were reported to study systematic errors. For
the simulated dataset tissue masks were created by assigning CBF values within [18, 22]
ml/100g/min to WM and CBF values within [60, 65] ml/100g/min to GM. For the in-
vivo dataset the co-registered GM- and WM-PV-maps were thresholded by a factor of 0.9
to generate the tissue masks.

5.5.3 Results
5.5.3.1 Synthetic ASL Data

Figure 5.6 shows the ground truth simulated, the noisy, and the denoised perfusion
weighted time series at 6 different timepoints. Qualitative comparison of the PWIs shows
a high noise suppression of the proposed method, especially at areas with low SNR while
maintaining the dynamic contrast change. This is illustrated in four representative voxels
in Figure 5.7. In the WM voxels the signal is dominated by noise and no clear signal change
can be observed for the noisy image (red). In contrast, the proposed method recovers the
signal change very well and shows a high correlation to the noise free ground truth time
course. This improvement in signal recovery results in more accurate CBF and ATT maps,
shown in Figure 5.8. Especially in the low SNR areas (WM), the nonlinear fitting leads
to many outliers for the noisy input. The voxel wise fitting stability, with and without
denoising, is presented in Figure 5.9. The median values are close to the ground truth
values. However, the prior denoising of the time series leads to a lower IQR for the ATT as
well as the CBF-map. This visual impression is confirmed by the box-plots in Figure 5.10
showing an IQR decrease in WM-ATT of 65% and WM-CBF of 48%, respectively for the
proposed method compared with the noisy input.
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Figure 5.6: Simulated perfusion weighted time series for 6 different PLDs. Top row (A) shows
the noise free, middle row (B) the noisy, and bottom row (C) the ICTGV denoised PWIs. The
proposed method is able to remove noise but maintains the image contrast and edges.

5.5.3.2 In-vivo Data

Figure 5.11 shows the estimated CBF- and ATT-maps of the in-vivo subject using a
different number of averages per PLD. For the highest number of averages both methods
perform well resulting in a good image quality. However, the proposed method shows
a lower number of outliers especially in the ATT-map. The effect of denoising is more
pronounced for a lower number of averages. While the NLLSQ fitting of the noisy data
results in an increased number of outliers and hence in a decreased image quality, the
fitting of the ICTGV denoised data provides reasonable quantitative maps even for the
lowest number of averages. This visual improvement is confirmed in the corresponding
box-plots in Figure 5.12 showing a lower IQR range for the proposed method.

5.5.4 Discussion

In this study we presented a spatio-temporal denoising approach based on infimal
convolution of TGV functionals for multi-PLD ASL data. The infimal convolution of two
TGV functionals with different spatio-temporal weights (51 < [32) allows the automatic
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Figure 5.7: Comparison of the ground truth dynamic ASL signal (blue) with the noisy (red) and
ICTGYV denoised (yellow) ASL signal in four different voxels. The ICTGV denoising recovers the
original signal time course very well for low (WM) as well as high (GM) SNR cases.

separation of the signal into two components: one with low signal change and a second
with high dynamic changes. Hence, local different dynamic characteristics of the ASL
signal are considered during the optimization approach. The proposed method was
validated on simulated synthetic and in-vivo ASL datasets with a different number of
averages per PLD. For all datasets a substantial improvement in noise suppression is
observable for the proposed method and edges as well as small structures (pathologies)
are well preserved. The improved noise suppression is especially visible in PWIs with a
low SNR (very short or very long PLD) and additionally in the exemplary ASL signal
time courses shown in Figure 5.7. For all four cases the proposed method reduces noise
and successfully recovers the original noise free ground truth time course. This stabilize
the non-linear fitting procedure resulting in more accurate quantitative maps. The visual
improvement is confirmed with the results of the pseudo-replica method, showing a lower
IQR range in WM for the ICTGV denoised (CBF 11% and ATT 9%) maps compared
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Figure 5.8: Comparison of two representative CBF- and ATT-maps estimated from the noisy
and denoised perfusion weighted time series. The proposed method (ICTGV + NLLSQ) shows
superior noise removal in CBF and ATT compared with the NLLSQ fitting approach.



5.5. Application to Multi-PLD Data 131

ICTGV

S >
© ©
(= ] c
o [a'4
<o =4
_ ] 5
& o

o
o

Figure 5.9: Fitting results for the pseudo replica method showing the voxel-wise median and IQR
in CBF and ATT over 100 different noise realizations. For both methods the median CBF- and
ATT-maps are visually close to the noise free maps showing no systematic error. The additional
denoising of the PWI time series stabilizes the fitting procedure resulting in a lower IQR than
without denoising.

to the standard NLLSQ approach (CBF 31% and ATT 21%). In general, the variation
(IQR) is higher in WM compared with GM. This is caused by the approximately three
times lower perfusion and additional longer ATT resulting in a lower SNR. However, the
reduction of uncertainties by including prior information comes at the cost of a bias in the
dynamic ASL signal leading to an overestimation of CBF in WM and an underestimation
of CBF in GM. The amount of bias can be controlled by the regularization parameter
and gets higher with stronger regularization. This bias can be accounted to a certain
extend by using a debiasing methods [33, 64], which could be included in a further step.

The synthetic high resolution images were downsampled to 3 mm isotropic resolution
matching the typical ASL resolution. This accounts for partial volume effects (PVE) and
leads to transient tissue boundaries. Therefore, the reference CBF and ATT values in
GM and WM shows a natural variation represented by the IQR in the box plots.

Similar to the synthetic dataset the proposed method reduces noise in the time series
of the in-vivo dataset. This improves the non-linear estimation of CBF and ATT leading
to a lower number of outliers especially in the WM. While for the NLLSQ approach, the
number of outliers increases with a reduced number of averages per PLD, the proposed
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Figure 5.10: Boxplots of the CBF and ATT in GM- and WM-tissue over 100 runs. The median
of the NLLSQ fitting approach shows a lower bias in GM- and WM-CBF compared to the denoised
images but comes at the cost of higher uncertainties (higher IQR).

method provides a good image quality with only a minor visible degradation. This visual
impression is confirmed by the quantitative boxplots in Figure 5.12 showing similar IQR-
and median-values in GM and WM tissue independent of the number of averages. In
contrast, and as expected, the IQR increases for the standard NLLSQ approach using a

lower number of averages.

The utilized CAIPIRINHA accelerated GRASE sequence improves the temporal
resolution of ASL data which is beneficial in two ways: First it reduces the sensitivity
to motion artifacts, which can lead to uninterpretable quantitative maps in segmented
acquisitions; And second it provides a more flexible approach for multi-PLD data,
allowing to sample a broader range of the ASL signal.

In summary, the proposed ICTGYV approach allows an essential reduction in acquisition
time (from 11 min 29 s to 2 min 55 s) while maintaining the quality and quantification
accuracy of CBF- and ATT-maps. This improvement potentially helps to enable the
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Figure 5.11: One representative CBF- and ATT-map estimated from a different number of
averages (N). For the highest number of averages both methods produces meaningful CBF- and
ATT-maps. However, the proposed denoising method stabilizes the non-linear fitting approach and
leads to a lower number of outliers. Even for one average per PLD (t4¢q = 2 min 55 s) meaningful
CBF- and ATT-maps can be estimated from the ICTGV denoised time series.
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Figure 5.12: Boxplots of the CBF- and ATT-values in GM- and WM-tissue of the in-vivo data in
dependence of the number of averages. The NLLSQ fitting approach shows a higher IQR in GM-
and WM-tissue compared to the denoised images.

consolidation of clinical applicability and higher spatial resolutions. Further improvements
are expected by extending the denoising approach to a reconstruction approach including
coil-sensitivities and Fourier sampling. This provides additional information and matches
the assumption of Gaussian noise in the raw data. In addition, this approach could be
combined with a time-dependent CAIPIRINHA sampling pattern, allowing for higher
acceleration factors, thereby reducing the through-plane blurring or increasing the spatial

resolution.

5.5.5 Conclusion

The results of both studies (fASL and multi-PLD) demonstrate the potential of the pro-
posed regularization approach for dynamic ASL data. With this general TGV model a
substantial suppression of noise can be achieved and the signal can be successfully recov-
ered from the noisy data by taking into account correlations of the varying signal intensity
along the time series as well as inclusion of information of the spatial neighborhood. This
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stabilizes the fitting approach resulting in improved image quality and accomplished statis-
tics. Consequently, the proposed method highly satisfies clinical and research demands.
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In chapter 5 the basic principles of functional magnetic resonance imaging (fMRI) to map

the neuronal activity were presented. The underlying contrast mechanism are the blood

oxygen level dependent (BOLD) contrast obtained with a 72* weighted sequence and the
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perfusion contrast obtained with arterial spin labeling (ASL). In conventional fMRI studies
the images are acquired during a task-based paradigm (several interleaved blocks of task
and rest) and the activation analysis is carried out in a subsequent step. Real time func-
tional magnetic resonance imaging (RT-fMRI) is an extension to traditional fMRI and was
first proposed by Cox et al. in 1995 [53]. In RT-fMRI the data acquisition keep pace with
the reconstruction, analysis and visualization of functional data. This provides several ad-
vantages compared to the traditional fMRI studies [53]. First, it allows online monitoring
of data quality. This improves the reliability of fMRI because of the possibility of detecting
strong head movement or other physiological artifacts [287]. Second, functional activity
maps are provided immediately, which allows the detection of poor task performance. In
both cases, the acquisition can be repeated immediately. The online analysis is particular
useful for pre-surgical functional localization and intra-operative guidance [126, 127, 185].
Third, new task and stimulus protocols can be easily developed [53]. And fourth, the fast
processing and visualization enables the opportunity of providing a neurofeedback (NF)
to the subject. This means that the individuals get acoustic or visual feedback how strong
the activity in a certain brain region is related to a specific task or behavior. Hence, the
subjects can learn to influence their own brain activation. This was first demonstrated
for BOLD fMRI by Weiskopf et al. [297]. In their study a healthy volunteer was able
to increase the BOLD signal of the anterior cingulate cortex (ACC) across feedback ses-
sions indicating a learning or self-regulation effect [297]. With this study a new research
area was born called RT-fMRI-NF, which has grown rapidly popularity. Several studies
demonstrated the potential of RT-fMRI-NF as an effective intervention tool for different
clinical domains i.e. depression [319], pain regulation [63, 79], tinnitus [112], Parkinson's
disease [256], schizophrenia [193, 219], and auditory hallucinations [193].

Until now all RT-fMRI-NF studies were carried out using the BOLD effect. Besides
BOLD-fMRI, functional arterial spin labeling (fASL) is a very promising approach for
studying the neural activation due to its sensitivity to blood flow alterations. It has im-
portant advantages compared to BOLD fMRI, which makes fASL perfectly suited for NF
studies: increased spatial accuracy [172, 207, 267], higher intra-individual reproducibil-
ity [156, 216, 267], a direct activation related absolute change in cerebral blood flow
(CBF) [151], and a stable baseline signal.

So far only one study investigated the real-time processing of fASL data [121]. However,
the study focused only on the online monitoring of the ASL signal without providing
feedback to the subject. In this study we implemented a real-time solution for ASL data
processing and feedback generation. This pipeline includes the acquisition of data, image
reconstruction, post-processing, and neurofeedback presentation during a task to guide
the subject's performance. The computation of all processing steps is done within the
repetition time and allows guiding the subject's activation intermediately. The real-time
pipeline is evaluated on 5 healthy subjects using a finger tapping paradigm with one
baseline and two feedback runs.
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6.2 Methods

6.2.1 Data Acquisition

5 subjects were measured on a 3T magnetic resonance (MR) system (Skyra, Siemens
Healthcare, Germany) after giving written informed consent. A prototype pseudo
continous arterial spin labeling (pCASL) sequence with 3D-gradient and spin echo
(GRASE) readout and background suppression [283] was used with the following
imaging parameters: FOV = 192x192x96 mm3, 3x3x6 mm? resolution, 16 slices,
phase-/slice-oversampling = 10/15%, slice-partial Fourier = 6/8, phase-partial Fourier
= 6/8, echoplanar imaging (EPI)-factor = 51, turbo factor (TF) = 14, repetition time
(TR)/echo time (TE) = 4000/23 ms, labeling duration (LD)/post-labeling delay (PLD)
= 1800/1700 ms. A baseline (BL) finger tapping experiment was conducted using a
block-wise paradigm with 6 interleaved blocks (32 s rest/task). The experiment consists
of one BL run and two feedback (FB) runs (FB1 and FB2). The BL run was used to
locate the activation area in the motor cortex and to create the activation mask of the
motor cortex for each subject.

Additionally, from each subject a 717 weighted image was acquired using a
3D-magnetization prepared - rapid gradient echo (MPRAGE) sequence with the
following imaging parameters: resolution of 1x1x1 mm?, 192 slices, phase oversampling
= 15%, slice oversampling = 33%, TR/TE/inversion time (TI) = 1910/1.81/1000 ms,
Grappa-factor = 4, flip-angle = 8°, acquisition time = 2 min 55 s.

6.2.2 Real Time Pipeline

Figure 6.1 provides an overview of the proposed real-time neurofeedback processing
pipeline. After acquisition and reconstruction on the scanner site the ASL DICOM
image is transferred to workstation (WS)1 . On WS1 the ASL preprocessing steps
were preformed in MATLAB (MathWorks, Natick, MA, USA) using statistical
parameter mapping v 12 (SPM12) and in-house developed MATLAB scripts. First
motion-correction was performed by realigning the acquired ASL image to the first image
of the time-series (control image). Afterwards, the perfusion weighted image (PWI) was
calculated using surround subtraction, which eliminates the BOLD contamination in the
perfusion weighted image [167, 307]. In a third step the PWI was spatial smoothed using
3D Gaussian filter with a full width at half maximum (FWHM) of 3 mm. From this
denoised perfusion weighed image the corresponding CBF values were calculated for each
voxel using a general kinetic model [34] for pCASL data [8]:

PLD

6000 - \ - PWI(z,y,z) e b

2-a-My(zx,y,2) Ty - (1 - eT_Lb)

CBF(z,y,2) = (6.1)

where A is the blood-brain partition coefficient and set to 0.9 mli/g [125],
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Tip is the longitudinal relaxation time of blood at 3T and set to 1.65 s [169],
« is the labeling efficiency and set to 0.75 for pCASL due to 2 background-
suppression pulses, 7 is the labeling duration and set to 1.8 s, PLD is set to 1.7 s,
PWI(z,y,z) is the denoised difference image and M is the acquired proton density image.

The whole procedure (from image reconstruction to presenting feedback) lasts approx-
imately 2 s which is within the range of one TR (4 s). After each acquisition the calculated
CBF-maps were updated on WS1 as shown in Figure 6.2 to allow monitoring the image
quality and CBF-values during the experiment.

Scanner

Data Acquisition
PCASL 3D GRASE PC Workstation 1

!

Image
Reconstruction

| !

Surround Subtraction

!

‘ Smoothing ‘

!

CBF-Quantification

'

Motion Correction

PC Workstation 2

. Calculate Change
I ROI Evaluation in CBF in %
‘ Update Display ‘ Present Feedback

Figure 6.1: Processing pipeline for real time neurofeedback (RT-NF) fASL. After image ac-
quisition and reconstruction the ASL data is transferred to WS1 for post-processing and CBF
quantification. The blue rectangles were only performed in the FB runs because the region of
interest (ROI) in the activation area is defined after the baseline run. In the FB runs the mean
CBF is calculated in the activation region and transferred to WS2. In WS2 the change in CBF
between baseline and task is calculated and presented on a monitor.

After the baseline run a general linear model (GLM) was fitted in the CBF-time
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Figure 6.2: (A) Mean CBF-map during task, rest and the latest calculated CBF-map. The stem
plot shows the mean CBF values calculated in the activation area, which was defined from the
baseline run. This figure is updated after each acquisition and allows the user to online monitor
the ASL signal. Subfigure (B) shows the presented NF bar to guide the subject's neuronal activity.
The yellow line shows the baseline CBF and an increase or decrease of one rectangular corresponds
to a change of 15% in CBF.

series for localization of the activation area in the motor cortex. The model was specified
using a box-car function convolved with a canonical hemodynamic response function. The
statistical maps were thresholded at p < 0.05 after family wise error (FWE) correction.
The statistical maps (t-value maps) as well as the average CBF during baseline and task
were used to define the activation area in the motor cortex. The created mask (ROI)
serves as basis for FB1 and FB2. The mean CBF in the defined ROI was calculated at
each time point t:

1
CBFroilt] = > CBFx,1] (6.2)
r€ROI
where N is the number of CBF-values in the defined ROI. For each baseline condition

the mean CBF in the ROI (CBFgroi[t]) was averaged over the whole duration of the
condition:
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1 t=BLend
CBFp =+ > CBFpolt] (6.3)
t=BLstart
This CBF was used as a reference for the feedback presentation. The relative change
of CBF during the task condition was calculated using equation 6.4 and presented to the
subject via a monitor to guide the subject's cognitive activation.

CBFROIM
CBFgj,

With the provided feedback the subjects tried to modify the original finger tapping

CBF angelt] = 100 x (6.4)

experiment, which was a continuous alternating finger tapping, by changing the frequency,
using different finger wiggles etc. to increase the neural activity in the motor cortex. An
increase in neural activity increases the CBF and hence the feedback-bar (Figure 6.2(B)).
The feedback representation was implemented in PsychoPy software.

6.3 Results

Figure 6.4 lists the mean CBF-values in the defined activation region for all 3 runs. Except
for subject 3, we observe a slight increase in CBF of FB1 compared with BL. It should
be noted that different strategies such as changing the frequency or using different finger
wiggles can lead to higher as well as lower CBF values in the activation area. In contrast,
subject 3 was not able to find the right strategy in FB1. However, in the second feedback
run the mean CBF clearly increased for all subjects in the activation area. This indicates
that each subject was able to learn strategies to regulate their own neural activity. The
CBF increase is also visible in the CBF-maps of each subject shown in Figure 6.3 (red
arrows). Figure 6.5 shows the mean CBF time course of all subjects averaged over the 6
blocks. The same increase in CBF as for the individual subjects is observable with the
highest increase during FB2.

6.4 Discussion

In this chapter we present a pipeline for processing ASL data in real time. This
allows on the one hand to online monitor the ASL acquisition and on the other
hand to perform RT-NF studies. The online-monitoring of the ASL signal is
very helpful in identifying a low inversion-efficiency of pCASL data due to field
inhomogeneities, changes in blood-velocity, or due to turbulent flow and thereby
enables the operator the possibility to change the labeling parameters or to relocate
the labeling plane. Since ASL is a subtraction technique it is very sensitive to subject
motion. Head movement leads to strong artifacts, which can lead to poor activation
maps. This artifacts are clearly visible in the updated CBF-maps. In such a case the
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Figure 6.3: One representative CBF-map of each subject during rest and task in the BL, FB1
and FB2 run. Comparing the CBF-maps during BL. and FB1 for all subjects except subject 3
an increase in the motor cortex is visible (red arrows). In FB2 an increase in the CBF is clearly
visible for all subjects.

Subject Mean * 1 STD of CBF in the motor cortex in ml/100g/min
Rest Task - Baseline Task - FB-Run1 Task - FB-Run2
1 59.4+51 95.5%5.7 95.6+6.3 109.2+7.3
2 45.8£10.4 80.7+£16.4 90.1£12.3 90.8+12.2
3 56.1+5.9 83.2+7.8 79.5+8.5 87.319.5
4 43.0+£10.2 59.8+12.0 82.1+10.3 86.9+12.1
5 32.2+7.2 49.2+7.5 51.7£8.8 56.6+8.9

Figure 6.4: Mean + 1 STD of CBF values in the activation area of the motor cortex for each
subject
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Figure 6.5: Averaged CBF time course over all subjects in the activation area of the motor cortex
for baseline run (Base), FB run 1 and FB run 2. An increase in CBF during the task condition
(timepoint 8-16) is visible for both feedback runs, which indicates that the subjects were able to
learn to control their activation due to the provided neuro-feedback.

experiment can be repeated immediately and does not require a second session days apart.

The results of this study show that the subjects were able to learn to control their
own brain activation and the mean CBF in the activation area increased from 73.74+ 18.8
ml/100g/min without feedback to 86.2 £+ 18.9 ml/100g/min with feedback presentation.
Each subject was able to learn to influence their neural activations and successfully
increased the CBF in the activation region. However, the amount of increase in CBF is
different between subjects and runs, indicating that the learning progress was different
for the subjects. For example subject 2 and 4 increased the CBF in the first FB run but
the increase in the second feedback run was minor. One reason for this could be that
the subjects were able to found a good strategy very fast in the first run. During the
second run they used the same strategy or slight modifications leading to a similar strong
activation increase as during the first run. In contrast, subject 3 performed worse in the
first FB run compared to the BL run. This indicates that a change in the FB strategy
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could lead to a lower as well as to a higher CBF, depending on the way finger tapping is
performed. Nevertheless, in the second feedback run the subject was able to increase the
activation in the motor cortex, thereby indicating that the subject was able to learn from
the first feedback run which finger tapping strategies are worse than the original one. In
the second run the subject found some strategies which leads to a higher activation and
hence an increased CBF.

In Figure 6.5 a general perfusion increase during the baseline condition is observable
for both feedback runs compared with the baseline run. At the current time it is not
clear if the CBF generally increases during the feedback procedure due to complex
cognitive processes or if the increase in CBF is due to normal physiological variations.
Additional studies are necessary to find out the origin of this CBF increase, for example
several baseline and feedback runs could be performed on different sessions or days.
The baseline runs could than be compared among each other and additionally with the
feedback runs. This could provide insights into the root of the CBF change and provides
additional information about the reproducibility of RT-NF studies.

One limitation of RT-NF based on ASL is the low temporal resolution and
accompanied delay in feedback presentation. The whole feedback procedure takes at
least 4 s, which is limited by the long TR due to the labeling period and the PLD.
Additionally the hemodynamic response in fASL is a slow varying signal and has a delay
of approximately 4-6 seconds until the peak is reached [317]. Hence, the total time
until feedback is presented to the subject is approximately 8-10 s. This means that
each new finger tapping strategy should be performed at least 10 s to see an influence.
Hence, only two to three different strategies can be performed by the subject during
an activation period. In our study we informed the subjects about this effect and the
corresponding delay time. This delay in feedback presentation is suboptimal because the
subjects had to be aware of the feedback also in the first 10 s of the baseline condition
to see the behavior of their last used strategy which might be confusing. For example
subject 3 reported after the scan session that it was very hard to change the strategy
and at the same time keep in mind that the current presented change in CBF is from
a previous strategy. The subject also reported that the change in strategy was maybe
too fast which could explain the fact that for subject 3 no gain in feedback run 1 was found.

Since this was the first RT-NF experiment based on ASL many additional
optimization and evaluation steps are necessary to find the best study design. A better
block design may be preferable, e.g. a lower total number of interleaved blocks with an
increased duration of 64 s compared to the used of 32 s. This has a few advantages: First
the subjects can try several strategies within one run. Second, for every new block the
delay time due to the hemodynamic response affect the CBF quantification in the first 4
seconds. A lower number of blocks would reduced this effect. Third, a more accurate



146 Chapter 6. Realt Time Functional Arterial Spin Labeling

estimation of the baseline CBF during rest can be achieved with a longer baseline block.
Taking into account the provided feedback of subject 3 a better feedback design might
be helpful i.e a discrete feedback after 12 s would be more appropriate than a feedback
every 4 s. With this feedback change the subject would be informed how well the last
performance was and even when they can switch to a new strategy. This might avoid
confusing and a too fast change to a new strategy.

In this proof of principle study only 5 subjects were investigated. An evaluation on
more subjects with additional statistical analysis would be of high interest to validate this
first findings.

6.5 Conclusion

We proposed a real-time solution for fASL RT-NF studies where all necessary acquisition
and processing steps were executed within a single TR. This allows to monitor the ASL
signal and to guide the subjects' cognitive process. The results of this study demonstrate
that subjects can learn to regulate their brain activity during a finger tapping experiment
based on the provided neurofeedback. This can be used to promote rehabilitation of
different symptoms e.g. in stroke patients were motor and cognitive processes are often
impaired.
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7.1 Introduction

Since the introduction of arterial spin labeling (ASL) in 1992 [66], many different ac-
quisition and labeling approaches have been proposed to improve the signal-to-noise ratio
(SNR) and robustness of ASL images. This led to a recent consensus paper from the Inter-
national Society for Magnetic Resonance in Medicine (ISMRM) perfusion study group [8].
The recommended way to acquire ASL data in clinical settings is using a fast 3D acquisi-
tion technique such as turbo spin echo (TSE) stack of spirals (SoSP) [283, 318] or gradient
and spin echo (GRASE) [85, 86, 109] in combination with pseudo continous arterial spin
labeling (pCASL) [56]. Besides the advantage of higher SNR and the incorporation of
efficient background suppression [179, 318] to reduce physiological noise, 3D-acquisitions
suffer from the drawback that the echo train length is much longer than the T2-relaxation
of blood. This leads to a exponential filtering of the k-space along the second phase encod-
ing direction. This undesirable k-space filtering is described by the modulation transfer
function (MTF) and depends on the k-space acquisition order and echo train length. A
longer echo-train leads to a narrower MTF which results in a broadened point spread func-
tion (PSF) in the image space leading to strong blurring along the second phase encoding
direction. Accompanied by the blurring is a lower effective resolution in the phase encod-
ing direction which leads to partial volume effects and quantification errors. In addition,
detailed structures are degraded and the detection of small lesions is reduced. Different
strategies were proposed to reduce the amount of blurring to a certain extent. For exam-
ple Liang et al. [162] and Zhao et al. [328] proposed a variable flip angle approach to
broaden the MTF leading to sharper PSF and hence reduced blurring. Galazzo et al. [94]
proposed a retrospective deconvolution method in image space to deblure the acquired im-
ages. Another more intuitive approach is to reduce the echo train length by acquiring the
full 3D k-space in several shots or segments, as recommended by the consensus paper [§].
A shorter echo-train leads to a lower filtering effect of the k-space and and hence less
blurred images. However, this comes at the cost of a decreased temporal resolution and
therefore increased sensitivity to inter-segment motion, which is problematic for uncoop-
erative subjects and patients. Improvements in motion robustness were achieved by using
prospective motion correction strategies e.g. motion sensitive navigator echoes [228, 334]
or optical tracker systems [5]. Besides the advantage of improved motion robustness, the
drawback of a lower temporal resolution still remains, which limits its applications to per-
fusion based functional magnetic resonance imaging (fMRI) or multi-post-labeling delay
(PLD) ASL [34].

Another way to improve the temporal resolution is to undersample the k-space and use par-
allel imaging methods such as SENSE or GRAPPA to reconstruct the images [73, 282, 295].
However, only moderate acceleration factors of 2-3 are recommended by the consensus
paper, because the SNR of the perfusion weighted image (PWI) is inherently low and
decreases further with higher acceleration factors, due to the g-factor penalty. Recently,
a 2D-controlled aliasing in parallel imaging results in higher acceleration (CAIPTRINHA)
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accelerated 3D-GRASE readout [28] and a 3D-accelerated TSE-SoSP readout [43] were
employed for pCASL scanning with conventional reconstructions. These approaches al-
low the acquisition of whole brain ASL images with decent spatial and temporal reso-
lutions, and provide an improvement in SNR compared with standard parallel imaging
(e.g. GRAPPA) based reconstructions. This increase in temporal resolution improves
the robustness against motion. However, compared to the fully sampled acquisitions, the
temporal signal to noise ratio (TSNR) is still reduced for both (accelerated 3D GRASE
and TSE-SoSP) approaches due to the g-factor penalty. As an alternative approach, we
proposed a total generalized variation (TGV)-based reconstruction approach and showed
improved image quality using retrospective undersampled data [245]. This TGV-based
reconstruction incorporated the averaging of ASL signals directly in the reconstruction of
single PLD images by using all raw data in one reconstruction process.

This study combines now CAIPIRINHA accelerated 3D-GRASE acquisition and an en-
hanced ASL-TGYV framework allowing the reconstruction of the whole 3D time series in one
compact procedure. Firstly, an accelerated 3D-GRASE sequence with a time-dependent
2D-CAIPIRINHA sampling pattern was implemented as a single-shot acquisition to im-
prove the temporal resolution and robustness against motion. The time-dependent sam-
pling pattern has the advantage that the temporal incoherence between control/label
(C/L)-pairs is increased, and additionally allows the estimation of the coil sensitivities
without an additional pre-scan. Secondly, the reconstruction algorithm was adapted to
incorporate additional temporal regularization on the whole C/L-time series. The result of
the reconstruction method is a 4D C/L-series, which allows performing motion correction
retrospectively in image space, and is capable of handling 4D ASL data. The purpose of
this study is to present and evaluate the proposed acquisition and reconstruction approach
by comparison with a standard segmented approach on numerical and in-vivo data.

7.2 Theory

7.2.1 Acceleration of 3D ASL Data Acquisition

A pCASL sequence with background suppressed 3D-GRASE readout was developed and
the pulse sequence diagram is shown in Figure 7.1A. Background suppression was achieved
by one pre-saturation pulse and two inversion pulses, and the timing for inversion pulses
was optimized by numerical simulations [230]. Parameters for the balanced pCASL scheme
were: Hanning window-shaped RF pulse with duration of 500 ps and spacing of 360 us, flip
angle = 25°, slice-selective labeling gradient = 6 m1'/m and the average labeling gradient
amplitude was 0.6 mT'/m [312]. To reduce the echo-train length of the 3D-GRASE readout
2D-CAIPIRINHA sampling [32] was implemented. More precisely, time-dependent 2D-
CAIPIRINHA acceleration with an acceleration factor from 1 to 3 is supported along phase
encoding (PE1) and partition encoding (PE2) directions respectively. For all acceleration
factors a center out acquisition is used (Figure 1B). The time-dependent 2D-CAIPIRINHA
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pattern is shifted between subsequent C/L-pairs in the phase encoding (PE)1 and PE2
direction as exemplary shown in Figure 1C. This shift in acquisition pattern increases
the temporal incoherence between subsequent acquisitions and over time each point in k-
space is sampled. Therefore, the coil sensitivity maps can be estimated directly from the
averaged k-space. For comparison of the proposed 2D-CAIPIRINHA acquisition scheme
the standard segmented 3D GRASE acquisition is shown in Figure 1D.
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. Non-selective
Saturation pCASL label/control A inversion J\ /\ /\
VAV AWAWANEA A Ay Ly

. - T
A
i —
(A)
1-C/L 2-C/L 3-C/L 4-C/L 5-C/L 6-C/L

@®@00000 00000 00000 00000 0O000O0Oe 000000
00000 00000 00000 00000 00000 000000
late 00000 00000 @e00000 00000Oe 0O0O0Oe0O0 000000
00000 00000 00000 00000 00000Ce 000000
O0O@000 @00000 00000 000@00 Oe0000 00000e
Q0000 00000 @e00000 0000O0Oe 0O00Oe00 000000

<

1 early 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 Segment
P 000®@e® 000000 000000 ©0®000 000000 000000 .o ®0o0000
PE2 000000 OOOC@®@® O0O0O0O0O0O0 0O0O0O0O0O0O @ee00O0 000000 00000
000000 000000 000Ce®e® 000000 000000 @00000 cococeee
(B) O0O®e®@® O0O0O0OO0O0OO0 000000 @e®@000 000000 000000 [SXoXo] ]
°

000000 0OOCe®e® 0O0O0000 000000 0000 000000
O00000 000000 0O0OOCee®e® OO0O0O00OO0 000000 @00000

(D)

Figure 7.1: (A) Sequence diagram for accelerated 3D-GRASE acquisition with variable 2D-
CAIPIRINHA pattern and balanced pCASL labeling (dotted lines are modification in control
condition). The background suppression consists of a pre-saturation and 2 non-selective inversion
pulses. The acquisition strategy is shown for a CAIPIRINHA 1x6(®) pattern. A center out acqui-
sition is used as illustrated in (B). For one C/L-pair the same 2D-CAIPIRINHA pattern is used.
Between subsequent C/L-pairs the pattern is shifted in PE1 or PE2 direction as exemplary shown
in (C). This variation increases the temporal incoherence between the C/L-pairs and additionally
allows the estimation of the coil sensitivity maps directly from the summed data. Subfigure (D)
shows for comparison the acquisition scheme of the fully sampled but segmented approach for the
used settings.

|
spin echo

7.2.2 Reconstruction of ASL Data
7.2.2.1 Variational Reconstruction

In variational magnetic resonance imaging (MRI) reconstruction the unknown image w is
estimated from measured noisy data d by a regularized optimization procedure formulated
in a general way as
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u* € argmin D(u,d) + R(u), (7.1)

where D(u, d) represents the data-fidelity term and R(u) the regularization term. The
data-fidelity term connects the measured data d € CNeXNyXNoXNs XN with the estimated
*NyxN=xNt yia a linear forward operator K. We denote by N, x N, x N,
the dimensions of image space, Ny the number of coils and by N; the number of time

image u € CNVe

frames. Here for the data-fidelity term, the L?-norm is an appropriate choice, due to the
theoretical expectation of Gaussian noise statistics of the complex data:

D, d) = 3 |1 () — (12)

The forward operator K includes the coil sensitivity profiles, the Fourier operator
and the sampling pattern. For reconstruction of 3D-time dependent data with variable
sampling pattern in the time-domain, the operator K is defined as follows:

K:u= (ut){tzl._.N} — (Ft {bsut}(s’t)), (73)

where F; defines the Fourier operator for each time-frame including the varying under-
sampling pattern over time [222], by € CNe*NyXN= describes the coil sensitivities for each
coil s, and u; the 3D volume at each time frame t. The regularization term R(u) contains a-
priori information about the structure of the estimated volume. Different spatio-temporal
constraints exist like total variation [218] or wavelets [186]. The choice of the regulariza-
tion term is crucial and for MRI image it was shown that TGV [31] is well suited [149].
TGV enforces piece-wise smooth images and is defined for spatio-temporal data as follows:

R(u) = TGVZ, o 5(1), (7.4)
TGVoi,ao,B(“) = mvin {al [|Vgu — ]|, + o HerHl} , (7.5)

where Vgu and egv are the gradient and the symmetrized gradient respectively as
defined in equation C.15 and equation C.19 in the Appendix. In case of a spatio-temporal
regularization an additional parameter g = % is necessary to define the relation between

spatial and temporal grid size as described in chapter 5.2 " Theory”.

7.2.2.2 Reconstruction Setup

With the defined data-fidelity and regularization term in equation 7.2 and 7.5 respectively,
the control volume time series can be reconstructed as follows:

[

A
¢* € argmin 50 |Kc—de||5 + TGVZ 4.5 (c). (7.6)
C

Since in ASL imaging always two different types of images are acquired the control and
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the label, the reconstruction approach for the control images formulated in equation 7.6
can be extended by including the label image time-series:

Ac A
(c*,1*) € argmin 5 |Kc—de||5+ EZ || Kl — dl’\§+TGV31,a0,g () +TGVZ, 0pp(c). (7.7)

c,l

However in ASL, the key quantity is the perfusion weighted image which is obtained
by subtracting the label from the control image. Therefore, the goal of our reconstruction
approach is to achieve a PWI with a good SNR and image quality. To this end an
additional spatio-temporal constraint on the perfusion weighted image [332] is set which
results in the final minimization problem:

Ae A
(¢, 17) € argmin 2 [|[Ke = delfy + 5 KL= dilfy + 71 (w) TGV, 0,5 (D) +

aq,

c,l (78)
’yl (’LU) TGVO?l,a(),ﬂ (C) + 72 (’LU) TGVOi,ao,ﬂ (C - l) :
Additionally a weight function ~(w) was introduced in the functional to balance be-
tween the TGV terms as suggested in [222, 247],

w (1 —w)

Yo (w) = (7.9)

T(w) =

min(w,1 —w)’ min(w, 1 —w)’

where w € (0,1).

The minimization problem defined in equation 7.8 is non-smooth but convex and can be
solved using a first-order primal-dual algorithm [41]. This algorithm needs to reformulate
the problem in equation 7.8 as a saddle point problem. Details of the implementation
can be found in the Appendix C.2. The proposed reconstruction method is from now on
referred as ” ASL-TGV” approach.

7.2.2.3 Implementation

The reconstruction algorithm was implemented in C+4 with CUDA parallel processing
using the AGILE [149] and AVIONIC [222] library. The model parameters for the TGV
functional were set to aj/ag = 1/+/3’, which proved to be a reasonable choice for MRI
images. The number of iterations was set to 1000, and the following model parameters
were used: w = 0.9 and 8 = 7. Despite the set of fixed model parameters, the proposed
method requires the choice of the right regularization parameter \. This parameter was set
to 7/8/9/10 for 12/18/24/30 C/L-pairs and was optimized as described in section 7.3.3.4
”Parameter Optimization”.
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7.3 Methods

7.3.1 Data Acquisition

Five healthy volunteers (four men and one woman, age range: 28 - 34 years) were scanned
on a 3T MR system (Prisma, Siemens Healthcare, Germany) using a 32 channel head
coil and pCASL with 3D-GRASE readout after informed consent was obtained. For the
standard fully sampled and segmented acquisition the following imaging parameters were
used: field of view (FoV) = 200 x 200 mm?, matrix = 64 x 64 x 38, 20% slice oversampling,
3.1 x 3.1 x 3 mm? resolution, TE = 15 ms, TR = 4100 ms, refocusing FA = 180°, EPI-
factor = 21, turbo factor (TF) = 23, 6 segments, labeling duration (LD) = 1800 ms, PLD =
1800 ms, resulting in an acquisition time of 4 min 30 s for five C/L-pairs and one M image.
Furthermore, a 2D-CAIPIRINHA accelerated single-shot 3D-GRASE pCASL acquisition
was performed with the same imaging parameters and LD /PLD as those for the segmented
acquisition, but with a 6-fold acceleration using an adapted time dependent CAIPIRINHA
1x6(2) pattern as shown in Figure 7.1. For the accelerated acquisition, the My image was
acquired with a two-shot acquisition using pattern 1 and 5 as illustrated in Figure 7.1. The
acquisition time for the C/L-pairs between the fully sampled with segmented acquisition
and the single-shot acquisition were matched to 4 min 6 s. Additionally, for the accelerated
and non-accelerated acquisitions, a repeated scan was performed in 2 subjects, during
which the subjects were asked to move the head in a consistent manner using acoustic
cues which were presented every 4 seconds. The movement pattern was as follows: right-
left-center followed by nodding up - nodding down - center. The movement pattern was
repeated until the acquisition was finished.

One multi-delay ASL dataset was acquired using the same imaging parameters used
for the single PLD data. Five PLDs were used: 500/1000/1500/2000/2500 ms. For the
fully sampled acquisition 1 average per PLD was acquired and for the proposed single-shot
method 6 averages per PLD were acquired within an acquisition time of 4 min 6 s.

Additionally from each subject, T7; weighted images were acquired using a
3D-magnetization prepared - rapid gradient echo (MPRAGE) sequence with the following
imaging parameters: 1 mm isotropic resolution, FoV = 256 x 224 mm?, 176 slices,
TR/TE/TI = 1900/2.7/900 ms, flip angle = 9°, acquisition time = 5 min 58 s.

7.3.2 Synthetic Dataset

For validation of the proposed reconstruction method, a synthetic dataset was created in
MATLAB (MathWorks, Natick, MA, USA) based on a high resolution (1 mm isotropic)
T1-weighted and an acquired fully sampled ASL dataset. In a first step, the high-resolution
T)-weighted image was segmented into gray matter (GM) and white matter (WM) using
Statistical Parameter Mapping (SPM) 12! (Wellcome Trust Centre for Neuroimaging, Uni-

"https://www.fil.ion.ucl.ac.uk/spm/software/spm12/
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versity College London, UK) [92] and CAT12 [98] software? (C. Gaser, Structural Brain
Mapping Group, Jena University Hospital, Jena, Germany). The results of the segmen-
tation process were tissue partial volume (PV)-maps. The high resolution 77 weighted
image and the GM- and WM-PV-maps were coregistered to the mean PWI as suggested
by Mutsaerts et al. [187]. Subsequently GM and WM values of 65 ml/100g/min and 20
ml/100g/min, reported for the normal human brain [155, 325] were assigned to the GM
and WM-PV-maps as described in [247]. This leads to a more realistic cerebral blood
flow (CBF)-map with partial volume effects and is illustrated in Figure 7.2. Additionally,
a hyperperfusion (120 ml/100g/min) and a hypoperfusion (0 ml/100g/min) area which
exactly match the ASL voxel space were added in the simulated CBF-map. These areas
are displayed in Figure 7.2. From the CBF-map a perfusion weighted image was calculated
using the ASL model recommended by the consensus paper [8]:

PLD

- \-PWI ceTip
CBF(z,y.2) 6000 - A - PWI(z,y,z2) - e (7.10)

2-a-My(xz,y,2) -Tip- <1 — eT_l’b>

where « is the labeling efficiency and set to 0.85 [56], 7 is the labeling duration and
set to 1.8 s, and the PLD is set to 1.8 s [8]. M) is the acquired proton density weighted
image, A is the blood-brain partition coefficient and set to 0.9 ml/g [125], Ty, is the
longitudinal relaxation time of blood at 3T and set to 1.65 s [169] and CBF(x,y,z) is the
generated synthetic CBF-map. Afterwards the PWI was blurred using a Lorentzian-PSF
by simulating the MTF as described in [282], assuming a TE of 15 ms and a T2 of blood
of 186 ms [47]. From the blurred PWT image, the label (L) image was calculated by simple
subtraction from the control (C) image.

A time-series of 30 C/L-images were simulated. 3-D coil sensitivity maps, consisting
of 32 coils equally spaced on a spherical surface, were computed using Biot-Savart's law.
The C/L-images were multiplied by the coil sensitivity profiles. Afterwards coil images
were transformed in k-space and complex Gaussian noise was added.

7.3.3 Data Processing
7.3.3.1 Structural Data

For each subject the T} weighted images were segmented into GM and WM and coregis-
tered to the native ASL image as described in section 7.3.2 ”Synthetic Dataset”. A brain
mask was generated by summing up the corresponding GM- and WM-PV-maps followed
by a 3D dilation with a kernel element of size 3.

*http://www.neuro.uni-jena.de/cat/
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Figure 7.2: Simulated ASL dataset in ASL space. (A) Co-registered T weighted image, (B)
proton-density weighted image (M), (C) synthetic simulated noise-free CBF-map with a hyper-
perfusion area (120 ml/100g/min) indicated with a red arrow and the hypoperfusion area (0
ml/100g/min) indicated with a blue arrow, (D) PWT after blurring using a simulated MTF, (E)
control image, and (F) label image.

7.3.3.2 Raw Data Processing of in-vivo Data

The raw k-space data files were loaded into Matlab using MapVBVD software3. Subse-

quent raw data preprocessing included: removing the readout-oversampling, echoplanar
imaging (EPI) phase correction using the 3 reference line approach [115], ramp sampling
correction, and coil compression.

7.3.3.3 Image Reconstruction and Processing

In addition to the proposed reconstruction algorithm, further data processing steps were
performed with statistical parameter mapping v 12 (SPM12), ASL-Toolbox [293, 294]
and Matlab. First, a coil compression was performed to reduce graphics processing unit
(GPU)-memory and reconstruction time using singular value decomposition (SVD) with a
cut-off of 0.1. Afterwards, the coil sensitivity profiles were estimated from the averaged k-
space data using eigenvector-based iterative self-consistent parallel imaging reconstruction

3https://github.com/CIC-methods/FID-A /tree/master /inputOutput/mapVBVD
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(ESPIRIT) from the BART toolbox [270]. For comparison of our proposed reconstruction
algorithm the ESPIRIT reconstruction with L2 regularization (ESP-L2) [269] from the
BART toolbox [270], and additionally a single TGV reconstruction [149] was used, which
has previously shown to outperform standard SENSE reconstruction. The single TGV
reconstruction (spatial total generalized variation (STGV)) refers to an individual 3D re-
construction of the C and L images. The reconstructed images were motion-corrected
using SPM and ASL-toolbox. Afterwards, the averaged perfusion weighted image was
calculated from the motion corrected time series. From this temporal averaged perfu-
sion weighted image the CBF-maps were calculated using the recommended ASL model
(equation 7.10) with the parameters defined in section 7.3.2 ”Synthetic Dataset”. For
the multi-delay approach the CBF and arterial transit time (ATT) were estimated by
fitting the general kinetic model [34] to the perfusion weighted time series using Bayesian
inference for arterial spin labeling (BASIL)* [44, 106] from the FSL [137] toolbox.

7.3.3.4 Parameter Optimization

The reconstruction parameters for the individual methods were optimized by maximiz-
ing the structural similarity index (SSIM) [292] between the ground-truth CBF-map and
the calculated CBF-map for the simulated dataset. For the in-vivo dataset the same
parameters employed for the simulated dataset were used due to the lack of noise free
ground-truth.

7.3.3.5 Data Evaluation

For the simulated dataset and in-vivo data a comparison between fully sampled but seg-
mented acquisition and the proposed single-shot acquisition with different reconstruction
algorithms was carried out. Additionally, for the proposed single-shot acquisition the cor-
responding C and L images were summed up to get a fully sampled k-space, e.g. control
acquisition 1 to 6 gives the first fully sampled control k-space, control acquisition 7 to 12
the second fully sampled k-space for the control image, et cetera. This is now referred to
as ”accelerated sum”. For the simulated dataset the mean SSIM and peak signal-to-noise
ratio (PSNR) were calculated between the noise free ground truth and the processed CBF-
map. Furthermore, mean GM and WM CBF-values were calculated. For the single-PLD
in-vivo data only mean GM and WM CBF as well as mean TSNR were reported due to
the lack of noise free ground-truth. The TSNR for the reconstructed PWIs was calcu-
lated in the gray-, white-matter and whole brain respectively using equation 7.11. For the
multi-PLD dataset mean GM and WM CBF as well as ATT were reported.

Mean(PWTI)

PSNRpw1 = =ghtpwn)

(7.11)

“https://github.com/ibme-qubic/oxford_asl
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7.4 Results

7.4.1 Synthetic Dataset

The reconstruction results of the fully sampled and accelerated synthetic dataset for a
different number of C/L-pairs are shown in Figure 7.3. Qualitative comparison of the
CBF-maps shows a lower level of noise for the accelerated-dataset reconstructed with the
proposed ASL-TGYV algorithm compared with the CBF-maps generated from the fully
sampled as well as from the sSTGV and ESP-L2 reconstruction. Further, as expected the
quality of the CBF-maps decreases with decreasing number of C/L-pairs. The proposed
method yields high fidelity CBF-maps for the lowest number of 12 C/L-pairs, whereas for
the sTGV and ESP-L2 method the noise is still dominant. This leads to the result that
the hypoperfusion area, indicated with a blue arrow in Figure 7.3, is only visible in the
fully sampled as well as in the ASL-TGV images. However, the hyperperfusion area is
clearly visible for all approaches due to the high SNR signal. This improvement in image
quality is in accordance with the quantitative metrics of SSIM and PSNR, which were
calculated over the whole brain. For 30 C/L-pairs the improvement is about 1% in SSIM
and 1dB in PSNR for the proposed method compared to the fully sampled but segmented
approach, although the scan time for one PWI is reduced by a factor of 6. Furthermore,
for a lower number of C/L-pairs (12) and hence a lower SNR, the improvement of the
proposed method is about 4% (SSIM) and 3dB (PSNR) compared with the fully sampled
approach. In addition, the proposed method improves the SSIM by about 12% using 30
C/L-pairs and by 18% using 12 C/L-pairs, compared with the two separate reconstruction
approaches (ESP-L2 and sTGV).

The mean CBF values for GM, WM, hyper- and hypoperfusion area are shown in
Figure 7.4. For all 4 methods the estimated CBF-values are close to the noise free ground
truth (GT). The estimated CBF-values in the GM for fully sampled (Full), ASL-TGV,
sTGV, and ESP-L2 are 48.42 + 6.9, 45.93 4+ 6.2, 42.11 4+ 8.9, 41.47 4+ 8.6 ml/100g/min
respectively compared to the ground truth of 48.66 + 5.4 ml/100g/min. The ASL-TGV
reconstruction approach shows a lower bias than the CBF-maps reconstructed using ESP-
L2 or sSTGV. As expected reducing the number of C/L-pairs increases the standard
deviation due to the lower SNR, but the mean values in GM and WM are still the same.
The ASL-TGV has the lowest standard deviation and the increase is only slightly, from
6.2 ml/100g/min using 30 C/L-pairs to 6.9 ml/100g/min using 12 C/L-pairs.

7.4.2 In-vivo Data
7.4.2.1 Single-Delay ASL Data

The mean T'SN Rpw values for GM, WM, and whole brain averaged over all subjects
shows an improvement of roughly 20%, 25%, and 16% respectively for the accelerated ASL-
TGV reconstruction results compared with the fully sampled but segmented approach. In
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Figure 7.3: Transversal and sagittal view of one representative slice of CBF-map from the simulated synthetic dataset. Performance
comparison of the fully sampled CBF-maps and the proposed accelerated 2D-time CAIPIRINHA acquisition using different reconstruction
approaches and a different number of averages. In the transversal views the hyperperfusion (indicated with a red arrow) and hypoperfusion
area (indicated with a blue arrow) are clearly visible in the segmented as well as in the CBF-maps using the proposed ASL-TGV method.
The qualitative improvement in image quality and noise suppression is in concordance with the quantitative metrics SSIM and PSNR. Note
that the SSIM and PSNR values in the sagittal views are calculated over the whole brain.
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Figure 7.4: Mean and standard deviation of CBF-values in four different areas of the synthetic
CBF-map for the fully sampled (Full) and accelerated approach in dependence of different numbers
of C/L-pairs. Note that the standard deviation in the noise free GT is due to blurring and
incorporation of GM and WM values with a probability higher than 90%. Additionally, a N of 30
corresponds to 5 C/L-pairs for the fully sampled approach due to a 6-fold lower temporal resolution.

contrast, the standard single TGV reconstruction approach shows a TSNR, decrease of
66% for GM, 69% for WM and 67% for the whole brain compared to the fully sampled
data.

Compared with the fully sampled image, the TSNR is improved although the tem-
poral resolution is increased by a factor of 6. This increase in TSNR is visualized in
Figure 7.5(B), which shows the single perfusion weighted image from subject 5 for the
different methods. The improvement in image quality is confirmed for the CBF-maps
visible in Figure 7.6, which shows results from the motionless data on the left side and the
CBF-maps reconstructed form the motion-corrupted dataset on the right side. For the
fully sampled data, the motion between segments leads to aliasing artifacts and low quality
CBF-maps compared to the CBF-maps generated form the accelerated single-shot data.
The proposed acquisition strategy shows an improved robustness to motion for the accel-
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Figure 7.5: (A) Comparison of the TSNR of the PWIs averaged over all subjects for GM, WM,
and whole brain between different acquisition and reconstruction methods. The error bars shows
the standard deviation. (B) Single perfusion weighted image from subject 5 for the segmented
approaches (fully and accelerated sum) and the proposed single-shot method reconstructed with
different algorithms.

erated sum, however many residual motion-related artifacts remain (illustrated by the red
arrow in Figure 7.6). These motion-related artifacts can be suppressed by using a sTGV
or ESP-L2 reconstruction but at the cost of decreased TSNR due to the g-factor penalty.
Overall, the combination of the time-dependent 2D-CAIPIRINHA acquisition with the
proposed spatio-temporal TGV reconstruction algorithm shows the best image quality for
the motionless as well as motion-corrupted ASL data. Furthermore, for the single-shot
acquisition the CBF-maps of the ASL-TGV are the most similar to the CBF-maps of the
accelerated sum.
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The CBF values in GM and WM for the motion-less and motion-corrupted data as a
function of different numbers of C/L-pairs are shown in Figure 7.7. In addition to visual
improvements the proposed method yields accurate quantitative CBF-values. In case of
the fully sampled approach the motion leads to severe artifacts which result in a higher
standard deviation and an additional bias in mean CBF values compared to the single-shot
approaches. An increase in the standard deviations is also visible for the accelerated sum
approach, whereas for the single-shot approaches the CBF-values are in high accordance
between motion-less and motion-corrupted datasets.
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Figure 7.7: Mean and standard deviation of CBF-values in GM and WM of subject 1 for the
fully sampled approach (Full) and the proposed accelerated acquisition combined with different
reconstruction methods using a different number of C/L-pairs. The error bars denote £1 standard
deviation.

Figure 7.8 shows the CBF-maps of subject 2 for the different acquisition and recon-
struction approaches respectively. The reconstruction results are in accordance with those



7.4. Results 163

of subject 1. The motion during the acquisition leads to artifacts in the CBF-maps,
which are corrected in the proposed single-shot acquisition due to the retrospective mo-
tion correction. The corresponding mean GM and WM values of subject 2 are plotted in
Figure 7.9.

No Motion Motion

Nfun = 5
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Nfull = 2

Nfun= 5
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(1 segment)

Nacc = 12

Nacc = 30

ASL-TGV
(1 segment)

Nacc = 12

Figure 7.8: Different slices of CBF-maps for the highest and lowest number of averages (N, =
5/2; tacq = 4 min 30 s/2 min 3 s, Nyee = 30/12; toeq = 4 min 14 s/1 min 46 s) of subject 2.
The single-shot CBF-maps reconstructed with the ASL-TGV approach shows an improved image
quality compared to fully sampled but segmented acquisition for the motionless acquisition. In
case of subject movement, the CBF-maps of the segmented approach are not interpretable whereas
for the single-shot method the motion can be corrected retrospectively, which results in CBF-maps
with a good image quality.

Figure 7.10 shows one representative CBF-map in transversal and sagittal plane of the
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Figure 7.9: Mean CBF-values in GM and WM of subject 2 for the fully sampled but segmented
approach and the proposed accelerated single-shot acquisition in combination with different recon-
struction approaches. The error bars denote +1 standard deviation.

remaining three subjects (subject 3 to subject 5) for the 5 acquisition and reconstruction
approaches respectively. The results are in accordance with the results of subject 1 and
2 with an improved image quality for the proposed single-shot approach combined with
the proposed ASL-TGV reconstruction compared with the rest approaches. This visual
improvement is confirmed by the quantitative mean CBF values in the GM and WM
which show the most accurate results for the proposed ASL-TGV approach as illustrated
in Figure 7.11.
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Figure 7.11: Mean GM and WM CBF-values of subjects 3 to 5 for different acquisition and
reconstruction approaches in dependence of the number N of C/L-pairs. The error bars denote +1
standard deviation.

7.4.2.2 Multi-Delay ASL Data

Figure 7.12 shows the perfusion weighted images at different PLDs and the corresponding
estimated CBF and ATT maps respectively. The perfusion weighted images reconstructed
with the proposed ASL-TGV algorithm shows the highest quality. This improvement in
SNR leads to sharper and more detailed CBF- and ATT-maps for the proposed method
compared to the other methods (illustrated by the red arrow in Figure 7.12). The corre-
sponding mean CBF and ATT values in GM and WM are shown in Figure 7.13.

7.5 Discussion

In this study we present a novel single-shot 3D-GRASE acquisition with a time-dependent
2D-CAIPIRINHA sampling combined with a spatio-temporal reconstruction approach for
pCASL scanning. Simulated synthetic and in-vivo single-PLD ASL datasets with a dif-
ferent number of C/L-pairs were considered. Both synthetic and in-vivo datasets show
an improvement in noise-suppression and image-quality for ASL data compared to stan-
dard fully-sampled but segmented acquisition. The use of a time-dependent CAIPIRINHA
sampling pattern allows the estimation of the coil-sensitivity maps directly from the aver-
aged k-space data without the use of an additional pre-scan. Furthermore, the temporal
incoherence is increased between each C/L-pair which is directly exploited in the proposed
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Figure 7.12: One representative slice of PWI at different PLDs and the corresponding estimated
CBF- and ATT-maps. The red arrow indicates areas where the ASL-TGV method provides more

details in the CBF-map.
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Figure 7.13: Mean CBF- and ATT-values in GM and WM for the fully sampled but segmented
approach and the proposed accelerated single-shot acquisition in combination with different recon-
struction approaches. The error bars denote +1 standard deviation.

joint spatio-temporal reconstruction approach. This leads to a higher TSNR compared
to the fully-sampled but segmented acquisition and also compared to the two single re-
construction methods. These results are in accordance with the results of [28], which
reported a decrease of TSNR for accelerated 2D-CAIPIRINHA sequences with a fixed
acquisition pattern compared to the fully sampled but segmented 3D-GRASE approach
in combination with SENSE reconstruction. Similar results were reported by [43] for ac-
celerated stack-of-spirals acquisitions with 3D-SPIRIT reconstruction. It should be noted
that in our study the TSNR was not calculated in a time-equivalent manner between the
fully sampled and accelerated acquisition. An additional incorporation of the number of
averages in the TSNR calculation would result in a higher TSNR for the single as well
as for the proposed ASL-TGV reconstruction method. In contrast to the aforementioned
studies, the proposed acquisition and reconstruction method increases the TSNR, which
results in an improved image quality. The increase in temporal resolution by a factor of 6
allows single-shot acquisition of the whole volume and hence improves the robustness to
motion. Furthermore, the improved temporal resolution and TSNR. could be very bene-
ficial for perfusion based functional MRI [290]. However, the potential and evaluation of
the current approach for perfusion based fMRI is out of scope of this study and will be
part of future work.

For the proposed reconstruction approach the used model parameters are very robust and
yield accurate results for simulated and in-vivo datasets with and without motion as well
as for different number of C/L-pairs. However, the regularization parameter has to be
adapted according to the noise level, but this is also the case for the sTGV or ESP-L2
approach where the regularization parameter has to be chosen accordingly. Compared
to these single reconstruction approaches, our proposed method exploits the structural
redundancy in the C/L-images as well as in the PWIs. This leads to a higher SNR,
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better image quality as well as more accurate CBF-values compared to these two single
reconstruction approaches. The accuracy of CBF-quantification is of high importance for
quantitative analysis. Furthermore, the use of a spatio-temporal constraint on the PWI
reduces noise and leads to a better detection of the hypoperfusion area, which vanishes
for the two single reference reconstruction algorithms (Figure 7.3). However, all three
constrained reconstruction methods have a tendency to reduce the perfusion differences
between adjacent regions with increasing regularization strength. The procedure for op-
timizing the regularization parameter with the SSIM is also sensitive to this effect and
some bias remains. The present study, nevertheless, shows that for the proposed ASL-
TGV method this bias is smaller than that of reconstruction approaches using only spatial
regularization. For instance, the bias for the three methods ASL-TGV / sTGV / ESP-L2
is 5.5 / 7.6 / 11 % respectively in the small hyperperfusion area for 30 C/L-pairs and
5.8 /8.9 / 12.3 % for 12 C/L-pairs. The remaining bias can be further reduced by using
a debiasing method [33, 64] which could be performed in a future step. The additional
incorporation of time information directly into the reconstruction approach strongly in-
creases the TSNR and leads to CBF-maps with a higher image-quality. The fully sampled
but segmented acquisition yields the lowest bias for the synthetic images. However, one
should note that motion or physiological artifacts between segments are not simulated.
Hence, the results for the accelerated sum approach are not shown for the synthetic data,
because the difference between fully sampled and accelerated sum is only due to different
Gaussian noise which is negligible. Physiological artifacts and motion can lead to mis-
alignments in k-space which directly affects the reconstruction quality of the PWI and
cannot be corrected retrospectively. This is exemplary illustrated in Figure 7.6 and 7.7
where the subject moves the head during the acquisition with a maximum rotation of
3° and translation of 2 mm. As expected, the fully sampled but segmented approach
results in CBF-maps with severe artifacts which are not interpretable. In contrast, the
proposed accelerated single-shot acquisition provides high quality CBF-maps which are in
high accordance with the "motionless” CBF-maps. This is important for clinical as well
as research settings, where otherwise a rescan is necessary. Additionally, the quantitative
CBF-values are in high accordance between motionless and motion corrupted data, which
highlights the potential of the proposed approach for uncooperative subjects such as chil-
dren and elderly.

In our study we additionally compared the fully sampled k-space of the accelerated acqui-
sition, obtained by summing up the corresponding C/L-k-spaces, with the fully sampled
standard GRASE acquisition. In Figure 7.6 and 7.7 it is clearly visible that the pro-
posed acquisition strategy is inherently more robust against motion than the standard
segmented approach. This is due to the way how the 3D k-space is sampled. For the
proposed method the whole k-space (PE1 and PE2) is sampled in an interleaved manner
as illustrated in Figure 7.1C. In contrast the standard segmented approach acquires the
k-space points only interleaved along PE1 (Figure 7.1D). In PE2 direction the first half
of k-space (partition 24-46) is sampled with segments 1-3 and the second half (partition



170 Chapter 7. Variational Reconstruction for 4D Arterial Spin Labeling Perfusion Data

1-23) is sampled with segments 4-6. In case of motion this leads to a higher inconsistency
in the k-space symmetry along PE2 and hence to more severe motion artifacts. This re-
sult in lower TSNR values for the standard segmented GRASE acquisition compared to
the accelerated sum method. The variability in CBF-values between those two acquisi-
tions could be due to brain metabolism or physiological noise, e.g. motion, respiration
or differences in cardiac cycle which can affect the mean CBF-values [280]. For example
in Figure 7.6 some intravascular artifacts are clearly visible in the CBF-maps obtained
from the accelerated sum. This explains the higher mean CBF-values in Figure 7.7 com-
pared to the fully sampled approach. In contrast, the mean CBF-values of subject 4 and
5 show higher CBF values for the fully sampled approach compared to the accelerated
sum method. However, the variations in CBF between those two acquisitions are small
and comparable to reported inter-scan variations in CBF [116, 315]. By comparing the
CBF-values of the accelerated sum with the single reconstruction approaches (ESP-L2 and
sTGV) a clear bias with an underestimation of the CBF-values for GM as well as WM
is observable. This bias can be reduced by using the proposed ASL-TGYV reconstruction
method which uses spatio-temporal constraints on control, label and perfusion weighted
images simultaneously. This leads to more accurate reconstruction results and hence in a
high agreement of the CBF-values with the accelerated sum acquisition for all subjects.
The proposed single-shot acquisition has in comparison to the fully sampled approach the
advantage that more PWIs can be acquired for one PLD and in combination with the
ASL-TGYV reconstruction the SNR can be improved (Figure 7.12). A higher number of
averages per PLD provides a better estimation of the noise and leads therefore to a more
accurate setting of the spatial regularization of BASIL. This leads to improved perfusion
images with sharper edges for the single-shot methods compared to the fully sampled
approach (Figure 7.12). The improved SNR of ASL-TGV allows additionally a weaker
regularization of BASIL that further reduces smoothing and provides higher CBF-values
(Figure 7.13) for GM and lower CBF values for WM.

An improvement in temporal resolution provides a more flexible approach for multi-PLD
ASL data and could be either used to increase the number of total sampling points (PLDs),
which was recently shown to improve the accuracy of the quantification [311], or to shift
the number of averages form high SNR acquisitions (short PLD) to low SNR acquisitions
(long PLD), which will be investigated in a future work.

An additional benefit of the proposed single-shot method is the increased temporal resolu-
tion which results in a 6 fold increase in acquired C/L-pairs. This could be very beneficial
in case of outliers. The elimination of a small number of C/L-pairs due to outliers has a
negligible effect on the overall SNR, whereas for the fully sampled approach with only a
few averages the exclusion of 1 or 2 images would have a big effect on the overall SNR.
The computation time for the sTGV reconstruction is approximately 13 seconds for one
image which results in total in 780 seconds for 30 C/L-pairs using a Titan XP graphics
card. In comparison for the proposed ASL-TGV method the reconstruction time of a
whole 4D ASL dataset is approximately 250 seconds for 30 C/L-pairs. This is a decrease
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in computational time of 312% over the sTGV reconstruction method. However, one lim-
itation of the reconstruction framework is the available GPU-memory and therefore the
limited number of C/L-pairs. For the current dataset 36 C/L-pairs can be reconstructed
simultaneously. Different strategies can be used to overcome this problem, e.g. using
(mutli-threading) data streaming to multiple GPUs concurrently [175] or by reconstruct-
ing the 4D ASL-dataset in blocks.

The mean background suppression efficiency of the proposed method is 91.05 + 1.2 % in
GM and 88.8 + 1.5 % in WM respectively. This leads to a TSNR improvement of approx-
imately 365/338 % in GM/WM compared to non-background suppressed ASL imaging
(data not shown). Whereas a higher improvement in background suppression would lead
to lower subtraction artifacts due to motion or temporal fluctuations this could lead to a
loss in performance of all used reconstruction methods. This is due to a lower SNR in the
C/L-images. However, we expected that our proposed ASL-TGV outperforms the other
reconstruction algorithm because it incorporates information of the C/L-image as well as
the PWI simultaneously. Additionally, an even higher background suppression needs more
background suppression pulses which would affect the labeling efficiency due to imperfec-
tions of the inversion pulse. Furthermore, the lower SNR in the C/L-images would affect
additionally the quality of motion correction [45]. Hence, a strong background suppression
with two pulses is recommended by the consensus paper [8].

One limitation of the generated synthetic dataset is the shape of the hypo- and hyper-
perfusion ROIL. They fit exactly in the voxels of the ASL images. A more realistic ROI
would be a spherical region drawn in high resolution space which is than down sampled to
ASL space. This would lead to more realistic hyper- and hypoperfusion areas with boards
across the voxels.

In summary, the results of this study highlights that the proposed accelerated time-
dependent 2D-CAIPIRINHA sampling strategy combined with the proposed ASL-TGV
reconstruction approach, which exploits spatial and temporal information of the C/L-
images simultaneously, allows single-shot ASL acquisition of the whole brain. As a conse-
quence, this method improves the robustness of ASL images against motion. Additionally,
due to the spatial and temporal constrains, it improves the SNR and image quality for
simulation and in-vivo data with and without motion. Furthermore, it yields high quality
quantitative CBF-maps from single-PLD data with only 12 C/L-pairs (t4cq = 1 min 36
s) and high quality CBF and ATT-maps from multi-PLD ASL data. This improvement
addresses urgent clinical demands. A further improvement in the image quality could
be expected by combining the proposed approach with a prospective motion correction
strategy [5, 228]. Additionally, to reduce the amount of blurring in the final CBF images,
which leads to an underestimation of the GM and an overestimation of WM-values, a
variable-flip angle readout scheme [162] or a deblurring method [94] could be used. An ad-
ditional improvement of the proposed acquisition method could be the use of a Hadamard
encoding scheme [107] to increase the number of sampling points of the kinetic curve.
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7.6 Conclusion

The proposed time-dependent CAIPIRINHA sampling in combination with a spatio-
temporal reconstruction approach adapted for ASL data provides high-quality CBF-maps
from the whole brain with a single-shot 3D acquisition. It addresses important clinical
demands in terms of scan-time reduction and motion-robustness compared to standard
segmented 3D readouts. Furthermore, it increases the TSNR and reduces the acquisition
time of one PWI by a factor of 6 compared to fully sampled but segmented 3D-GRASE
pCASL acquisition. This makes this approach very promising for perfusion fMRI, multi-
delay ASL data as well as for uncooperative subjects, patients or children.



Conclusion and Outlook

Arterial spin labeling (ASL) is a very promising approach with distinct advantages com-
pared to other perfusion measurements. The non-invasiveness and possibility of absolute
quantification of the cerebral blood flow (CBF) opens a broad range of applications in the
clinical and scientific area. However, today many challenges still remain to bring ASL per-
fusion imaging into clinical routine. The aim of this thesis was to improve the acquisition
efficiency of ASL imaging and thereby improving the robustness, quality, and reliability
of ASL imaging. Several methodological improvements for ASL imaging were proposed.
Variational denoising methods for static (chapter 3 and 4) and dynamic (chapter 5) ASL
imaging were developed with a significant reduction in acquisition time and an improved
robustness against artifacts and outliers in the data. In chapter 6 we introduced a pipeline
for processing and monitoring ASL data in real-time. The pipeline also offers the possibil-
ity for neurofeedback studies. In the last chapter a new accelerated 3D-gradient and spin
echo (GRASE) acquisition in combination with a ASL-total generalized variation (TGV)
reconstruction approach was proposed to solve the inter-segment motion problem of cur-
rent recommended segmented acquisitions. In the following subsection the main findings
will be discussed and an corresponding outlook will be presented.

Static Denoising of ASL

In chapter 3 and 4 different spatio-temporal variational denoising approaches for ASL
imaging were investigated and compared with recent published denoising methods. The
first implementation uses the mean perfusion weighted image (PWI) as input, which is
so far the standard input for denoising of ASL images. A successive extension of this
approach by including more information in the denoising procedure was assessed. This
extensions include in the first step the perfusion weighted time series as input, in the
next step the whole 4D dataset, and in the last step additionally the spatial-dependent
regularization map. The main findings can be summarized as follows: (1) Denoising
generally improves the quality of CBF-maps and allows a significant reduction in
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acquisition time. (2) Including successive more information in the denoising procedure
leads to an further improvement in image quality and the best results can be achieved by
exploiting temporal and spatial similarities of all images to jointly denoise the control
and label images. (3) For the data-fidelity term a L' norm is preferable over the L?
norm, as it is more robust against outliers and provides sharper edges. (4) 3D denoising
approaches are preferable over 2D approaches and the improvement increases with higher
resolutions. (5) The spatial adaptive regularization approach takes into account the
varying noise level in the images and thereby increases the image quality slightly over
the robust L' norm TGV approach. In addition, it allows for automatic denoising of the
ASL data independent of the number of averages, as the change in the signal-to-noise
ratio (SNR) is directly exploited in the regularization parameter maps. (6) Compared
with the reference denoising approaches our proposed method shows improved noise
removal while maintaining structures and edges and an improved robustness against
outliers. This results in an enhanced image quality and quantitative accuracy. (7)
The model parameters of the developed methods are very stable over subjects for a
specific image acquisition. In contrast, for the reference denoising approaches different
parameters has to be used for different subjects. (8) Although most approaches accounts
for the change in SNR by using noise dependent filter parameters, the estimation and
characterization of noise with one single parameter is often inaccurate and the degree of
smoothing depends additionally on the voxel size and image contrast.

Although ASL is an inherently low SNR technique, it is interesting that neither
in the recommendation paper of the International Society for Magnetic Resonance in
Medicine (ISMRM) perfusion study group [8] nor the recently published software package
"ExploreASL”, developed through the cost action ” ASL in Dementia”, suggests denoising
of ASL images. The results of our study clearly shows that the image quality and
quantitative metrics such as structural similarity index (SSIM) and peak signal-to-noise
ratio (PSNR) can be improved using image denoising. However, two potential problems
for denoising in the clinical and scientific research exists. First, depending on the
readout and labeling approach, ASL images have a different contrast and SNR level. To
achieve optimal results the denoising parameters had to be set up accordingly i.e the
regularization parameter A. The proposed spatial adaptive approach inherently accounts
for different noise levels and is very robust for a specific type of image acquisition but
nevertheless a change in image contrast (going from 2D echoplanar imaging (EPI) to 3D
GRASE) leads to a change in the parameters. Second, inclusion of prior information
leads to a reduction of the standard deviation but comes at the cost of a bias. ASL is a
quantitative method and therefore the bias produced by the denoising method should
be ideally zero. This is especially important in group studies or pharmokenetic studies
where CBF changes between individual brain regions are investigated. The proposed
method delivers meaningful results, which are in high accordance to the ground truth
images, nevertheless a small bias exists. A combination of the proposed method with a
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debiasing method [33] can reduce the systematic error and thereby increase the accuracy
of the quantitative values. This should be implemented in a next step. In addition,
most of the denoising studies validate their approach on a synthetic dataset or on a
small population of healthy subjects. A systematic study of ASL denoising methods on
numerical data with different contrasts and SNR levels as well as an application and
validation on a large cohort, including data from different sequences, healthy and patient
datasets, and data from different scanners could be helpful for bringing the denoising
algorithm into a standard ASL processing pipeline.

Another still open question for variational methods is the use of an optimal image
prior. The second order TGV enforces pice-wise smoothness of the images and allows
for jumps between tissue boarders. For many natural and magnetic resonance imaging
(MRI) applications this was shown to be a reasonable image prior. Also the results of
our studies shows that TGV?2 is very well suited for denoising ASL images. However,
Schwarzbach et al. [225] recently implemented a variational network for ASL imaging,
which maintains data-fidelity but learns the image prior on a small subset (4 datasets).
This approach performed on par with the proposed CL-T-LL1 TGV method showing the
potential of including a higher number and more complex image priors. In Schwarzbach’s
network only the mean perfusion weighted image was used as input. An inclusion of
additional temporal information of the PWI or including the whole available data
similar to the proposed approach might improve the results further and may a potential
next step to enhance the image quality of ASL data. However, we should keep in
mind that for different datasets a new model and prior has to be learned, whereas the
proposed spatial adaptive approach uses the same parameters for different resolutions.
As previous mentioned ASL images have a different contrast, noise level, and corruption
with outliers, depending on the used acquisition and labeling scheme. Currently, it is
not clear which model or prior might be best suited for which image contrast. In a
potential next step the variational network might give insights into the right choice of
image priors. This information could be used for forming a new classes of image priors,
specific for ASL images. In addition, a combination with non-local operators would be a
potential next step. The non-local operators take into account global information, based
on data-similarity, which might be more suited due to the high redundancy in MRI
images [215].

During the last years deep neuronal networks have gained increased popularity for
denoising of ASL images. These approaches show first promising results, however, several
training datasets are necessary to estimate the parameters of the complex network struc-
ture following long training times [111, 195, 314]. For example Xie et al. used 200 [314],
Halles et al. used 131 [111], and Owen et al. used 20 datasets but for each dataset 10
different samples [195]. Furthermore, the learned network is somehow limited to the used
acquisition parameters such as voxel size, matrix size, and SNR. A change in one of those
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parameters requires to learn the whole network once again in a complex training. This
potentially poor transfer and complex learning, limits its applicability in clinical and sci-
entific day life and may struggle the use in a standardized ASL pipeline. However, for this
very new approaches more validations on healthy and pathological cases are necessary and
more studies regarding the stability of the approaches must be performed.

Dynamic Denoising of ASL

In chapter 5 the concept of infimal convolution of total generalized variation (ICTGV)
was introduced for denoising of dynamic ASL data. This general approach uses two
spatio-temporal weights, which are automatically balanced in the optimization procedure.
This takes into account locally different dynamic properties allowing for stronger
temporal regularization in areas with slow dynamic changes and weaker temporal
regularization in areas with high dynamic changes. As consequence, the original ASL
signal is well recovered from noisy and artifact corrupted data. Accompanied with the
increase in SNR is the improved parameter estimation from multi-post-labeling delay
(PLD) data as well as the detection of activation related areas in functional arterial spin
labeling (fASL).

Our studies highlight the importance of denoising ASL data for dynamic applications.
In case of multi-PLD data the improvement in noise suppression stabilize the
non-linear fitting approach showing a lower inter-quartile range (IQR) over different
noise-realization. Accompanied with the noise suppression is a more accurate estimation
of CBF and arterial transit time (ATT), with less outliers in the corresponding maps.
Similar results were observed for the perfusion based functional magnetic resonance
imaging (fMRI) dataset. Compared with standard Gaussian denoising the proposed
method removes outlier, suppresses noise while maintains high data-fidelity with a
well preservation of small details and edges. This results in recovery of all activation
areas in the synthetic generated map. For both applications a second order ICTGV
regularization functional is used as a-priori model. It might be possible to further
improve the image quality by using higher number of components or higher order TGV
functionals. Especially for the multi-PLD dataset a third order ICTGV functional would
be more suited as the kinetic curve shows primary a smooth behavior. In addition, this
approach can be extended to control-label time series similar as for the proposed static
denoising approaches. However, both extensions come at the cost of additional model
complexity and computational burden and the benefit has to be validated in a future study.

The proposed denoising technique might be especially beneficial for white matter
regions where the SNR is much lower due to prolonged ATT and lower perfusion. Due to
the low SNR white matter perfusion is often neglected or overlooked [123], although it
can provide useful information in various diseases [146, 180].
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For dynamic datasets a trade-off between spatial and temporal resolution has
to be chosen. A high temporal resolution provides a good sampling of the kinetic
curve, or the activation related signal change in CBF, which is sought to increase
the quantification accuracy. Similar a high spatial resolution leads to lower partial
volume (PV) effects potentially increasing the statistical power of fASL data. For both
methods we focused on a high temporal resolution in our study. The combination
of the proposed method with more sophisticated acquisition and labeling strategies
will allow a higher spatial resolution while maintaining the temporal resolution. An
evaluation of the proposed method on higher spatial resolution would be of great
interest to benefit form the accurate localization of neuronal activity using fASL.
Current studies, including also ours, uses 3 mm in-plane and 3-6 mm through plane
resolution. This is a very low resolution since the cortex structures are between 1.5
and 4.5 mm depending on the location and 2.5 mm on average [75, 87]. Accompanied
with this coarse spatial resolution are partial volume effects (PVE). This reduces
the change in CBF during the activation period potentially reducing the statistical
power. In addition, a higher resolution provides the option to investigation the
CBF-changes in the different cortical layers as suggested by Jin et al. [139]. In blood
oxygen level dependent (BOLD) based fMRI a study regarding layer dependent
activation was recently proposed by Beckett et al. [17]. This might give new insights in
understanding metabolic changes due to neural activation and to draw observations
in which layer the CBF increases. A first promising work in this direction was
proposed by Shao et al. [229] showing a correlation of CBF with gray matter (GM) density.

For both applications the model and regularization parameters were tuned
on a synthetic generated dataset with known ground truth. The results of the
parameter tuning clearly shows that different dynamic properties of data sets lead
to different model parameters. However, for one application the parameters are
very robust and can be directly transferred to the in-vivo dataset.  This good
generalization greatly improves the usability for clinical and research applications.
Nevertheless, a big change in SNR levels requires a adjustment of the regularization
parameter. The influence of different SNR levels was not considered during this
thesis, which is currently one limitation. This influence should be considered in a next step.

A current limitation of the proposed method is the implementation using a single
graphics processing unit (GPU). This constraints the size of the dynamic time series. One
workaround could be to divide the whole dataset into sub-blocks which are then denoised
separately. However, this can lead to a performance loss because some information is
neglected during the minimization process. A more appropriate solution would be to use
data-streaming onto multiple GPUs concurrently [175].
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In case of multi-PLD dataset the proposed method can be combined with a Hadamard
encoding labeling strategies to improve either the spatial resolution of the ASL data or
to improve the temporal resolution. Further improvements are expected by extending the
denoising approach to a reconstruction approach and combine this with the time-depended
controlled aliasing in parallel imaging results in higher acceleration (CAIPIRINHA) accel-
erated 3D-GRASE acquisition proposed in chapter 7.

RT-NF ASL

In chapter 6 we presented an interesting alternative to BOLD fMRI for neurofeedback
studies. We investigated the proof-of-principle concept for controlling neuronal activation
during a finger tapping experiment using fASL. The results demonstrates that all
subjects were able to learn to control their brain activity and increased the CBF of
about 10% in the first, and of about 16% in the second feedback run compared with no
feedback. The first results are very promising and show the potential of this method for
real-time applications. Problems occurring in BOLD based fMRI like baseline drifts,
or relative changes without quantitative reference can be solved with this technique.
This might be helpful in gaining insights into processes involved during neurofeedback.
Currently the specificity of neurofeedback effects is still not completely clear, and serves
as a topic of ongoing research in BOLD based fMRI. Additional reproducibility and
comparison studies with BOLD based MRI would be highly interesting to validate the
first results and see the potential and advantages of the proposed method.

The proposed real time pipeline provides an important tool for ASL imaging in general.
The online monitoring shows potential artifacts arising form successive head motion or
poor labeling efficiency due to By inhomogeneities, or turbulent flow. In such cases the
patient’s head can be fixed or the labeling plane can be reallocated immediately. Beside
the application on healthy subjects, the proposed concept could be applied to stroke
patients in form of rehabilitation. The online monitoring gives the user insights in the
performance of the patients during this process.

There are still a lot of open questions and future directions to go in this new field.
For example the right design of the paradigm, the right form of the presented feedback,
and also the mechanism involved during the feedback session remains unclear. In real
time neurofeedback (RT-NF) studies based on the BOLD signal a short block duration
is used to omit the effect of baseline drifts. This can hamper the accuracy of the
neurofeedback signal. The absolute quantification of ASL data provides the possibility to
increase the block duration resulting in a more accurate baseline signal. In addition, the
hemodynamic response in fASL is a slow varying signal and has a delay of approximately
4-6 seconds until the peak is reached. Accompanied with this delay is an inaccurate
feedback at the beginning of each activation block. Longer block durations would reduces
this influence.
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The feedback design is another open topic. In the current study the subjects received
a feedback every 4 seconds. However, due to the post-processing steps and the
hemodynamic response the total delay time of the feedback is 8-10 seconds. This might
confuse the subject during the task and an intermittent feedback after 12 s or after a
whole activation block might be more suited [141].

Although the first results are very promising, the contrast to noise ratio of fASL is
very low and approximately 1 for the used finger tapping experiment. Other cognitive
functions such as emotion have an even lower contrast to noise ration, which might
hamper the advantages of the method. Especially on a single subject basis, the provided
feedback might be not reliable enough to gain accurate results. However, this has to be
validated in further steps.

One current limitation of real time ASL is the limited number of slices, and the
limited spatial and temporal resolution. In our study we used a slice thickness of 6 mm to
achieve a reasonable brain coverage. The low temporal resolution and inherent blurring
of the GRASE sequences causes PVE. This leads to underestimation of GM CBF,
potentially dampening the effect of activation related CBF increase. The low temporal
resolution is caused by the long labeling period and the additional PLD. Velocity
selective arterial spin labeling (VSASL) might reduce the repetition time since moving
spins are labeled independent of their position. This eliminates the ATT form pulsed
arterial spin labeling (PASL)/pseudo continous arterial spin labeling (pCASL) sequences.
Higher spatial resolutions can be gained with accelerated acquisitions in
combination with fast reconstruction methods. The handling of the huge
amount of raw-data with iterative reconstruction is quite challenging within the
repetition time of 3-4 seconds. One potential solution can be provided by recent
developed deep learning based methods. The learned neuronal networks provide
meaningful results in a few tens of milliseconds [113, 225]. This feature makes them per-
fectly suited for real time application and should be integrated into the developed pipeline.

Accelerated 3D data acquisition

So far moderate acceleration factors of 2-3 were recommended from the ISMRM
consensus due to the inherently low SNR of ASL images. In chapter 6 we proposed
a new acquisition strategy for accelerated ASL imaging in combination with a 4D
variational reconstruction approach that exploits the whole ASL data simultaneously.
With this approach acceleration factors of 6 can be achieved allowing the acquisition of
high resolution whole brain data within a single shot. This significantly improves the
motion robustness compared with recommended segmented acquisitions and might be
of great interest for a variety of clinical applications, especially those were involuntary
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spontaneous movement can occur such as stroke imaging or in uncooperative patients. In
addition, it provides a higher flexibility for multi-PLD acquisitions or can be used for the
investigation of neuronal activity with a high spatial and temporal resolution.

The implemented time-depended CAIPTIRINHA pattern has two advantages compared

with the static pattern. First, the time depended acquisition strategy allows the
estimation of the coil sensitivity maps without the use of an additional pre-scan. Second,
the shift from measurement to measurement increases the temporal incoherence, which
is directly utilized in the 4D reconstruction approach. This results in a slightly higher
temporal signal to noise ratio (TSNR) compared with the fully sampled acquisition. In
contrast to standard spatial variational reconstruction approaches the image quality and
quantitative metrics are significantly higher. The coupling of the control, label, and
perfusion weighted image during the reconstruction reduces the bias compared with
the separate reconstructions. A further reduction of the bias is expected by applying a
de-biasing method after the reconstruction [33].
Although the proposed accelerated single-shot acquisition addresses the demands of
motion-robustness the challenge of blurring along the second phase encoding direction
still remains. Our acquisition used an echo train length < 300 ms as recommended by the
consensus paper [8]. However, the results showed that the bias due to the T2-relaxation
of blood is much higher than the bias caused by one of the reconstruction approaches.
One can argue that for clinical diagnosis the bias in absolute value is not so important
than motion insensitivity because both, the healthy and diseased tissue are equally
affected. In addition, the quality of the images may be sufficient for clinical diagnosis.
However, for group studies a robust and reliable absolute quantification is necessary.
A potential solution might be to incorporate a de-blurring operator directly in the
reconstruction approach. The side effect of de-blurring is the noise amplification, which
could be hold low with the spatio-temporal constraints. A further reduction is expected
by combining the de-blurring operator with a variable flip-angle scheme [162, 328]. A
more intuitive approach would be to implemented the same 126(2) pattern as a two shot
acquisition. This could significantly reduce the echo-train length and accompanied bias
but comes at the cost of a decreased temporal resolution. Hence, it might be only suited
if no or only slight head motion is expected.

The proposed single-shot method is only validated on a few healthy subject. A fully
validation including patients with cerebrovascular diseases would be a possible next step
to investigate the potential of the method, especially the motion robustness. Beside
perfusion measurement, ASL provides the possibility to obtain a dynamic angiogramm of
the brain vessels [258]. Recent promising studies show that the feeding arteries in AVM
can be successfully detected [93]. To locate such small vessels high spatial and temporal
resolutions are necessary. Both requirements are fulfilled with the proposed method
showing another potential application area.
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The motion correction is currently performed after reconstruction. This may introduce
some blurring due to the incooperation of temporal information. Superior results
are expected if the the motion-correction is directly integrated in the reconstruction
approach. The motion information can be either gained from a tracking systems or by
performing a two step procedure.

The regularization and model parameters were optimized using a grid search on a
numerical generated dataset. The optimized parameters were then directly used for the
in-vivo data and provide reasonable results. The robustness of the model parameters for
different kind of data is of high importance for the general applicability. Similar to the
spatial adaptive denoising approaches the regularization parameter could be replaced by
an estimated g-factor map taking into account the spatial varying noise directly in the
reconstruction process.

In our study we limited the acceleration by a factor of 6. Higher acceleration factors
would be of great interest and can be either used to reduce the total echo train length
and hence the blurring, or to increase the spatial resolution of the ASL images. For
the latter, first promising results were recently published in form of an abstract [227]
suggesting acceleration-factors of up to 12 on a 7T MRI scanner. With this high
resolution (2 mm isotropic) whole brain images were obtained. In a potentially next step
the performance of higher acceleration factors will be evaluated.

The proposed reconstruction method is not limited to a specific sampling pattern. In
general, arbitrary Cartesian sampling strategies such as pseudo-random or pseudo spiral
could be used. In addition, the reconstruction approach can be adjusted for non-Cartesian
sampling strategies. Several studies indicate that non-Cartesian sampling strategies are
preferable over Cartesian sampling [282]. Therefore, an even higher acceleration factor
is expected by using more sophisticated patterns. A potential next step could be to test
different sampling schemes on the generated phantom and compare their performance.
Instead of simulated coil sensitivity maps, the original profiles can be taken into account
in the simulation study. In general the variations of the coil sensitivities might be lower
from inferior to superior direction. Hence, sampling pattern with lower acceleration factors
in the inferior-superior direction and higher acceleration factors along the other directions
might be more suited.
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Appendix

C.1 Definitions

Throughout this chapter we denote by N,, N, and N, the image space dimensions, and
by Ny the number of time frames.

C.1.1 Discrete Forward Differences
2D Discrete Forward Differences

The discrete forward differences for an image u € RV=*Nv with Dirichlet boundary condi-

tions are given by:

Uit1,j—Wi,j y
e
7 0 i= Ng,
C.1
ui’j+1—ui’j 1 < ] < N ( )
(Ofu). .= hy - v
Y %,] 0 ] - N
=N,

where h, and h, are the grid size of the image.

3D Discrete Forward Differences

The discrete forward differences for a volume u € RN*Nv*N= with Dirichlet boundary

conditions are given by:
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4D Discrete Forward Differences
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(C.2)

The discrete forward differences for a volume time series u € RNz *NyxN=xNt with Dirichlet

boundary conditions are given by:
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(C.3)

where h,, h, and h, are the grid size of the volume and h; is the grid size of the time

domain.

C.1.2 Adjoint of Discrete Forward Differences

Adjoint of 2D Discrete Forward Differences

The adjoint of 2D discrete forward differences for an image u € RV+*Ny with Dirichlet

boundary conditions are given by:
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where h, and h, are the grid size of the image.

Adjoint of 3D Discrete Forward Differences
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The adjoint of 3D discrete forward differences for a volume u € RN=*Nv*XN= with Dirichlet

boundary conditions are given by:
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Adjoint of 4D Discrete Forward Differences

The adjoint of 4D discrete forward differences for a volume time series u €

with Dirichlet boundary conditions are given by:
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where hg, h, and h, are the grid size of the volume and h; is the grid size of the time
domain.

C.1.3 Discrete Backward Differences
2D Discrete Backward Differences

The discrete backward differences for an image u € RY+*Nv with Dirichlet boundary
conditions are given by:

T
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where h, and h, are the grid size of the image.

3D Discrete Backward Differences

The discrete backward differences for a volume u € RN=*NoXN= with Dirichlet boundary
conditions are given by:
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The discrete backward differences for a volume time series u € RNz XNy X N= XNt with Dirich-
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1<t < N,
f=1,

where h,, h, and h, are the grid size of the volume and h; is the grid size of the time

domain.

C.1.4 Adjoint of Discrete Backward Differences

Adjoint of 2D Discrete Backward Differences

The adjoint of discrete backward differences for an image v € RM>*Ny with Dirichlet

boundary conditions are g

iven by:
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where h, and h, are the grid size of the image.

Adjoint 3D Discrete Backward Differences

The adjoint of discrete backward differences for a volume u € RN=*NvXN= with Dirichlet

boundary conditions are given by:
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. 1=1,
*— — Wi,j,k —Wit1,5,k ;
(8:13 u)i,j,k — Y h: L <i < Ng,
;li 1= Ny,
Ui g+1,k =1
hy ] -
*— _ Ui,k — Wi, j+1,k .
(07u),,, = § Wibmass 1N, (C.11)
Ui 4k -
\ hy J= NZJ’
(— Uikt _
—he k=1,
*— ) Wik~ Wi k+1
(0:u),,, = { Matgteaen g g <N,
Wi g,k _
et k=N

where h,, hy, and h, are the grid size of the volume.

Adjoint 4D Discrete Backward Differences

The adjoint of discrete backward differences for a volume time series u € JoNe XNy X NaxNe

with Dirichlet boundary conditions are given by:
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( —Ui41,5,k,t -
T Z = 1,
*— = ) Uikt~ Wit 1kt ~
(@ u)i,j,k,t Pz 1 <i<Ng,
Wijh,t .
\ " 7. t = Ny,
Ui+ 1kt I
hy ] - 17
*— — { Yigikt Wi 41kt ;
(o “)z‘,j,k,t = T 1< j <Ny,
Uikt j=N,
B . (C.12)
—Uj j k+1,t _
s k=1,
*— — ) Uikt Y5 k41t
(027 0); s P 1<k <N
Wikt _
[~ k=N,
Wikt 41 _
T he t=1,
*= = { Ykt T Wik, t+1
G z L<t<M,
Wikt _
Z}]Lt t= Nt7

where h,, hy and h, are the grid size of the volume and h; is the grid size of the time
domain.

C.1.5 Discrete Gradient Operator
2D Discrete Gradient Operator

The discrete gradient operator for a given image u € RN=*Nv is a mapping V : v — v,
where v € RNV XNvX2 " defined as

(a;u)i,j B vl
(Vu)i,j = ( 8y )i7j> = (1)2> . (013)

3D Discrete Gradient Operator

—~
T
<

XNy

The discrete gradient operator for a given volume u € RN« *NyXN= is a mapping V : v — v,

where v € RV XNy xN=X3 " defined as

(&ju)mk vl
(V)i = (@f“)i,j,k = |v?]. (C.14)
(a;ru)mk v

4D Discrete Gradient Operator

The discrete gradient operator for a given volume time series u € RNeXNyXNoxNe g 5

mapping V : u — v, where v € RNeXNyXNaxNexd " defined as
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(VBt)i ikt = gkt |
i7j’k7t

(/Bzat—i_u)i,j,k,t

The additional parameter 8 = (1/82 defines the relation between temporal and spatial
grid size.

1
2
.| (C.15)
4

|
ST

C.1.6 Discrete Symmetrized Gradient Operator
2D Discrete Symmetrized Gradient Operator

The discrete symmetrized gradient operator for a given vector v € RN+*Nv*2 i5 3 mapping
€:v — w, where w € RN=*Nux4 " defined as

1
(ev)ij = 5 (V)ij + (Vo)) =
_ (8;1’1)2',3‘ % ((8:c_v2)i,j + (ay_vl)i,j) _
5 (00),+ (070, @), (€10
wh w?
T \wd wt)
Since w? = w? equation C.16 can be rearranged:

(8;Ul>i,j w!
(e0)ig = | 5 ((0502),; + @5 0),,) | = [«*]- (C.17)
z 3
(9, U2)i,j v
3D Discrete Symmetrized Gradient Operator

The discrete symmetrized gradient operator for a given vector v € RNeXNyxNzx3 g 5
mapping € : v — w, where w € RNe*NyXN=x6 defined as

(C.18)

Nl NI—= D=
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4D Discrete Symmetrized Gradient Operator

The discrete symmetrized gradient operator for a given vector v € RN XNy xNaxNix4 g

mapping € : v — w, where w € RNz *NyXNoxNex10 " defined as

a

(V0)igt + (VO jps) =
(ﬂla;vl)i,j,k7t
(ﬁlaz/_UQ)i,j,k,t
(ﬁla;vg)i,j,k,t
(ﬁQat—v4)i,j,k,t
Blay_vl

(€80)i gkt =

N |

gkt (C.19)
i7j7k7t

i7j7k7t

© 00 N O Ut ks W N

Z‘?j?k?t

€ € € € € € € € ¢

—_
o

i?j?k)t

S

[T T T ST T T T

—. 4 -3
ik T (B2000°), 0

C.1.7 Discrete Divergence Operator
2D Discrete Divergence Operator

The adjoint operation of the gradient operator is the negative divergence V* = —div!.
The 2D divergence operator (div! : v — u) is defined as

(div'o), ; = ((@5F0Y),, + (95707, ) (C.20)

with v € RNeXNyX2 and o € RNexNy

3D Discrete Divergence Operator

The adjoint operation of the gradient operator is the negative divergence V* = —div!.
The 3D divergence operator (div! : v — u) is defined as

(divlv)z’,j,k - ((a;+vl)i,j,k + (8;+“2)i,j,k T (a:+vg)i,j,k> ’ (C.21)

with v € RNeXNyXNex3 and g € RNoXNyx Nz

4D Discrete Divergence Operator

The adjoint operation of the gradient operator is the negative divergence V* = —div!.
The 4D divergence operator (div! : v — u) is defined as
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(divho), o = (B (055 0Y), e+ B (0 0)
A (8:+v3)i,j,k,t + Ba (8;+”1)i,j,k,t> ’

with v € RNeXNyXNaxNexd and o € RNeXNyxNaxNe  The additional parameter 3 = £1/B2

defines the relation between spatial and temporal grid size.

(C.22)

C.1.8 Discrete Symmetrized Divergence Operator
2D Discrete Symmetrized Divergence Operator

The discrete symmetrized divergence operator is chosen to be adjoint to the symmetrized
gradient operator, that is e* = —div?. The 2D symmetrized divergence operator (div2 :

w — v) is defined as

(a;_wl)- -+ (8*—w3), .
div’w), . = IR C.23
(diviw), ((a;wg)i,j + (05 wa), (C-23)

Y 3J

with w € RN=xNyX3 and ¢ € RNexNyx2,

3D Discrete Symmetrized Divergence Operator

The discrete symmetrized divergence operator is chosen to be adjoint to the symmetrized
gradient operator, that is e* = —div?. The 3D symmetrized divergence operator (div2 :
w — v) is defined as

(07 w1); 55 + (9, w4)z’,j,k + (07 ws);
(dinw)‘ ik (8;_1”4)1'4‘,1@ + (ay + (az_wﬁ)i,j,k ’ (C'24)

17‘7
(07 ws); ;1 + (95~ we), ;) + (027 w3); ;1

W2); ik
/L‘7j7k‘

with w € RNeXNyxNax6 and ¢ € RNaxNyxNax3,

4D Discrete Symmetrized Divergence Operator

The discrete symmetrized divergence operator is chosen to be adjoint to the symmetrized

gradient operator, that is e* = —div?. The 4D symmetrized divergence operator (div2 :
w — v) is defined as
B (8;7w1)¢.j,k,t + 61 (a;7w5)'i,j,k,t +6 (aziwﬁ)idrkvﬁ 02 (a:_w7)’i~jv’”‘vt
(div%w)‘ ‘ _ B1 (8;:w5)i7jyk‘t + B1 (3;:1112 P + B1 (82:108)11,j,k,t + B2 (85:11)9),%].1}9% 7 (C.25)
i,4,k,t B1 (3; w6)i,j,k,t + B1 (3; W8 ), e + B1 (3: ws)i,j,k,t + B2 (Bt wm)i,j,k,t
B1 (3;771)7)%],’)671/ + B1 (3;7109 . + B1 (6:7w10)i,]‘,k,t + B2 (3:_w4)i7j1k7t

with w € %Nsznysztxlo and v € %Nsznysztxg
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C.1.9 Indicator Function

The convex indicator function is defined as follows

0 lylleo <1
Ly< (y) = { (C.26)
too [yl >1

C.1.10 Convex Conjugate

The convex or Fenchel conjugate of a function f : R — R is defined as

[ (y) = sup(z,y) — f(x). (C.27)
The Fenchel conjugate of any kind of norm f(x) = ||-|| is given by the indicator function
) =1Ly .<1(v), (C.28)

and the Fenchel conjugate of a squared norm f(z) = § ||| is defined as

£ =5 ol (C29)

where ||y||, is the corresponding dual norm of f(z).

C.1.11 Proximal Mapping

Given a convex function f, the proximal mapping of f is the operator given by

2= ()7 00 = Pag (0 = argmasslle —xIB+of (0). (C30)

In this thesis several proximal mappings were used. For f*(y) = I)|| _<a (y) the proximal
mapping is defined as

1
Poge (X) = Po (x) = argmax o |ly = x[[5 + I <1 (v) =
Yy
X (C.31)

The proximal mapping for f*(y) = % HyH% is given by
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1 1
Prop (0) = PRo (x) = argmax o |ly — xll3 + g5 v/l =
Y

. (C.32)

1+

>19

The proximal mapping for f*(y) = 3 ||y — z||3 is given by

1 1
Pyrpe (X) = PR, (x) = argmax o [ly — x|[; + o v = 2|3 =

Y (C.33)
X+ ATz

1+7A\°
The proximal mapping for f*(y) = % llsy — zHg is given by

Prerp () =Py, (x) = argmax 5 Hy XI5 + 55 H<y — 2|3 =

C.34
X + )\Tg z ( )

1+¢*%TA’

C.2 Algorithm

C.2.1 Variational Denoising - L?> Norm

The total generalized variational denoising of a perfusion weighted image dM € RN=*Ny

is defined as

(dM) (C.35)

1,00

A
AM* € argmin = ||dM — dgn|5 + TGV
a2

where dgy; € RV+*Nv is the given noisy image. The full minimization problem reads as
follows

A
min = ||dM — day |l + o [[VdM = pilly + o [leprl; - (C.36)
dM7P1 2

For solving this problem with the primal dual splitting algorithm, it has to be reformulated
as a saddle point problem. This is achieved by calculating the convex conjugates of the
functions using definition C.27 .

A
Z||ldM —d + (VdM — -
dM121 gzl%}:a{ ” dMH2 < pl’p2> (0'37)

Ll <anm (P2) + (ep1:p3) = Ljj|  <aom (P3) -
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The full iterative update scheme is given in algorithm 3.

Algorithm 3 Primal dual algorithm for TGV denoising using a L?-norm data fidelity
term

Input: dgp,

Output: dM

Initialize: p(l], pg, pg, aMP, mo, ﬁ(l), choose 7, 0 >0

for n = 0 until maxIter

Dual Update:

P+t = Poy (p5+o (VO ~7t) )

Pyt = P, (p§ + oep})

Primal Update:

aM™H = P (aM® — 7 (ps))
p711+1 — ng —r (_pg-i-l + 6*p§+1)
Extrapolation step:

aMtt = odMmtt — gum

pitt = 2pitt —p

C.2.2 Variational Denoising - L' Norm

The total generalized variational denoising of a perfusion weighted image dM € RN=*Ny

using the L'-norm for the data-fidelity term is defined as

dM™ € argmin A ||[dM — dap||y + o1 [[VAM — pal]; + oo ||epi] ]y (C.38)
dePl

where dgy; € RV+*Ny is the given noisy image. The solution of this problem is given
by the primal dual splitting problem. Therefore, the problem has to be reformulated as
a convex-concave saddle point problem. This is achieved by using the definition of the
Fenchel conjugate C.27 leading to

min  max {(dM — dgp;,dMs) — 1. dMs) +
dM,p1  dMa,p2,p3 < M 2) HH°°S>\( 2)

(VAM —p1,p2) = I <ar (P2) + (C.39)
(ep1,03) — L)1 _<aom (P3) -

The implementation of the L'-norm TGV denoising is given in algorithm 4.
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Algorithm 4 Primal dual algorithm for TGV denoising using a L'-norm data fidelity
term
Input: dgy
Output: dM
spso1s 0,0 .0 0 0 770 0
Initialize: py, py, p3, dM", dMy, dM ", Py, choose 7, o > 0

for n = 0 until maxIter

Dual Update:

dMIHY = Py <dM§ + am”)

Pyt = Po, (v + o (VAM" ~ 7))
Pyt = Pay (05 + 0cp?)

Primal Update:

dM™ = dM™ — 7 (dMFF + Vrph )
P =p =7 (T + e

Extrapolation step:

aM Tt = 2dpmtt — g
Py =2pt -

C.2.3 Variational ASL Denoising Including Time Series Information -
L? Norm

The total generalized variational denoising of a perfusion weighted image (dM € RNe*Ny)

including temporal information in the L?-norm data fidelity term is defined as

A
dM* € argmin = |[cdM — dgn||5 + TGV
a2

1,00

(dM) (C.40)

where dgy € RNeXNyXNe s the given noisy image time series. For solving this problem
with the primal dual splitting algorithm, it has to be reformulated as a saddle point
problem. This is achieved by calculating the convex conjugates of the functions using
definition C.27 .

A 2
. ZNedM — d VdM — pq, -
i e gl anllz prop2) (C.41)

L <ony (P2) + (€ep1,p3) — L)) <apm (P3)

The full iterative update scheme is given in algorithm 5.
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Algorithm 5 Primal dual algorithm for TGV denoising including time series information
in the L?-norm data fidelity term
Input: dgys
Output: dM
s 0 0 0 0 0 =0
Initialize: py, py, p3, dM”, dM ", p}, choose 7, o > 0

for n = 0 until maxIter

Dual Update:
Pyt = Poy (05 +o (V" ~71) )
Pyt = Pay (05 +oept)

Primal Update:
AN = B (aM” — 7 (V)
pitt = pp =7 (=Pt eyt

Extrapolation step:

aM = oapmtt — gum
it =2pi " - pf

C.2.4 Variational ASL Denoising Including Time Series Information -
L' Norm

The total generalized variational denoising of a perfusion weighted image (dM € RN=*Ny)

including temporal information in the L'-norm data fidelity term is defined as

dM™ € aflgmin MlsdM — dgplly + o |[|[VAM — pi||; + ao|lep]|y (C.42)
M7pl

where dgy € RV=*NuxNe s the given noisy image time series. The solution of this problem
is given by the primal dual splitting problem. Therefore, the problem has to be reformu-
lated as a convex-concave saddle point problem. This is achieved by using the definition
of the Fenchel conjugate C.27 leading to

min max cdM — dgpr, dMs) — 1. dMsy) +
dM,p1  dMa3,p2,p3 < M 2> ”HOOS)\( 2)

(VAM = p1,p2) = I <ann (P2) + (C.43)
{ep1,p3) = 1)) <aom (P3) -

The implementation of the full denoising problem is given in algorithm 6.
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Algorithm 6 Primal dual algorithm for TGV denoising including time series information
in the L'-norm data fidelity term

Input: dg

Output: dM

Initialize: p(l), pg, pg, dMP, dMg, mﬂ ﬁ(l), choose 7, 0 > 0

for n = 0 until maxIter

Dual Update:

dMIH! = Py (dMg n ang”)

Ph*! = Po, (pi + 0 (VA" - 77) )
Py = Pog (0 + o€p})

Primal Update:

dM" T = dM™ — 7 (¢*dMy T + vyt
p?+1 — prlz —r (_p721+1 + E*pg’+1)
Extrapolation step:

aM = 2dpmtt — g
p?+1 _ 2p711+1 _ p711

C.2.5 Full Variational ASL Denoising Model - L? Norm

The full ASL-TGV denoising approach with L?-norm for the data fidelity term is defined
as

A A
(c*,1*) € argmin = ||sc — chg + = |lsl — leg +
el 2 2 (C.44)

7 (w) TGVC?l,OéO (1) + 72 (w) TGchl,ao (c—1).

The solution of this problem is given by the primal dual splitting problem. Therefore,
the problem has to be reformulated as a convex-concave saddle point problem. This is
achieved by using the definition of the Fenchel conjugate C.27 leading to

A 2, A 2
i ax — —de|l3 + 5[l —d
T vz 1067 Bl g llol = dill

(V(e=1) = p1,p2) — L) <ary, (P2) +
(ep1,p3) = Lj| , <apm (P3) + (C45)
(V) = a1:02) — L) <arm (@2) +
(

€q1,3) — ||| <aom (33) -
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The final update scheme for the primal dual algorithm of the saddle point problem C.45
is defined in Algorithm 7.

Algorithm 7 Primal Dual Algorithm for L? ASL-TGV denoising

Input: d., d;
Output: ¢, [
YIRT o0 30 _
Initialize: p(l], pg, pg, q?, qg, qg, A, 108 1 ,p(l), q‘{, choose 7, 0 > 0

for n = 0 until maxIter

Dual Update:
P = Py (5 + o (Ve = VI" - 7))
Py = Pagon (9§ + 0€p)
G = Payoy (@ +0 (VI 7))
(g3

n+1
= Poyyo + oeqy)

Primal Update:
Cn+1 _ P/%g;r ( —r (v* n+1 +§* n+1))

ln+1 P)?gr (ln T ( v* n+1 N v ngl + g>o<l;1+1))
p711+1 — pl o 7_( pg+1 + e*ngrl)
qu-l — qvlz _ 7_( q2+1 + et n+1)

Extrapolation step:
EnJrl — 26n+1 — "
AR (o
Pt =2pt - pl

67114’1 — 2qn+1 _ qT,
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C.2.6 Full Variational ASL Denoising Model - L' Norm

The full ASL-TGV denoising approach with L'-norm for the data fidelity term is defined
as

A A
(", 1) € argmin — |[cc — de||; + 5 [|<l — dif|; +
el 2 2 (C.46)

7 (w) TGV? () + 72 (w) TGVO?ha0 (c—=1).

1,00

The solution of this problem is given by the primal dual splitting problem. Therefore,
the problem has to be reformulated as a convex-concave saddle point problem. This is
achieved by using the definition of the Fenchel conjugate C.27 leading to

min max (sc —de, c2) =Ly <x (c2) + (sl — dj, l2) =L)< (I2) +
clpr,qr  c2,02,p2,03,92,43 e oo

(V(e=1) —p1,p2) — L) <ary. (P2) +
(ep1,p3) — I||| _<a0me (P3) + (C.47)
(V) = q1,92) = L <aim (22) +

(

€q1, Q3> - IH'HOOSO‘O"H (Q3) .

The final update scheme for the primal dual algorithm of the saddle point problem C.47
is defined in Algorithm 8.
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Algorithm 8 Primal Dual Algorithm for L' ASL-TGV denoising

Input: d., d;
Output: ¢, [
rURT —0 70 —
Initialize: p, pJ, p3, ¢¥, @3, 4§, <, 9, 1°, 19,2, I", B, @), choose 7, & > 0

for n = 0 until maxIter

Dual Update:

7 = P (1 0 (V0= 9T 7))

ngrl = Pao,’n (pg + O’Gﬁf)

qurl - Palﬁz (qg +o (vin - ?f))

q;f“ = Pag o (q? + 056711)

:PA(cn—i—a(gE"—d )
z"“ P, (l” Yo <§l — dl))
Primal Update:

n+1 I (v* n+1 +§*Cn+1)
ln+1 —n_ T( v* n+1 v* n+1 + §*lg+1)

p;Hrl _ p? _ ( n+1 + 6*pg+1)
q711+1 _ q{L _ 7_( n+1 + e 7’L+1)

Extrapolation step:

En—l—l — 2cn+1 n

— C
" Z gt e
ﬁ’f*i = 219’”1 —pl
gt =27 — g

C.2.7 Spatial Adaptive Variational ASL Denoising - L?> Norm

The variational denoising method for ASL imaging with spatial adaptive regularization
maps is given by

* % 1 1
(c*,1*) € argmin — H)\c (e — dc)Hg + 3 [| A (sl — dl)Hg-F
c,l (048)

( )TGVO?l a0 (l) + ’72 ( )TGV(31 g ( - l) °
The solution of this problem is given by the primal dual splitting problem. Therefore,
the problem has to be reformulated as a convex-concave saddle point problem. This is
achieved by using the definition of the Fenchel conjugate C.27 leading to
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) 1
min max f||)\ (sc dc)‘|§+§||)\l (Cl—dl)Hg

elpi,qr P2:P3,42,q3 2
(V(e=1)=p1,p2) = L) <ar (P2) +
(ep1,p3) — 1| _<ao (P3) +
(V) —q1,q2) — IH-IIOOSam (q2) +
(€q1,43) = 1)) <aom (43)-

The final update scheme for the primal dual algorithm of the saddle point problem C.49

is defined in Algorithm 9.

Algorithm 9 Primal Dual Algorithm for spatial adaptive ASL-TGV denoising

Input: d., d;
Output: c, I

Initialize: p(l), pg, Pg, q?, qg7 qg7 CO’ 10 &0 ZO

i A ﬁ(l], 6(1), choose 7,0 > 0

for n = 0 until maxIter

Dual Update:

Pyl = Pay o, (pg +o (Ve -vi'- 7))

Py = Pagy (P3 + 0€pT)

n+1 = Po, (qg ( - Tf))

7L+1 n

= Pag, (@3 + 0cqt)

Primal Update:

Cn—H P)?C,g‘r (C —r (v* n+1 +c* n+1))

= By = (V)
+ n+ +

p’f+ =pf—7( pﬁﬂ +ep :+1)

G =gt T (—T e

Extrapolation step:
el = 2cntl — n
-n+1

[ = gl _n
ﬁf“ 2p"+1 —pt

Note that in the above algorithm the regularization maps (A. and )\;) are applied point

wise in the operator Piw(x).
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C.2.8 Spatio-Temporal ICTGYV Denoising

The ICTGV denoising approach for dynamic ASL imaging is given by

A
dM* € argmin AM — darr|]3 + 71 (w) TGVE 5 (dM —v) +
dM

1,00,83

(C.50)
( )TGVa21,ao,,8 (’U) )

RNexXNyxNoxNe g the acquired noisy image time series and

where dgy €
dM € RNexNyxNxNe the denoised image time series. The solution of this problem
is given by the primal dual splitting problem. Therefore, the problem has to be
reformulated as a convex-concave saddle point problem. This is achieved by using the

definition of the Fenchel conjugate C.27 leading to

—||dM — d Vs (dM —v) —
dMIfDlighv ng%l}g%Q H dM||2 < B( U) p1,p2)—|—

(esp1,p3) + (Vs (v) — q1,¢2) + (€3q1,q3) —
Iah’?l ( ) Iao/}’l (p3) - Ial,"{Q (Q2) - Iao/ﬂ (Q3> .

(C.51)

The final update scheme for the primal dual algorithm of the saddle point problem C.51
is defined in Algorithm 10.

C.2.9 4D Variational ASL Reconstruction

The full ASL-TGV reconstruction approach for accelerated ASL data is defined as

* * . )\C )\
(¢, 1*) € argmin 2 || Ke — d.|[5 + 2L ||KL — dy|3 + 1 (w) TGViay 005 (1) +
c,l 2 2 (052)

Y (W) TGV, 00,8 (€) + Y2 (W) TGV, 00,8 (c—1).

The solution of this problem is given by the primal dual splitting problem. Therefore,
the problem has to be reformulated as a convex-concave saddle point problem. This is
achieved by using the definition of the Fenchel conjugate C.27 leading to

. 1
min max (K —de,y) = 5 |lyll + (K= diy2) = o= Izl +

elp1,g1,r1 P2:P3,42,d3,72,73,Y52 . 2N
(Vg (c—=1) = p1,p2) + (egp1,p3) + (Val — q1,q2) +
(€pqi, q3) + (Ve —r1,re) + (€ar1,73) —
Loy ye (P2) = Tag e (P3) — Lag o (q2) —
Tag i (43) = Loy (12) = Tag (73) -

(C.53)
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Algorithm 10 Primal Dual Algorithm for 4D ICTGV denoising

Input: dgp,
Output: dM
SURT) =770 —i —
Initialize: p{,p3,p9,q?,49,63,dM° 00 dM"™ 5° 0.4}, choose T,0 > 0

for n = 0 until maxIter

Dual Update:

pg+1 = Pa1771 (pg +o (vﬁdM - vﬁﬁn - prll))
ngj = Paofh (pg + Uﬁﬂﬁ?)

q;": = Pay iy, (g5 + 0 (V0" —1q7))

57" = Pogy, (65 + 0esqt)

Primal Update:

aM = P2 (am - 7 (Vips ) )
Q}n+1 =" — T (_vgpg-i—l + ng;l-l-l)
Pl = r (_pgﬂ i 6210;-&-1)

Gl =qp 1 (_q;zﬂ 4 Ezqgfi—l)

Extrapolation step:
dM = 2dMmH — amm
ot = 2t g

n+1

ﬁ’f*i = 2p) . —pY
=21 — g

The final update scheme for the primal dual algorithm of the saddle point problem C.53
is defined in Algorithm 11.
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Algorithm 11 Primal Dual Algorithm for 4D ASL-TGV reconstruction

Input: d., d;
Output: ¢, [
0 0 l

Initialize: p{,p9.p3,q?,¢9,45,77,r9,r8,c%,1%,4°,2° @ 71,417 choose 7,0 > 0

for n = 0 until maxIter

Dual Update:

P = P (5 + o (Voem — Vl" = 57))
P35 = Pag s (P + 0esp?)

G5 = Pary (a5 +0 (Vol" — @)

QE?JFI = POéO"Yl (qg + 0656?)

g; = Pay (1§ +0 (V52" = 7))
3" = Pagy (15 + 0€gTT)
y"t =P} (v +o (K" —d.))
= P)?Z’U <z” +o (Klm — dl)>
Primal Update:
o (vngﬂ + Vi n+l g K*yn—i-l)
= (—Vng‘“ + nggﬂ + K*z"“)
= -7 ( f eﬁp”“)
= -7 (gt + )
Pt =g ( ntl g eﬁrnJrl)

Extrapolation step:
6n+1 — 2Cn+1 n

Z”+1 o[+l _ 1161
6?+1 2qn+1 _ q?
F?‘i’l — 2rn+1 - T71'L
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