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Abstract

The quantification of turbulent flow by phase-contrast Magnetic Resonance Imaging (MRI) enables the
assessment of cardiac hemodynamics and holds promise for improvements in the diagnosis of valvular
pathologies. However, long scan times hamper wide-spread in-vivo use of the technique. Thus, this
work focuses on accelerating imaging of valvular flow. To this end, more efficient acquisition methods
are developed by exploiting data redundancies along multiple dimensions enabling faster and more
robust flow quantification. Moreover, the improved scan efficiency is utilized to extend the sequence

for quantification of both mean and turbulent flows including the Reynolds stress tensor.

In previous work it has been suggested that the relatively simple partial Fourier technique can be used
to accelerate flow MRI. Here, it is shown that spatial phase fluctuations, which occur when imaging
turbulent flows, lead to inadequacy of the underlying model assumption which is based on Hermitian
symmetry. Thus, the reconstruction cannot recover missing samples without producing image artifacts

highlighting the need for more advanced acceleration techniques.

As part of the present thesis, 5D Flow MRI is introduced to address scan inefficiencies due to
respiratory motion while enabling predictable scan times. A pseudo-radial Cartesian Golden angle
sampling trajectory is proposed to capture data from the entire respiratory cycle and to attribute them
to discrete respiratory states. Reconstruction of highly undersampled data is performed by exploiting
redundancies between cardiac phases and respiratory states. As a result, a fixed scan time of 4 minutes
is achieved for multi-point assessment of mean and turbulent flow. The concept is demonstrated in an

in-vivo study with 9 subjects.

To enable quantification of the Reynolds stress tensor, the 5D Flow MRI sequence is extended with
additional velocity encoding directions. Multipoint encoding ensures accurate turbulence assessment
in the value range of turbulence intensities found in healthy and pathological flows. A numerical study
demonstrates high precision but moderate overestimation of values at achievable signal-to-noise
ratios and resolution. In an in-vivo study the ability to quantify turbulent flow downstream of a bio-

prosthetic heart valves in a scan time of 10 minutes is shown.

While enabling faster scans, accelerated imaging methods typically come with the drawback of a
considerable increase in reconstruction times. To enable rapid reconstruction of undersampled data,
a deep neural network architecture is presented. Training is performed with retrospectively
undersampled flow data which were acquired in healthy volunteers. Results reveal that the network
accurately reconstructs both normal and pathological flows. Further, an in-vivo study with 7 healthy

subjects shows good agreement of flow parameters with reference measurements.



To summarize, a framework for high-dimensional flow imaging has been implemented and validated.
The methodology allows for fast, robust and comprehensive mean and turbulent flow quantification
in vivo. Examination of turbulent kinetic energy can be performed within 4 minutes while
guantification of the entire Reynolds stress tensor is possible within 10 minutes. To further facilitate
clinical use, rapid image reconstruction based on neural networks is presented which can be readily

extended to higher dimensions in the future.

Kurzfassung

Die Quantifizierung von turbulentem Fluss mittels Phasenkontrastmagnetresonanztomographie
ermoglicht die Beurteilung der Hdmodynamik des Herzens und verspricht Verbesserungen in der
Diagnose von Herzklappenerkrankungen. Lange Messzeiten verhindern jedoch eine weitverbreitete
Nutzung der Technik. Darum ist diese Arbeit auf die beschleunigte Bildgebung von Fluss durch
Herzklappen ausgerichtet. Effizientere  Akquisitionsmethoden werden vorgestellt, die
Datenredundanzen entlang mehrerer Dimensionen ausnutzen und damit eine schnellere und
robustere Flussquantifizierung ermdglichen. Die resultierende, erhdhte Effizienz der Messung wird
dariiber hinaus genutzt, um die Sequenz fir die Quantifizierung von gemitteltem und turbulentem

Fluss inklusive des Reynolds'schen Spannungstensors zu erweitern.

In dlteren Arbeiten wurde vorgeschlagen, dass die relativ einfache «partial Fourier» Technik genutzt
werden kann, um Flussbildgebung zu beschleunigen. Hier wird gezeigt, dass raumliche
Phasenfluktuationen, wie sie bei der Messung von turbulentem Fluss auftreten, zur einer Diskrepanz
der zu Grunde liegenden Modellannahme fiihren, welche auf hermetischer Symmetrie beruhen. Daher
fihrt diese Rekonstruktionsmethode zu starken Bildartefakten. Entsprechend besteht die

Notwendigkeit der Verwendung von fortgeschrittenen Beschleunigungsmethoden.

Als Teil der vorliegenden Dissertation wird die 5-dimensionale Flussbildgebung vorgestellt. Das
Verfahren erlaubt es, Ineffizienzen, die durch Atembewegung entstehen, zu reduzieren und damit
Messzeiten vorherzusagen bzw. vorab festzulegen. Eine pseudo-radiale kartesische Abtastung mit
goldenem Winkel gestattet es, Daten des gesamten Atemzyklus zu nutzen, indem diese diskreten
Atemzustanden zugewiesen werden. Die Rekonstruktion der stark unterabgetasteten Daten erfolgt,
indem Korrelationen zwischen verschiedenen Herzphasen und Atemzustanden ausgenutzt werden. Als
Ergebnis resultiert eine konstante Messzeit von 4 Minuten flir eine Multipunktmessung von
gemitteltem und turbulentem Fluss. Das Konzept wird in einer in vivo Studie mit 9 Probanden

demonstriert.



Um die Quantifizierung des Reynolds'schen Spannungstensors zu erméglichen, wird eine erweiterte
5D-Fluss-Sequenz mit zusatzlichen Geschwindigkeitskodierungen vorgestellt. Die
Multipunktkodierung sorgt fiir eine prazise Turbulenzquantifizierung in dem Wertebereich von
Turbulenzintensitdaten, welcher in gesundem sowie pathologischem Fluss ermittelt wurde. Eine
numerische Studie zeigt eine hohe Prizision aber eine moderate Uberschiatzung der Werte fiir
realistische Signal-zu-Rausch-Verhiltnisse sowie raumliche Aufldsungen. In einer in vivo Studie wird
die Fahigkeit zur Quantifizierung von turbulentem Fluss hinter bioprosthetischen Herzklappen bei

einer Messzeit von 10 Minuten gezeigt.

Beschleunigte Bildgebungsmethoden bringen lblicherweise den Nachteil einer deutlichen Zunahme
der Rekonstruktionszeit mit sich. Um eine schnelle Rekonstruktion der unterabgetasteten Daten zu
ermoglichen, wird eine neuronale Netzwerkarchitektur prasentiert. Das Training erfolgt mit
retrospektive unterabgetasteten Flussdaten gesunder Probanden. Die Ergebnisse zeigen, dass das
Netzwerk sowohl normalen als auch pathologischen Fluss prazise rekonstruieren kann. Weiterhin zeigt
eine in vivo Studie mit 7 gesunden Probanden eine gute Ubereinstimmung der Flussparameter mit

Referenzwerten.

Zusammenfassend umfasst die vorliegende Arbeit wesentliche Beitrage fiir die hochdimensionale
Flussbildgebung. Die Methodik erméglicht eine schnelle, robuste und umfassende Flussquantifizierung
in vivo. Eine Untersuchung der turbulenten kinetischen Energie kann innerhalb von 4 Minuten
durchgefihrt werden, wahrend die Quantifizierung des gesamten Reynolds’schen Spannungstensors
innerhalb von 10 Minuten mdoglich ist. Die zukinftige klinische Nutzung wird unterstitzt durch eine
schnelle Bildrekonstruktion basierend auf neuronalen Netzwerken, welche in Zukunft leicht auf

weitere Dimensionen erweitert werden kann.



Table of contents

Y <13 1 ot 1
QT T 1] 1T - 2
(00 o =07 =T g AN 141 o o 11T o 4 o N 7
1.1 Contribution of the thesis.........ccccviiiiiiiiiiii 8
Chapter 2  Phase contrast magnetic resonance imaging........ccccceeeecieninrnnnncsinnineennesenn 10
2.1 Phase Contrast Encoding of Laminar FIOW .......cccceeeiiiiiiiiiiiemmeiiiiiniinieeeenneeessennees 10
2.1.1 Velocity Encoding and Velocity-to-N0oise-Ratio........cccceeeeevecciiiiiiiiieee e 11
2.1.2 Cine Phase Contrast MR .....uuiiiiiiiiiee ettt e e e e e s e e e e 12
2.1.3 AD FIOW MR ceviiiiiiiiieee ettt ettt ettt e s sttt e e s st e e e s senbaeeeesanbtaeeessstaeeessanteneessnnseneeesanns 12
2.1.4 Segmented k-Space ACQUISITION .....cccoiiiiiiiiiieiec e e e e e e e e e eannns 13
2.1.5 ResPIratory NaVigation ... e e e e e e e e aeaaeen 13
2.2 BT« 0= 0 TN 13
2.2.1 Generalized Phase Contrast Magnetic Resonance Imaging .........cooecevvviiveeeeeeeeeeeceennns 14
2.2.2 TUrbulent KiNETIC ENEIEY wevvviiiiee ettt e ettt e e e e e e et re e e e e e e e e e e e esaasbsaaeees 15
2.2.3 2NV To] Lo Y T K=Y o o] U PUR 16
Chapter 3  Accelerated Phase Contrast MRl .......c.cccccciiiiimmnnniiiiiniennniiiininnnneenms. 17
3.1 Partial FOUMIEN ....ciiiiiiiiiicic e 17
3.2 Parallel IMaging....cccciiiiiiiiieiiiiiiiiiieeeeiiiesiinreesssessssssssseesnsssssssssssssessssssssssssssssssnnansssnss 19
3.3 K-t BLAST @nd K-t PCA ....coieieeiiiiiiiiiiinnneiiiiniiineenssssssesisinssssssssssssssssssssssssssssssssssssnsanssssns 21
34 CoMPresSed SENSING...cccuuuiiiiiiiiiiiimniiiiiiiiiiirenmiseetiiiitsasmssisssttmttssssssssssssssssssssssssssssssnns 21
3.4.1 UNdersampling StrategIies cuuuiiiiii ittt e e e e e e e es et r e e e e e e e e e e e araeraaaees 22
3.4.2 Sparse Transform Domains for FIoW IMaging.........coooeiciiiiiiiieeii e 23
3.5 DEEP LEAINING ..veeeiiiiieiiiiiieiiiiiieiitieeis et reaas et rsassssrsasssssssnsssssssnsssssssnssssssnnsssssennens 26
Chapter4  On the Limitations of Partial Fourier Acquisition in Phase-Contrast MRI of
Turbulent KinetiC ENEIZY ....cciitveueiiiiiiiiirnniiiiiiiinnneiiiiiiieemssiiiiiesmssiiimesmssssssmmesssssssssnsens 30
4.1 INErOAUCHION ...t e 30
4.2 L 1 1=Te 1 2RO 31
4.3 MEthOS. ... s 34
4.4 RESUIES .o s 37
4.5 [ oL =] U 37
4.6 CONCIUSION....ceiiiiiiiiiiici e 42
4.7 ACKNOWIEAZEMENTS ..cccuueiiiiiiiiiiieiiiiiiiiiittieniieeetitteressssssssstteessnsssssssssssessssnssssssssssssssnnns 42



4.8 Supplementary INfOrmMation .......ccceciiiiiiiiiiinenieerrrrsssssseessesessssssssssssssans 42

Chapter5 Multipoint 5D Flow Imaging - Accelerated Cardiac- and Respiratory-Motion

Resolved Mapping of Mean and Turbulent Velocities .....ccccccotemreiirmeiiiieniciieeceinenncenenanens 45
5.1 BACKBIOUNG ...ceeeeeeiiiiiiiiiiiiiiiiiiiiiiiieeeneeessenrirressnsssssssssssnessnsssssssssssssessnssssssssssssssssnnnsssnss 45
5.2 1Y 134 T Yo £SO 46
5.3 RESUIES c.uiiiieiiiiiieiieitieieeteneeeereneeeeseennseseennseeseennseeseenssessesnsssssesnsssssesnsssssennsssssennsnssennnes 54
5.4 [ 1T 13 o 4 TP 59
5.5 (074 Vol 113 o o TSP 62
5.6 ACKNOWIEAZEMENTS ..ccuueiiiiiiiiiiieiiiiieiiiintinniieeetiteeressssssessteetssnsssssssssssesssssssssssssssasssnnns 63

Chapter 6 Comprehensive Turbulence Assessment with 5D flow Tensor MRI............... 64
6.1 1] 4 0T [Tt 4 1o ] 4 AU 64
6.2 RESUIES c.uiiiieiieiiieieeitieeeeteneeeereneeeestennseseennseeseennseeseenssessesnsssssesnsssssesnssssssnnsssssennsssssennnes 66
6.3 [ 1T 1YY o o P 70
6.4 1Y 134 o T Yo £SO UT PR 73
6.5 ACKNOWIEAZEMENTS ..cccuuviiiiiiiiiiieiiiiiiiiiiitiensieeetiteeresssssssssseetssnsssssssssssesssssssssssssssssssnnns 78

Chapter 7 A Deep Variational Network for Rapid 4D flow MRI Reconstruction............. 80
7.1 1Y 4 oY [Tt 4 1o 4 AU 80
7.2 FIOWVN ...oeeiiiiiieieertieeesteneneerenaseseennsseseennsssseennssesesnsssssesnsssssesnsssssesnsssssennsssssennsssssennnes 82
7.3 RESUIES c.uiiiieieeiiieiieitieeeeteneeeereneeeeseennseseennseeseennseeseenssesseensssssesnsssssesnsssssennsssssennsssssennnes 84
7.4 [ 1T 13 o o P 86
7.5 1Y 134 T Yo £SO 89
7.6 Supplementary Materials ........cciiiieiiiiiiiiiiiieneiireeeiieerssssssesniresssssssssssssan 94

Chapter 8  SUMMAIY ..ciiciueiiiiiiiiiniiiiiiiieensiiiiiressssiisiieessssssssnrsssssssssssresssssssssssssnssssssss 95
8.1 [ 1T 1YY o o PP 95
8.2 (01114 [ o]/ 96

Chapter 9  ReferenCes.......cccciiiiieuiiiiiiiiieniiiiiiiiiniiiniierssiinessiiessssssiessssss 99

Chapter 10 Acknowledgements ........ccciiieeuiiiiiiiininniiiiiiineniniieeens 116

Chapter 11 List of PUBLICAtions......cccccciiiiiimuniiiiiiiiinniiiniiiiensiniiiessssinineesssssseneensenes 118

Chapter 12 Curriculum Vitae......ccccceeeiiirrrrnnncciniinnnnnensennns Fehler! Textmarke nicht definiert.






Chapter 1 Introduction

Four-dimensional (4D) flow Magnetic Resonance Imaging (MRI) provides spatiotemporally resolved
guantitative assessment of flow and thus enables the comprehensive assessment of hemodynamic
parameters in the heart and greater vessels [1]. Various applications with clinical relevance have
emerged in recent years, including the characterization of changes of mean and peak velocities [2],
flow displacement [3], [4], vorticity and helicity [5], [6], wall shear rates [7]—[9], relative pressure

gradients [10]-[12], pulse wave velocities [13]-[15], and viscous energy losses [16].

In conventional 4D Flow MRI, turbulent velocity fluctuations are typically ignored. However,
turbulence can be considerable in pathological flows [17] with turbulent energy losses being a major
contributor to increased workload for the ventricle [18]. Moreover, neglecting turbulence in the

calculation of relative pressure gradients can lead to inaccurate estimates [19].

It has been suggested to derive statistical surrogates of intra-voxel turbulence from the intra-voxel
phase dispersion of velocity encoded measurements [20]. To this end, turbulent kinetic energy (TKE)
can be gauged, which indicates how much energy is stored in turbulent velocity fluctuations. First
clinical studies have already demonstrated the potential of TKE quantification with 4D Flow MRI for

the assessment of stenotic heart valves [21], [22] and in dilated cardiomyopathy [23].

The use of velocity encoding schemes, similar to principles used in diffusion tensor imaging [24],
enables the quantification of the Reynolds stress tensor (RST) [25]. Accordingly, a comprehensive
assessment of turbulent flow can be provided offering promising clinical use cases such as improved
mapping of pressure gradients [19], new clinical parameters for the assessment of stenotic heart valves

[26] or identification of elevated shear stresses which indicate an increased risk of hemolysis [27].

While first clinical studies have been performed to assess TKE in patients [22], [23], clinical adaptation
is still hampered by the long scan times. Moreover, RST assessment has been mostly limited to in-vitro
applications [19], [27]-[29] as required modifications to the sequence design further prolong scan

time. Hitherto, no in vivo studies of the RST have been reported in the journal literature.

In order to foster and translate turbulence assessment using MRI to a wider clinical community,
significant reductions in scan time are indispensable. A number of approaches exist to exploit
redundant structures in the data in order to reconstruct images from a reduced number of
measurements, including concepts based on Hermitian symmetry [30], [31], sparsity [32] or low-
rankedness of data [33]—[35]. Moreover, recent advances in respiratory motion resolved imaging [36]
hold promise to address scan inefficiencies and limited robustness as a result of respiratory motion in

vivo.



The aim of the present thesis is to lay the foundation for clinical adaptation of mean and turbulent
flow assessment using MRI. To this end, different reconstruction methods and respiratory motion
resolved imaging are investigated and developed. Moreover, an efficient method for rapid in-vivo

assessment of the Reynolds stress tensor is proposed.

Outline

Chapter 2 provides a general introduction of phase-contrast MRI (PC-MRI), 4D Flow MRI and the

generalization of PC-MRI to turbulent flow.

Chapter 3 introduces concepts for accelerated MRI including different approaches to exploit data
redundancies, comprising partial Fourier [37], parallel imaging [38], compressed sensing [32], and

different approaches based on deep neural networks [39].

In Chapter 4 the concept of partial Fourier imaging [30], [31] for the assessment of turbulent flow is
investigated. The inadequacy of the underlying assumption of limited spatial phase variations when

imaging turbulent flow is proven.

Chapter 5 introduces 5D Flow MRI which extends 4D Flow MRI with a respiratory motion dimension in
order to exploit correlations along cardiac and respiratory signal dimensions to enable rapid flow

assessment within fixed scan times.

Chapter 6 introduces a concept for comprehensive in vivo assessment of turbulent flow in the aorta
by extending 5D Flow MRI with velocity encoding along 6 non-collinear directions. Results of flow

downstream of healthy and bio-prosthetic heart valves are demonstrated.

Chapter 7 addresses the long reconstruction times required by iterative reconstruction methods. A
variational neural network is proposed with which adaptive filter kernels and activation functions are
learned based on retrospectively undersampled volunteer data enabling rapid image reconstruction

of undersampled data.

0 summarizes the findings of this thesis and an outlook of future steps is provided.

1.1 Contribution of the thesis

Accelerated imaging methods are indispensable to help translate turbulent flow assessment using MRI
to a wider clinical community. In this work, different accelerated imaging methods are investigated

and developed to enable time-efficient assessment of turbulent flow.



Model assumptions in partial Fourier (PF) imaging, which is based on Hermitian symmetry, are shown
to be inadequate for turbulent flow imaging. While PF has been used in 4D Flow MRI in the past, our

study shows that PF does not yield a benefit over symmetric bandwidth limitation in k-space.

To address inefficiencies due to respiratory gating, advances in respiratory motion resolved imaging
are adopted to flow imaging. Accordingly, a method is provided which exploits redundancies between
respiratory motion states to enable flow assessment in reduced scan times and independent of
respiratory motion. Using a combination of Cartesian Golden angle undersampling, data-driven motion
detection and locally low-rank image reconstruction, assessment of mean and turbulent flow velocities

is demonstrated for a scan time of 4 minutes.

Highly accelerated flow imaging enables the incorporation of additional readouts into the sequence.
As part of the present thesis, encoding of the Reynolds stress tensor is investigated and sequence
modifications are proposed to enable robust in vivo assessment of the Reynolds stress tensor using 5D
Flow MRI. The study provides the first demonstration of the in vivo assessment of the Reynolds stress
tensor and demonstrates the ability of the method to quantify turbulent flow downstream of bio-

prosthetic aortic valves.

Finally, image reconstruction based on deep neural networks to enable short reconstruction times is
proposed. The method allows for the reconstruction of 4D MRI data in less than a minute. Moreover,
the proposed architecture is demonstrated to generalize well permitting reconstruction of
pathological flow patterns and of prospectively undersampled data based on training with a limited

number of retrospectively undersampled datasets of healthy subjects.



Chapter 2 Phase contrast magnetic resonance imaging

2.1 Phase Contrast Encoding of Laminar Flow

Phase Contrast MRI (PC-MRI) relies on the fact that motion in the presence of a magnetic field gradient
produces a change in phase of transverse magnetization. By playing out two acquisitions with different

bipolar velocity encoding gradients, flow-dependent phase changes can be detected [1].

The Larmor frequency w;, at location 1 in a gradient field G(t) is given as
w,(r,t) = yBo + yG(O)r (). (2.1)

Assuming an excitation pulse at t,, the phase of precessing magnetization at location r and time ¢, is

given by
te te
o(r,t,) = fyBOdt+ f yG(t)Tr(t)dt. (2.2)
to to

The phase term which depends on B, can be neglected, as the signal is demodulated with wy on
detection. Expanding the trajectory r(t) of magnetization using a Taylor series with an expansion point
at the center t,,, of the bipolar gradient waveform, the phase of magnetization at location r,,, = r(¢t,;;)

can be approximated as

T
tm+s .
t (n)
P(rm t) = f yG(®)" Z r(n)! (t — t,)"dt
tm > n=0
e (2.3)
= f VG(t)T[Tm + v, (t —ty) + -+ ]dt

tmz

= V[MOT Tm+ MlTvm + ]

T
tmte
where T is the total duration of the bipolar gradient, M,, = ftm 7 G(t)(t — t;,)"dt is referred to as

m 2
n-th gradient moment and r,,, v,, denote mean position and mean velocity. The net phase shift due
to mean acceleration is zero, as an expansion point at t,, is selected [40]. Higher order terms of the

Taylor expansion beyond acceleration are typically considered negligible [41].

Summarizing error terms due to field inhomogeneities, eddy currents, etc. as ©, the measured signal

becomes
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S(rm) — So(rm)ei(yMlT”m(rm)"'@) (24)

where s,(r,,) depends on sequence and tissue parameters and is independent of the velocity

encoding.

In order to eliminate the undesired phase component ©, a second measurement needs to be
performed. Typically, an inverted velocity encoding gradient or a velocity compensated reference is
used. Taking the phase difference of these two scans provides us with a phase which is proportional

to the average velocity in the excited voxel volume at 7,.

As the complex exponential is periodic, the maximum velocity which can be encoded by a sequence is

determined by the first gradient moment of the sequence and is denoted as

Vs
VENC = ——
Al (2:5)

where AM; denotes the difference in first gradient moments per gradient axis between the two

measurements.

The encoding can also be denoted by the encoding velocity frequency
k, = yAM,. (2.6)
Consequently, the signal equation using k,, reads

s(rm) = So(rm)ei(k"Tvm(rm)+®). (2.7)

2.1.1 Velocity Encoding and Velocity-to-Noise-Ratio

The velocity-to-noise ratio (VNR) is related to the signal-to-noise ratio of the image magnitude and is

inversely proportional to VENC [41]

VNR « SNR (2.8)

MG yENC

This suggests that an ideal VENC would be as low as possible. However, an accumulated phase which
exceeds 7 leads to aliasing, i.e. the signal phase is interpreted as a lower velocity, corresponding to a
phase within the interval (—m, ). Therefore, setting the right VENC is always a trade-off between
avoiding aliasing and reaching the optimal SNR. To a certain degree, phase unwrapping algorithms can
reduce phase-aliasing in the aliased image, but in general VENC is set sufficiently high to avoid phase
wraps. Multi-VENC approaches [42] can also be used to derive flow fields with the value range of a

high VENC acquisition and the VNR of a low VENC acquisition at the cost of an increase in scan time.
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2.1.2 Cine Phase Contrast MRI

The combination of flow-dependent phase contrast imaging with temporally resolved images
throughout the cardiac cycle is referred to as cine PC-MRI [41]. For a given slice placed within the vessel
of interest, the sequence provides temporally resolved quantitative information about the velocity-
components within the slice. In clinical practice, cine PC-MRI is typically used to assess through-plane
velocities [43]. However, correct positioning of the measurement plane is crucial. When the slice is not
orthogonal to the flow of interest, peak velocities are underestimated. By encoding velocities in all

three spatial dimensions, this underestimation can be addressed [44].

2.1.3 4D Flow MRI

4D Flow MRI refers to time-resolved volumetric imaging with three-directional velocity encoding. The
three different velocity components can be measured by performing three consecutive scans,

encoding velocities in three non-collinear directions.

Velocity encodings for 4D Flow MRI are typically denoted in matrix form. The forward model is

T
¢ = VENC

Hv = w |V (2.9)

where H describes the combination of gradient moments along the Cartesian directions encoded with

VENC while the vector ¢ contains the measured phases.

In the 4-point referenced encoding method [45] the velocity components in the three Cartesian
directions are encoded independently using three velocity-encoded scans and one non-encoded

reference scan:

H4-P,ref = (2.10)

S o O
oSO RO O
oo O

The Hadamard encoding scheme employs simultaneous encodings in all directions for each

measurement:
-1 -1 -1
-1 +1 +1
HHadamard=§ +1 -1 +1/[ (2.112)
+1 +1 -1

Hadamard encoding provides better noise statistics than 4-point referenced encoding, as the noise-
level is direction independent [45]. However, the method lacks a non-encoded reference scan.
Therefore, it cannot be used for encoding intravoxel standard deviations of turbulent velocities. A 5-

point encoding [46] has been suggested to combine advantages of 4-point referenced and Hadamard
12



encoding. Moreover, redundant encoding schemes [47] using a higher number of velocity encodings
which are not orthogonal and thus share some information have been proposed. These methods have
been shown to yield a higher increase in VNR than multi-VENC approaches with the same number of

velocity encodings [47].

2.1.4 Segmented k-Space Acquisition

The amount of k-space data required for 4D Flow MRI and most standard cine PC-MRI exams is too
large to be acquired in a single heartbeat (although some advanced imaging techniques allow for real-
time cine PC-MRI [48], [49]). Therefore, segmented k-space acquisition is performed. In each cardiac
cycle, a subset of the required phase encodes is acquired for each time frame and the final image is

reconstructed from data collected over several cardiac cycles [1].

2.1.5 Respiratory Navigation

Clinically feasible breathhold durations of 10-20 seconds make 4D Flow MRI acquisition impossible
during breathhold. While it was suggested that respiratory motion might be ignored in order to speed
up 4D Flow acquisitions [50], this can deteriorate spatial information [51] and, hence, respiratory
motion suppression is generally recommended for 4D Flow exams [52]. To this end, respiratory motion
may be recorded using navigators, a respiratory bellow [53], or self-gating approaches [54]. Samples
which were acquired while the respiratory motion signal was not in the desired range of motion are
discarded and need to be re-acquired. Accordingly, the net scan time becomes dependent on the

breathing pattern of the subject.

In recent years, alternative approaches have been suggested to acquire data throughout the
respiratory cycle while exploiting data correlations among different parts of the respiratory cycle

during reconstruction [36], [55], [56].

2.2  Turbulent Flow

Turbulent flow is characterized by random spatial and temporal velocity fluctuations. Turbulent flow

was found to occur in valvular pathologies but also in healthy subjects [17].

The random nature of turbulent flow makes it impossible to describe motion of magnetization
analytically. A statistical description of turbulent flow is provided by the Reynolds decomposition [57]

which represents net velocities as a sum of mean and fluctuating components:

v=v+7. (2.12)
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v’ denotes the velocity fluctuations around the time-averaged baseline provided by ¥ and can be
described by statistical means, i.e. the standard deviation over time and/or space. An example of 1-

dimensional turbulent flow and its representation in terms of ¥ and v' is provided in Figure 2.1.

a) Turbulent Flow b) Velocity probability distribution

v=v'+70 U=v
25 .

v(t)
p(v)

05

t 06 08 1 12 14 16 18 v
I_‘_J
o = std(v")

Figure 2.1: |llustration of the Reynolds decomposition of turbulent flow in one dimension. Turbulent flow is characterized by
random spatial and temporal velocity fluctuations. Assuming a Gaussian velocity distribution, this flow can be fully

characterized by its mean u = U and its standard deviation o = v'.

2.2.1 Generalized Phase Contrast Magnetic Resonance Imaging

In conventional 4D Flow MRI spatiotemporally averaged velocities are derived from the signal phase
while turbulent velocity fluctuations cannot be detected. However, the occurrence of different
velocities within a voxel leads to phase dispersion and a measurable attenuation in the MR signal. This
can be exploited to derive intra-voxel standard deviations of velocities o from a PC-MRI acquisition

[20].

In the one-dimensional case with k,, = ||k, || and scalar mean-velocities and given a Gaussian intra-
voxel velocity distribution p(v) with standard deviation o and mean velocity U in the direction

indicated by k,,

_1 2
p(w) = e 207 (2.13)
the signal can be determined as [20]
r 2|k 2
. o-llky . _
s(o, ky,) = s f p(w)e kollvgy = g™z eilikollv (2.14)
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Thus, turbulence results in a reduction of the signal magnitude which depends on the intra-voxel
standard deviation o and the encoding strength ||k, ||. The effect on the relative signal magnitude for

different gradient moment strengths and different values of ¢ is illustrated in Figure 2.2.
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Figure 2.2: Impact of intravoxel velocity distribution on the relative signal magnitude measured with PC-MRI. a) illustrates
velocity distributions within a voxel with different turbulence intensities, i.e. different intra-voxel standard deviations of

velocities. b) shows the resulting reduction in signal magnitude which depends on the encoding strength k,,.

With the given signal model, the standard deviation o of fluctuations in the encoded direction can be
determined by dividing the magnitudes of a signal acquired without velocity encoding s(||k, || = 0)

and of a velocity-encoded acquisition s(|| k, || > 0).

s(llk, |l = 0)
21 A0l - M/
"5k, > 0) (2.15)
Ik, 12

The relationship between intravoxel standard deviations and the relative signal magnitude is non-
linear. Hence, turbulent velocities are only accurately determined for a limited dynamic range,
determined by the first gradient moment of the velocity encoding gradients. To assess turbulence with
an improved dynamic range, a multi-point approach [58] has been suggested to probe the flow field

at different values of VENC and combine the information of the different measurements.

2.2.2 Turbulent Kinetic Energy

By playing out velocity encoding gradients in three orthogonal directions, turbulent kinetic energy

(TKE) can be determined [20]
TKE = g(a,? + af +02) (2.16)

indicating how much energy is stored in velocity fluctuations.
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2.2.3 Reynolds Stress Tensor

In 3D velocity fields, a statistical description of fluctuations includes variances and covariances as

represented by the Reynolds stress tensor (RST) [57]

UxVy  Vxly  UyVy

R=pluy, vv, vy, (2.17)

VxVy VU V0

with standard deviations v, v/, covariances v, v, and fluid density p.

Accordingly, the signal equation reads

1.7
—-—k, Rk o T =
Is(k,)| = Isgle 2077 "7V elkv' P, (2.18)

Similar to encoding principles in diffusion tensor imaging [59], the components of the RST can be
assessed by playing out velocity encodings along at least six non-collinear directions [28]. This

approach will be assessed in detail in Chapter 6.
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Chapter 3 Accelerated Phase Contrast MRI

The high dimensionality and large amount of data in 4D Flow MRI leads to long acquisition and
reconstruction times, but also yields data redundancies which can be exploited by advanced image

reconstruction methods to reconstruct images from highly undersampled acquisitions.
Data in flow MRI correspond to a high-dimensional tensor

S € (CNxXNyXNzXNcoilXNcphXNkvXNrs (31)

where Ny, Ny, N, denote the spatial dimensions, Nj = represents the velocity encodings, N, the
number of receiver elements of the coil, and N, and N, represent the cardiac phases and respiratory
states, respectively. Reconstruction approaches typically use a vector or matrix representation of the
data. Often, redundancies are exploited among a subset of these dimensions only. In the following,
when a dimension is not mentioned explicitly, the reconstruction is performed separately for each
element along that particular dimension. For example, when an image s € CN*NyNzjs considered, the
same operation is repeated N, Ny, N5 times, i.e. for each cardiac phase, velocity encoding and

respiratory state.

The present chapter provides an overview of different acceleration methods based on exploiting data
redundancies. A brief summary of the different approaches is provided in Table 1. While the focus of
this work is on Cartesian sampling strategies, many of the mentioned methods can be also combined

with non-Cartesian sequences.

3.1 Partial Fourier

Partial Fourier (PF) [60] is one of the earliest concepts to reduce scan time by exploiting redundancies
inherent in the signal by using a constrained reconstruction. Real-valued objects show Hermitian
symmetry in the Fourier domain. While in practice MR images are not real-valued, the method uses a
phase estimate to correct for the image phase prior to enforcing Hermitian symmetry. Given a signal

s(x) and a phase estimate ¢.¢;(x), this reads
Fis(x)e ibest ) (k) = [F{s(x)e i Pest@}(—k)]" (3.2)

where F is the Fourier Transform.

Accordingly, knowing the k-space signal in locations k € [0, k4] allows to calculate the values for
k € [—kjax, 0). To obtain an estimate of the image phase, a center fraction of k-space is typically

sampled symmetrically, reducing the actual reduction factor to ca. 1/0.625 to 1/0.75.
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Table 1: Overview of different approaches for accelerated imaging.

ASSUMPTION

SAMPLING STRATEGY

PARTIAL
FOURIER

PARALLEL
IMAGING

K-T BLAST/

K-T PCA

COMPRESSED
SENSING

Exploits Hermitian symmetry of real
valued objects, assuming that the
image phase can be corrected for

using a low-resolution estimate.

Coil array elements receive the signal
with different spatial sensitivities. This
leads to an overdetermined forward
model which allows reconstruction

from an undersampled acquisition.

Spatial and temporal variations in
dynamic MRI can be separated up to a
certain order, i.e. the dynamic image
series does not have full rank when

written in a Casorati matrix.

The signal is compressible in some
transform domain, i.e. it can be
represented with few coefficients.
Prior knowledge about this
compressibility allows to reconstruct
signals from incomplete

measurements.
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One half of k-space is fully sampled.
For the other half, only a small
number of samples is acquired to
obtain a low-resolution phase
estimate.

Typically, regular undersampling is
used (e.g. every other k-space line),
but the method can be used with
arbitrary k-space trajectories [61].
Using autocalibration methods a fully
sampled centre region in k-space is
acquired to determine the relationship
between different coil receiver
channels. Alternatively, a separate
calibration scan can be performed.
The centre of K-space is fully sampled
whereas the periphery is sampled on a
sheared grid which leads to regular

aliasing in the spatiotemporal domain.

Sampling is designed to produce
sampling incoherency, i.e.
undersampling artifacts which spread
uniformly over the object. Methods
include variable density
pseudorandom undersampling [32] or

Golden angle sampling [62], [63].



Of note, Hermitian symmetry can only be exploited for undersampling in one dimension. When only
data in the quadrant with k, > 0 and k, > 0 are available, missing k-space locations cannot be
repopulated for the quadrants with k, <0 and k, >0 and ky>0 and k, <0, as
Fls (7)) (ks ky) = [FlsGe, 1)} (=lers k)]

PF is listed as an option to reduce scan durations in 4D Flow MRI [52]. However, it has been shown that
approaches based on approximating Hermitian symmetry perform worse than simply zero-filling the

missing k-space locations in case objects exhibit accentuated spatial phase fluctuations [60], [64]. The

suitability of PF for imaging of turbulent flow is investigated in detail in Chapter 4.

3.2  Parallel Imaging

Parallel imaging (PI) exploits differences in spatial sensitivities of coil elements in a multi-coil receiver

array to repopulate missing k-space locations [38].

In a multi coil receiver array, each coil array element receives the same MR signal, but with a different

spatial weighting. An image s € CN*NyVz s thus encoded as

Scoit=Ceo s (3.3)

where € = (Ccoit; -+ Ccoit,)T € CN¥NyNz*Neoit and S, i1 = (Scoily  +  Scoil,)T € CNxNyNzXNeon
correspond to the spatial sensitivities and spatial signals received by the different coil array elements

and o denotes the element-wise multiplication.

This makes the forward model an overdetermined linear system which can be used for SNR

enhancement [65] or to recover images from an undersampled acquisition [38].

For regular Cartesian undersampling patterns, the original image can be recovered using the pseudo-
inverse [38]. A more general solution for arbitrary k-space sampling can be formulated as an
optimization problem which can be solved by iterative optimization methods [61]. This also allows for

the incorporation of regularization terms R (i).

§ = argmin||[QFC(s) — d||3 + AR(s) (3.4)
S

{2 denotes the k-space sampling pattern, F is the Fourier transform, C denotes the coil sensitivity
mapping from the image to the sensitivity weighted images seen by the coil elements and d €
CNxNyNzNcoil corresponds to the acquired k-space data. A is a weighting factor between consistency
with the acquired data and regularization R(s), which typically favors a minimum norm solution [66]

or sparsity in some transform domain [32].
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Different approaches exist to establish the relative spatial sensitivities of the different coil elements.
SENSE [38] models the physical process behind a multi-coil acquisition and resolves aliasing by explicit
knowledge of the spatial sensitivities of the coil elements. A low-resolution full field-of-view scan is
performed using the coil array as well as the body coil. The relative coil sensitivity of the i-th coil

element in a given location c;(r) can then be calculated as [38]

¢i(r) = s;(r)/spc(r) (3.5)
with s;(r) and sz (1) denoting the signal measured in the given location by the coil element and the
body coil respectively. If no measurement with the body coil was performed, one can also divide by
the sum of squares of the signal received in the different coil channels, i.e.

ci(r) =s;(r)/ (3.6)

A drawback of the latter approach, however. is that the image intensity will be weighted according to
the spatial sensitivities of the coil array, i.e. intensities will be increased in locations close to the
receiver coil relative to more remote locations. For example, in the case of 4D Flow MRI the chest wall

can be very bright whereas the signal in the descending aorta will be rather low.

Another class of parallel imaging algorithms exploits the fact that coil sensitivities are spatially smooth
and therefore have a narrow-band representation in k-space. Multiplication with smooth coil
sensitivities in image-space can be written as a convolution with relatively small filter kernels in k-
space. GRAPPA [67] and SPIRIT [68] explicitly determine such filter kernels by fitting a fully sampled
region in k-space. GRAPPA then synthesizes missing k-space samples using the previously learned
interpolation kernels whereas SPIRIT uses an iterative reconstruction to find a trade-off between

closeness to the measured data and consistency with the learned filter weights.

ESPIRIT [69] builds on the same idea as SPIRIT but provides explicit coil maps which can be used with
the same iterative reconstruction formalism as SENSE, i.e. using equation (3.3). A so-called
autocalibration matrix is established from the fully sampled k-space center. Explicit coil maps are then
determined from the null space of the autocalibration matrix, assuming that this null-space is valid
globally in the acquired k-space dataset. Of note, images reconstructed with ESPIRIT show spatial

intensity weighting similar to SENSE maps which were determined without the body coil.

While parallel imaging has been widely used for accelerated imaging, noise amplification remains a

limiting factor for high acceleration factors [70].

20



3.3 k-t BLAST and k-t PCA

It was shown empirically, that spatial and temporal variations in dynamic MRI can be separated
up to a certain order [71], [72]. As the images are correlated over time, a limited set of basis functions
along time can be considered sufficient to represent all the temporal variation of the signal. Thus,
elements of a signal § € CVx*Nayn with spatial dimension x and dynamics dyn can be written as a

function of independent basis functions along space u, (x) and dynamics vldyn(dyn)

Ly Ldyn

s(x,dyn) = Z Z bi, gy U1, (V1 (dym) (3.7)

lx ldyn

where by, is the weight of a combination of two basis functions indicated by the subscript indices.

ldyn

Assuming so-called partial separability for a signal, L, < Ny and Lgy,, < Ngyy holds.

In matrix-form, equation (3.7) can be formulated as

Scasorati = UTBV (3.8)

with the data rearranged in a so-called Casorati matrix as Scqsoraei € CV*VyN2*Nayn matrices U and

V of rank Ly and Lg,, respectively and the elements of B corresponding to blx:lcph in equation (3.7).

In k-t BLAST (Broad-use Linear Acquisition Speed-up Technique) [72] temporal basis functions are
derived from a training scan with low spatial and high temporal resolution. An undersampled high
resolution scan is acquired with sampling locations corresponding to a sheared grid in k-t space. This
leads to foldover artifacts in the spatiotemporal domain which can be resolved by enforcing a signal
representation which is based on the previously learned basis functions along time. k-t PCA [73] is
based on the same assumption as k-t BLAST but uses principal component analysis (PCA) to reduce the

number of temporal basis functions.

Of note, an assumption of partial separability can also be extended to the respiratory motion

dimension [55].

3.4 Compressed Sensing

It is an empirical finding in signal processing that many types of signals can be well represented by a
sparse vector in an appropriate basis or frame [74]. In compressed sensing (CS), this sparsity is

exploited in order to reconstruct compressible signals from incomplete measurements.

Asignal is called sparse if it has few non-zero coefficients. In mathematical terms, sparsity is expressed

with the L,-norm, i.e. the number of non-zero coefficients.
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IIslly == #{i:s; # 0} (3.9)

Given prior knowledge about signal sparsity in a transform domain, reconstruction of an image s can
be defined as an optimization problem which defines a trade-off between consistency with the

measured data d and sparsity in the sparse transform domain, which is defined by a mapping W.

§ = argmin||QFC(s) — d||3 + A [|Ws]|, (3.10)
S

{2 denotes the undersampling operator, C denotes the coil sensitivity mapping and A is a weighting

factor between data fidelity and sparsity.

The Ly-norm is non-convex and therefore difficult to minimize. It was shown [75], that in most cases

the problem formulation can be relaxed to the minimization of the L;-norm with ||s||; = Zi,j|si'j|.

The minimization of the L;-norm is a convex problem with an analytical solution provided by the soft-

shrinkage operator [76]. Thus, the reconstruction problem can be reformulated as

§ = argmin||QFC(s) — d||5 + A [|¥sll; (3.11)
S

which can be solved by standard algorithms such as FISTA [77] or ADMM [78].

3.4.1 Undersampling Strategies

Besides sparsity, the second prerequisite to the applicability of CS is incoherent aliasing interference.
Ideally, undersampling artifacts should spread uniformly over the image and resemble white noise.
When applying an appropriate sparsifying transform, the signal energy will be concentrated to few
coefficients while the aliasing noise will be distributed globally. Thus, aliasing can be discerned from
the sparse signal components in the transform domain and removed by iteratively solving an

optimization problem.

Undersampling artifacts in radial [79], [80] and spiral [81] acquisitions show a good degree of
incoherence. In contrast, regular Cartesian undersampling leads to very localized aliasing artifacts
which cannot be discerned from actual signal components in the transform domain. Thus, they are
hard or even impossible to remove from the reconstructed signal. For undersampling on a Cartesian
grid it was shown that sampling a purely random subset of the data can often lead to a high degree of

incoherence [82], [83].

CS sampling patterns in Cartesian MRI typically use so-called pseudo-random variable density
undersampling patterns where the k-space center is sampled more densely than the k-space periphery.
This is related to empirical findings that most signal energy is concentrated close to the k-space origin

and that coarse-scale image components tend to be less sparse than fine-scale components [32].
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To the author’s knowledge, research has not yet provided a general concept for undersampling pattern
design in MRI. Properties of non-linear reconstruction are dependent on the signal. A Bayesian
approach which selects the sample that minimizes uncertainty given the already measured data and
statistical information extracted from representative images has been proposed [84]. Moreover,
linearization of the non-linear reconstruction was suggested to assess the impact of different k-space
sampling patterns [85]. However, for both methods, to determine the optimal sampling pattern one
would need to know the distribution of the class of signals to be acquired. Thus, the optimal sampling

pattern according to both methods is application specific.

Spatiotemporal Incoherence and Golden Angle Sampling

Cardiovascular MRI typically exploits redundancies in the temporal dimension, as different cardiac
frames are highly correlated. Therefore, sampling incoherence is also required along the temporal
dimension. While one might simply pick different random undersampling patterns for each cardiac

frame, sampling patterns can also be designed to maximize temporal incoherence [62], [86], [87].

A very high degree of incoherence between temporally adjacent samples can be obtained with the
Golden angle acquisition scheme which was originally suggested for radial acquisition [62], but has also
been adopted in Cartesian imaging by mapping randomized points from the spokes of a radial or spiral

trajectory onto a Cartesian grid [63], [87].

3.4.2 Sparse Transform Domains for Flow Imaging

Common sparse transform domains in CS such as Wavelets and Total Variation (TV) have also been
used for flow MRI [56], [63], [88]. Moreover, the temporal Fourier transform is effective in enforcing
smooth or periodic temporal behavior in cardiac MRI [89]. However, the high dimensionality yields
many further options to apply sparse transforms. In the following, a brief overview of other approaches

more specific to flow imaging or cardiac imaging will be provided.

Regularization Based on Physical Knowledge

In several studies flow-specific regularization terms based on physical knowledge have been proposed.
Blood is incompressible and the conservation of mass implies that everything, which flows into a
location, has to flow out again. Mathematically this translates into a requirement of zero divergence,
i.e.

dvy Obvy, dv,

=0. 3.12
é6x 6y 6z ( )

Divergence of the flow field can be penalized directly [90], or the flow field can be represented in terms

of a divergence-free Wavelet dictionary [90], [91]. In reality, however, blood flow measurements with
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MRI are not entirely divergence-free due to the limited spatial resolution of MR scans and hence partial
volume effects. In response, it has been suggested to decompose the field into divergence-free and a
non-divergence free component which can be processed separately [91], [92].

Of note, regularization of velocity components in CS requires separate treatment of magnitude m and
phase ¢ =

This leads to a non-linear non-convex optimization problem

Y
VENC

Hv + 0 with encoding velocity VENC, encoding matrix H and background phase 8.

(T T
m, v = argmin|QFC (el(VENCHv+e)) —d|);+27 (|Pmll; + 2, ||‘P —
my

VRN Hv||1 (3.13)

with sparsifying operators W¥,,, and ¥, for magnitude and velocities, and regularization weights A; and
A,, respectively. Iterative reconstruction is therefore typically performed by optimizing signal phase
and signal magnitude in alternating steps [90], [93]. Moreover, an estimate of the background phase
0 is required, e.g. by reconstructing the non-encoded reference image first with another

reconstruction method.

Explicit and Implicit Low-Rank Representations

The concept of partial separability as introduced for k-t BLAST and k-t PCA in section 3.3 can also
be used for CS reconstructions. Such a model can be enforced in the image reconstruction by
either confining the reconstruction to an explicit set of basis function, or by implicitly enforcing
a low-rank representation of the Casorati matrix. The first approach is used by methods such as
k-t SPARSE [94], or MOCCO [95], while the latter approach can be achieved by regularizing the nuclear
norm of the Casorati matrix in an iterative reconstruction [35]. This corresponds to a soft thresholding

operation [96], i.e. enforcing sparsity of the singular value matrix.

When the signal comprises multiple dynamics, such as in flow imaging, different dynamics can be

combined in the Casorati matrix, e.g. as Scqsorati € CV*NyNz*NevhlNkv [34], [97].

Instead of enforcing the same low-rank representation for the entire image, improved reconstruction
results have been obtained in several studies when enforcing low-rankedness locally by decomposing

the images into smaller patches [33], [98], [99].

Of note, all the aforementioned low-rank models are based on sums of products of linear functions.
When signal dynamics exhibit non-linear behavior, such as the velocity encodings in phase contrast

MRI, the approximation error for a low-rank approximation can become very high.

Low-Rank Tensor Models
Low-rank tensor models have been suggested as an alternative to low-rank matrix representations.

Different signal dynamics are represented by separate sets of basis functions [100], [101].
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S(X, dynll dynz; )

Ly Ldynl Ldynn

= Z Z Z blx,ldynlldynz,...ulx(x)vdynl(dynl) ---vdyni(dyni)

Ly ldynl ldyni

(3.14)

This representation corresponds to the so-called Tucker decomposition [102]. In contrast to
performing a singular value decomposition on a Casorati matrix, the Tucker decomposition is non-
unique. The method was suggested for 4D Flow reconstruction [103], but to the author’s knowledge
no comparison between low-rank tensor and low-rank Casorati matrix representations for MR image

reconstruction has been performed to date.

Low-Rank + Sparse Decompositions

Low-rank representations can be very sensitive to outliers. To cope with this disadvantage, robust
principal component analysis has been proposed [104], which represents the signal as a sum of a low-
rank component and a sparse component. The model was adapted for MRI reconstructions in low-rank
+ sparse (L+S) reconstruction [35], [105] which models dynamic MRI as a superposition of a background
which varies slowly over time and is thus highly correlated among different frames, and a dynamic

component, which varies rapidly over time.

The method was also extended to 4D Flow MRI [34]. The reconstruction corresponds to solving the

following minimization problem.

{gz’ggkarsgrsninll.QTC(SL +8s) = dl3 + A,1ISell. + Asl¥Sslly ,s.t.8 =S+ S5 (3.15)
LPS

where the image is reshaped as a Casorati matrix § € CNxNyNz*NephNkv and §, and S¢ denote the low-

rank and sparse component respectively.

Dictionary Learning
Dictionary learning methods can be used to learn sparse representations [106]-[108] and have
successfully been used to model cardiac dynamics [107], [109]. Atoms, i.e. the entries of the dictionary

can be learned either from separate training data [109], or from the undersampled data itself [107].

Of note, low-rank approaches can also be considered a dictionary approach. However, they do not
allow for redundant dictionaries. Moreover, the underlying factorization by linear basis functions

might not be optimal when representing non-linear relationships in data.

25



3.5 Deep Learning

In the last few years, deep neural networks have gained increasing popularity in MR image
reconstruction. The key idea is to make a neural network learn abstract features from retrospectively
undersampled measurements during training. Thereafter, prospectively undersampled acquisitions
can be reconstructed by inference. The reconstruction step can be performed very efficiently on
graphical processing units (GPUs) enabling very short reconstruction times. Moreover, reconstruction

results can be superior to traditional iterative approaches [110]-[112].

A deep neural network consists of an input layer, followed by several layers of so-called neurons, which
take a weighted sum of inputs from the previous layer followed by a non-linear activation function
[113]. Finally, an output layer maps the output of the previous layer to the target variable, i.e. the
image. Fully connected deep neural networks (also known as a multilayer perceptron) connect the
output of all neurons in the previous layer to the input of each neuron in the following layer. Therefore,
for typical image sizes, fully connected neural networks lead to a very high number of weights. This
implies a need for large amounts of training data and memory, and an increased risk of overfitting

making their application in MR image reconstruction challenging.

In imaging applications, convolutional neural networks [113] (CNNs) are typically used. In CNNs each
layer consists of convolution kernels followed by some non-linear operations. Typically, down- and
upsampling between the layers is included to make the different convolutional layers act on different
spatial scales. As the same convolution kernels are applied to each region in the image, the number of

parameters to be trained is much smaller than for a fully connected neural network.

End-to-end Reconstruction

It has been suggested that the entire reconstruction pipeline from k-space to the final image can be
learned [114]. However, this implies that the network has to implement the Fourier transform, which
leads to a considerable increase in training parameters, while an efficient analytical solution for the

Fourier transform exists. Most methods therefore start at a later point in the signal processing pipeline.

Image Enhancement Based Approaches

Deep learning approaches have been applied to produce images of diagnostic quality from aliased
direct reconstruction of an undersampled k-space acquisition. To this end, the neural network
architecture acts as a filter bank enhancing object features while reducing noise-like image structure

to provide an image free from aliasing [115]-[117].

A justification for this approach relates to the insight, that the encoding operator in an iterative MR
image reconstruction can be written as a convolution [115]. The reconstruction can hence be

represented in a block diagram as a sequence of convolutions and point-wise non-linearity, and thus
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corresponds to the operations performed in a CNN. However, the authors have reported a lack of
transferability between datasets when trying to reconstruct from data acquired at different
undersampling rates. Moreover, a recent study [118] has revealed that reconstruction methods purely
based on filtering an aliased image do not generalize well to different undersampling rates and can

actually perform worse when provided with data acquired at a higher sampling rate.

Incorporation of Data Consistency
Similar to the data-fidelity term in traditional iterative reconstruction methods, convolutional layers of
a neural network can be combined with a data consistency step which enforces closeness of the image

estimate to the measured data [110], [119]-[121].

Projection based enforcement of data consistency was suggested [119]. Here, k-space locations for
which data have been acquired are filled up with a linear combination of the measured data and the
current estimate. As an alternative, a gradient step for data consistency can be incorporated in the

neural network [110], [122], as explained in more detail in the following section.

Replicating Iterative Methods by Loop Unrolling

The individual iterations of an iterative reconstruction can be represented as layers of a neural network
[110], [123], often referred to as loop unrolling. Hammernik et al. [110] proposed to use this approach
in combination with fields of experts regularization [124], which is a generalization of TV-
regularization. The regularizer consists of convolution kernels and weighting with scalar functions,

which makes its representation in a neural network particularly easy.

The iterative reconstruction is defined as the minimization of a cost function
Ny
§ = argmin||QFC(s) — d|)3 + AZ (®;(D;s),1) (3.16)
5 i=1

with N¢ filters which are each parameterized by a kernel D € R>*5%5 and a scalar potential function

® € R.

In a single iteration, the next estimated solution is
k+1 k &) |pTET Nroor i ()
sk 500 _ oW |eTET (Fe(s) — d) — zz D, $:sign(D;s®) (3.17)
i=1

with ¢; being the derivative of the potential function ®; and a® denoting the step size.

This operation can be written as a layer of a CNN with filter kernels D and activation functions ®;.
Thus, the entire reconstruction is recast as a neural network where each layer corresponds to one

iteration as specified above.
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To enable reconstruction with a lower number of iterations (typically ca. 5-10), the regularization
strength and regularization terms are allowed to vary for each iteration. Thus, each individual layer
consists of a data fidelity step and regularization with filter kernels weighted by non-linear activation

functions
s e 50 — [eTFT(aFCs — d) — a® 87, Dy diiDises®). (3.18)

Of note, whereas other CNN approaches use predefined activation functions, e.g. sigmoid, tanh, etc.,
in this application the activation functions are learned during training. The set of trainable parameters

therefore consists of step sizes, convolutional layers, and activation functions

6 = {a(k)'Di.kv¢i,k}irk- (3.19)

Generative Adversarial Neural Networks

Generative adversarial neural networks (GANs) [125] consist of two models which are trained
simultaneously. The generative model aims to capture the data distribution whereas the discriminative
model aims to distinguish between data produced by the generative model and data included in the

training set.

In MRI reconstruction, an adversarial network was suggested to distinguish between fully sampled
ground truth data and the de-aliased reconstruction [117]. During training, the discriminator is used

as a loss function for training of the reconstruction network.

Moreover, GANs have been suggested as a prior for image reconstruction. In an iterative

reconstruction, the image is confined to the range space of the generator network [126].

Z2 = argmin||2F€C(G(2)) — d||3, s.t.||z|l <Vd (3.20)
z

where G is the generative network, z is the latent vector which yields the image s = G(z), and which

is constrained to a hypersphere of radius Vd.

Dealing with Limited Ground Truth Data

A particular problem in MR imaging and flow imaging in particular is the limited availability of training
data. Inspired by transfer learning it has been suggested, that the initial training can be performed with
non-MR image data, and then the network can be refined by training with the available MR data [127].
Moreover, smaller network architectures with a lower number of trainable parameters can be

beneficial, as they tend to overfit less on the training data and generalize better.

A completely database-free approach was suggested with the RAKI [112] method, which replicates

classical k-space interpolation approaches [67], [68]. In RAKI, a CNN is trained based on a fully sampled
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autocalibration region and is then used to repopulate missing k-space samples. While this approach
does not need a database of ground truth data, the CNN needs to be trained again for each newly

acquired image.
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Chapter 4 On the Limitations of Partial Fourier Acquisition in Phase-Contrast

MRI of Turbulent Kinetic Energy

Published in: J. Walheim, A. Gotschy, and S. Kozerke, “On the limitations of partial

”

Fourier acquisition in phase-contrast MRI of turbulent kinetic energy,” Magn. Reson.

Med., vol. 81, no. 1, pp. 514-523, 2019.

4.1 Introduction

Partial Fourier (PF) [30], [31], [60] acquisition is a standard option on clinical MRI systems to reduce

scan time.

While reconstruction of velocity maps from PF phase-contrast data is performed using zero-filling
reconstruction on various MR systems, different options exist to reconstruct magnitude images which
traditionally serve for anatomical referencing. With the developments of mapping the variance of
velocity fluctuation based on magnitude images from different velocity encodes, accurate
reconstruction of magnitude information has become important for the assessment of turbulent

kinetic energy (TKE) [20], [128].

Assuming Hermitian symmetry in k-space, missing samples can be repopulated using various methods
[31], [37], [60], [129]. To approximate the Hermitian symmetry requirement of PF reconstruction, a
low-resolution phase estimate based on the central, symmetrically sampled portion of k-space is

required to phase-correct the data prior to computing the conjugate signals.

It has been argued that the low-resolution phase estimate is sufficient to approximate Hermitian
Symmetry in the reconstruction of magnitude images in phase-contrast MRI (PC-MRI) provided that
moderate PF factors are used. Accordingly, PF has been applied in PC-MRI applications [130], [131],[54]
and has been listed as an option for scan time reduction in a recent consensus statement on 4D flow

MRI [52].

With the advent of k-t and compressed sensing based acceleration techniques [32], [72], combinations
of undersampling with PF acquisition have been promoted [129], [132]-[134] to reduce the net
undersampling factor in k-t and compressed sensing reconstructions. Such combinations have also

been applied to phase-contrast flow measurements [58], [93].

Beyond reduction of the number of phase encodes for scan time reduction, Partial Echo (PE) sampling
in frequency encode direction is frequently used to reduce intra-voxel phase dispersion in transient

and turbulent flows. While original work proposed concatenating two PE measurements to form a full
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echo at the expense of doubling scan time [135], single PE acquisition is frequently used in phase-

contrast applications [26], [58], [136], [137].

In general, the phase estimate required for PF or PE reconstruction is of high importance for the
performance of methods enforcing Hermitian symmetry and any inaccuracy significantly deteriorates
the results [60], [64]. Previous studies have shown that in regions of rapid phase changes, methods
which enforce Hermitian symmetry perform poorly and zero-filling reconstruction shows less artifacts

[64].

The objective of the present work is to study PF techniques applied to phase-contrast MRl and to assess
their limitations for assessing TKE, i.e. when reconstructing magnitude images from PC-MRI data
acquired with PF sampling. To this end, PF data of simulated flow in a stenotic U-bend are
reconstructed using homodyne reconstruction[37], projection onto convex sets [64] and zero-filling.
Artifact levels in magnitude and TKE maps are compared relative to symmetrically sampled data of

identical bandwidth as well as to the fully sampled reference.

4.2 Theory

Partial Fourier Reconstruction

PF reconstruction methods exploit the fact, that real-valued objects show Hermitian symmetry in the
Fourier domain, i.e. d(k) = [d(—k)]*. Accordingly, missing k-space samples may be repopulated from
fractional k-space data by enforcing Hermitian symmetry. However, in most practical situations,
objects are not real-valued and hence reconstruction requires a phase correction step. Given a phase
estimate ¢4, the image phase can be corrected and Hermitian symmetry of the image s(x)e_i‘l’esf(x)

can be enforced:
Fls(re ess®}(k) = [Fls(x)e e @} (k)] (4.1)

where F is the Fourier Transform.

The phase estimate is typically obtained by symmetrically sampling the low k-space frequencies. For
this reason, a typical PF acquisition acquires between 55% and 75% of k-space [138]. The ratio of

acquired data to total k-space data is typically referred to as PF fraction [138].

Margosian and Homodyne reconstruction
In the Margosian method [139], the acquisition of a half-echo is modelled as a multiplication with a
Heaviside function 6(k) in the spatial frequency domain. The corresponding impulse response

function reads
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and the image obtained from one half of k-space is written as
. 1 1 1 . 1 . 1
sp(x) = (s(x) * e“”) ® E(d(x) + a) = Es(x) xel® 4 [Es(x) *e® ® (—)]
1 . . 1 1
= —s(x) xe® + e« [—s(x) ® (—)]
2 2 intx
where s(x) is the modulus of the image and ¢ the image phase. Given a phase estimate ¢, the

image can be obtained as

s(x)
2

. i . 1
wel 0000 4 - (5(x) w el 0900 @ (g)} (4.4)

s(x) = 2Re{

since the second part of the equation is purely imaginary. However, to write Es(x)ei"b ® (%)] =

el® « Es(x) ® (é)], ¢ is required to be independent of x and hence spatially invariant.

Assuming slowly varying image phase, the term s(x)e‘i¢esf(x) is real-valued to first approximation.
Thus, the image s(x) can be written as a function of the acquired k-space lines k € [kg; kpmax] Of the

phase-corrected signal §(k) = T‘l{s(x)e'i‘Pesf(X)} [138]

ko ko kmax
s(x) = f §(k)eikxdk+ f§(k)eikxdk+f §(k)eikxdk

—Kmax —ko ko (4 5)

ko kmax
= f §(k)e**dk + 2Re f §(k)e**dk
—ko ko
where Hermitian symmetry is exploited to obtain

—ko ko
f §(k)e”"‘dk=l f (5(k)e* ") dk’' (4.6)

—Kmax kmax

This is the basis of the so-called Homodyne Reconstruction (HR)[37]. Since the phase-corrected signal
$(k) has to be real-valued, one considers the real part of Equation 4.5 to be the correct image and

Homodyne Reconstruction reads

ko Kmax
syr = Re f §(k)e**dk + 2 * f §(k)e**dk|. (4.7)
—ko ko
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Inconsistencies at the transition between synthesized and acquired data at k, lead to artifacts in the
reconstructed image. To reduce these inconsistencies a linear ramp or a cosine tapered window [138]
(also known as asymmetric Hanning window [140]) can be used. However smoothing the transition

was shown to reduce SNR [37].

Iterative reconstruction

Alternatively, inconsistencies at kg, can be reduced by enforcing Hermitian symmetry iteratively. The
method of projections onto convex sets (POCS) [31] alternates between projections onto the set 2, of
images which agree with the estimated phase ¢,¢:(x) and projections onto the set {2, of data which
match the acquired k-space data d(k). Parallel POCS performs the projections simultaneously and

provides better results, when the intersection between both constraints is empty [141].

2 ={s(x): 2I(x) = ¢)est(x)
2y = {s(x): F{s()}(k) = d(k); k € [ko; kmax] (4.8)
Sn+1 = H*Pﬂl(sn) +(1—-p *:P.Qz(sn) ,u€(0,1)

Zero-Filling Reconstruction
Methods based on Hermitian symmetry do not retain phase information and are therefore not suited
for the reconstruction of phase images as in PC-MRI. Moreover, Hermitian symmetry allows to recover

the full k-space only, if PF has been applied along a single k-space dimension, as s(ky, ky, k;) =

[s(—kx, —k,, —kz)]*. If PF is applied to more than one dimension or high resolution phase images are

required, zero-filling (ZF) reconstruction remains the only option [138].

To assess the effect of ZF, the point spread function (PSF) of the sampling pattern can be inspected.

The corresponding PSF becomes a sinc function with phase modulation depending on the PF fraction:

7:—1
H(k) = szmaxpp(k -(1- PF)kmax)

(4.9)
Sin(2mkpax PF * x)

21K maxPF * x

PSF(x) = e2T(1=PP)kmaxX x 2PF x J,

Figure 4.1a compares the magnitude and phase of the PSF for PF = 0.75 and a full k-space acquisition.
It is readily seen that the full-width-at-half maximum (FWHM) of the PSF is increased with PF and a
linear phase is introduced according to the Fourier shift theorem. Accordingly, PF acquisition is
equivalent to symmetric sampling of k-space with a reduced bandwidth except for a linear phase ramp.
As illustrated in Figure 4.1b, this leads to distortions, which are less smooth than the Gibbs ringing

effect observed for symmetric sampling (SYM).
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Figure 4.1: Effect of Partial Fourier (PF) sampling. a) Sampling a rectangular window in k-space corresponds to a convolution
of the image with a sinc-shaped PSF function. By reducing the bandwidth in k-space, PF sampling increases the full-width-at-
half maximum (FWHM) and hence reduces the spatial resolution which can be resolved by the system accordingly. In addition,
the PSF is weighted with a linear phase shift according to the Fourier shift theorem. b) Example of PF sampling of a Heaviside
function. Symmetric sampling of k-space (SYM) leads to Gibbs ringing artifacts. With PF, phase modulation of the PSF leads to

more complex truncation artifacts

Combination with Compressed Sensing
In combination with compressed sensing (CS), PF acquisition can be modelled as a convolution of the

PSF of the CS sampling pattern and the PSF of the PF acquisition as follows:
-1
H(k) = Hes(k) Hyp (k) — PSF (x) = PSF¢s(x) » PSFpp(x). (4.10)
Accordingly, the net effect on the PSF of the sampling pattern can be assessed using design criteria

such as the sidelobe-to-peak ratio [32].

4.3 Methods

Simulated Data
Three-dimensional 4-point phase-contrast data were simulated using Computational Fluid Dynamics
(CFD) yielding data of mean and turbulent velocities of pulsatile flow in a stenotic U-bend phantom

(large eddy simulation (LES) in OpenFOAM [142], pipe diameter of 25 mm, stenosis radius of 12.5 mm,

2
kinematic viscosity 1.3 * 107> mT, max. flow rate 235 ml/s and Womersley number of appr. 3.5).
In order to accurately model the measurement of a continuous object and to model the discretization
error accurately[143], the measurement of a continuous object was approximated by upsampling the

dataset to ten times the original resolution. Thereafter the data was transformed to k-space and

samples were drawn from the k-space center, leading to an acquisition matrix of 174x120. Besides
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noise-free data, realistic SNR was simulated by adding normal distributed complex-valued noise to the

high-resolution object to arrive at SNR values between 20 dB and 60 dB.

In-vivo Data

4D flow data was acquired in a patient with dilation of the ascending aorta and combined aortic
stenosis and regurgitation due to a bicuspid aortic valve on a 3T Philips Ingenia system (Philips
Healthcare, Best, the Netherlands) using a navigated Cartesian 4-point referenced [45] phase-contrast
gradient-echo sequence with an encoding velocity (venc) of 150 cm/s, a spatial resolution of
2.5x2.5x2.5 mm?,an acquisition matrix of 124x112x33, bandwidth 0.88 kHz/pixel and echo time 2.50

ms. Data were acquired and reconstructed using SENSE [38] with a net acceleration factor of R = 2.

Concomitant field correction was applied to the signal phase according to [144] and eddy currents
were corrected for with a linear model fitted to stationary tissue [145]. Written, informed consent was

obtained before the experiment according to ethics approval and institutional guidelines.

Partial Fourier Reconstruction

PF acquisition of both CFD and in-vivo data was simulated by setting the lower 25% of phase-encodes
in ky-direction to zero, corresponding to a PF factor of 0.75. Simulated PF data were subsequently
reconstructed using HR, POCS and ZF. The phase correction required for HR and POCS was performed
based on the phase estimate derived from the symmetrically sampled central k-space region. The
corresponding reconstruction procedures are outlined in Figure 4.2. A unit step transition was selected
for HR (see Supporting Information Figure 4.52 for details). For parallel POCS, u was set to 0.5 (see
Equation 4.8). PF reconstructions of CFD data were compared to a 75% symmetrically undersampled
k-space (SYM) as well as to the full acquisition matrix (FULL). The in-vivo data were retrospectively
decimated to yield a PF fraction of 0.75, reconstructed with HR and POCS and compared to ZF and
SYM.

Compressed Sensing Reconstruction

The combination of PF and CS was assessed by retrospectively undersampling the numerical dataset
with a Poisson density weighed random undersampling pattern combined with PF = 0.75, yielding a
net reduction factor of R,,,; = 4 and comparing it to standard CS sampling with R,,,; = 4. Data were
reconstructed with spatial Wavelets as sparsifying transform using the Berkeley Advanced
Reconstruction Toolbox (BART) [146]. RMSE of magnitude images and TKE maps and difference images

relative to the fully sampled ground truth (GT) were compared.

Data Analysis

TKE [20] maps were calculated according to
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TKE =5 X100 » With o7 = ﬁln( 0 ) (4.11)

v,i Isk”‘il

2

where o} corresponds to the intravoxel standard deviation of fluctuating velocities along dimension i

[sol . . . . .
and E 2 | is the relative signal magnitude of reference measurement s, and the velocity encoded
Ky,

measurement sy _; encoded with k,,;, and p is the fluid density. In order to reduce partial volume

effects, the in-vivo data were sinc-interpolated to a resolution of 180x180 before calculating TKE maps.

Velocity magnitude (speed) images were calculated as the sum-of-squares of the three velocity

components.

Root mean square error (RMSE) values of velocity magnitude and TKE data are reported for the region-
of-interest comprising the vessel of interest. The respective regions-of-interest for numerical and in-

vivo data are indicated by dashed lines in Figure 4.3a and Figure 4.4a.

No ringing filter was used in reconstruction to avoid additional spatial low-pass filtering.

Homodyne Reconstruction (HR) Projection Onto Convex Sets (POCS)
Unwind Signal Phase Phase Consistency Iterate Data Consistency
58 | B M
: ' ) i - X, = My (x,)+ (- 10)F, (x,)
Presseren Pus ue@©D
Q, = {I(x): 21(x) = () v Q, ={1(x): F(x)=S[nl.—n, <n< N -1
Restore Hermitian Symmetry
e —— e

High-Pass Filter Signal Estimate Result
\_‘ ”

Take Real Component
——

Result

Figure 4.2: lllustration of PF reconstruction methods. Homodyne reconstruction (HR) estimates the signal phase from the
symmetrically sampled low-frequency components, rotates the image values into the real plane and then restores Hermitian
symmetry. POCS reconstructs an image by iteratively projecting the data onto the set of images which agree with the low-

frequency phase estimate and onto the set of images which agree with the acquired k-space data.
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4.4 Results

Figure 4.3 compares simulation results of ZF, HR and POCS reconstruction relative to noise-free ground
truth (GT), the noisy fully sampled dataset (FULL) and the symmetrically reduced dataset (SYM). It is
seen that the RMSE of TKE maps (Figure 4.3a) relative to ground truth is lowest for SYM (1.21%)
followed by ZF (1.98%). POCS and HR result in largest errors (4.01% and 4.02%, respectively). The

findings are consistent across the range of common SNR values (Figure 4.3b).

Spatial profiles in Figure 4.3c demonstrate the resolution loss incurred by PF and SYM acquisition
relative to ground truth. Velocity magnitude images show a higher overall error for ZF than for SYM
and FULL (0.28%, 0.22% and 0.13%, respectively) and difference images show the highest deviation

from the ground truth data near the stenosis.

Figure 4.4 compares results of ZF, HR and POCS reconstruction relative to the fully sampled in-vivo
dataset (FULL) and the symmetrically reduced dataset (SYM) of the in-vivo measurement. The RMSE
of TKE maps (Figure 4.4a) relative to the fully sampled data is lowest for SYM (2.45%) followed by ZF
(2.93%). POCS and HR result in largest errors (4.93% and 4.34%, respectively). Velocity magnitude

images are compared in Figure 4.4b. ZF shows a higher overall RMSE than SYM (2.94% vs. 2.19%).

In Figure 4.5 the PSF resulting from a random undersampling pattern without and with PF acquisition
is compared for identical net undersampling factors. PF acquisition leads to increased sidelobe-to-peak
ratios as shown in Figure 4.5a. In Figure 4.5b magnitude and TKE maps reconstructed with CS and with
CS+PF for Rpet = 4 are compared. It is seen that the error for PF+CS is highest near sharp edges.
Magnitude and TKE maps are reconstructed more accurately for CS than for CS+PF with 1.06% vs.

0.75% for magnitude images and 2.28% vs. 2.69% for TKE maps.

4.5 Discussion

The limitations of PF acquisition in PC-MRI of TKE have been studied using simulated and in-vivo data.
It has been demonstrated that image reconstruction enforcing or approximating Hermitian symmetry
leads to larger errors than the error incurred by a reduced image resolution at a given number of phase
encodes. Moreover, it has been shown that phase images reconstructed with ZF cannot provide higher
resolution than symmetric sampling of the same number of phase-encodes sampled around the k-

space center.
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Figure 4.3: Reconstruction results for different sampling strategies applied to CFD data of stenotic flow. a) TKE maps for an
exemplary slice. The error in terms of magnitude and TKE is generally higher for HR and POCS than for ZF. However, ZF has a
higher RMSE than SYM for magnitude, phase, and TKE images. b) Reconstruction accuracy of magnitude and TKE for different
noise levels. c) An exemplary phase profile shows that edges are depicted less accurate in phase images obtained with ZF than
with SYM and FULL sampling, implying a higher loss of high-frequency components. d) Velocity magnitude images obtained

with ZF show a higher error than SYM or FULL sampling. e) shows the region of interest used for quantitative assessments.

Experiments performed in this study showed, that the performance of methods which enforce

Hermitian symmetry, such as HR and POCS, is inferior relative to ZF reconstruction or SYM sampling.

This is related to the spatial complexity of the image phase in typical PC-MRI applications which cannot
be captured by the phase estimate from low spatial frequencies used to approximate Hermitian
symmetry. The finding confirms previous studies [60], [64] in which methods based on Hermitian

symmetry did not provide better results compared to ZF reconstruction.
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It can be readily seen from Equation 4.9 that the effect of ZF corresponds to a sinc interpolation, where
the neighboring voxels are weighted with a phase shift. Consequently, ZF reduces spatial resolution
corresponding to the inverse of the bandwidth sampled in k-space. Effectively, an image with lower

resolution is obtained, which is modulated in phase due to the shifted sampling window in k-space.
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Figure 4.4: Reconstruction results of in-vivo data acquired in the ascending aorta. a) TKE maps obtained from ZF and SYM
provide a lower RMSE than HR and POCS. b) Velocity magnitudes are depicted less accurately with ZF than SYM. Difference

maps show the highest difference at the center of the jet. e) shows the region of interest used for quantitative assessments.
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Figure 4.5: Wavelet based sparse recovery for CS and CS+PF. a) CS sampling pattern without and with PF acquisition of 75%
and the corresponding point spread functions (PSF). CS shows a lower sidelobe-to-peak ratio than CS+PF. b) Reconstruction
results. PF results in inaccuracies at sharp edges which cannot be corrected for by sparse recovery. CS+PF shows a higher RMSE

than CS for the same acceleration factor.

Experiments showed SYM sampling to be more accurate in terms of RMSE than ZF for TKE maps and
velocity images. SYM sampling leads to ringing artifacts which is a well-understood effect resulting
from imaging of a continuous signal with a limited bandwidth [147]. PF, in contrast, leads to more
complex truncation artifacts, as illustrated in Figure 4.1b. Truncation artifacts can be mitigated by
applying a ringing filter [138] but as this corresponds to spatial low-pass filtering, it also deteriorates
spatial resolution. The truncation artifacts observed for ZF lead to modulation of the image with
relatively low spatial frequency, compared to ringing artifacts observed for SYM. Therefore, stronger

filtering would need to be applied to ZF, thus further reducing the spatial resolution.
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This study only considered PF in one phase encode dimension. However, the use of PF was also
reported combined in both phase encode dimensions [54], [58]. When applying PF along both phase
encode dimensions, restoring Hermitian symmetry only allows to fill missing profiles in one quadrant
of k-space whereas the other two quadrants have to be treated with ZF [138], implying a loss of spatial
resolution. Assuming a successful reconstruction with HR or POCS in one dimension the reconstructed

image would therefore show a directionally dependent resolution.

Partial-echo acquisition is frequently applied to reduce echo time [26], [58], [136], [137]. Even though
PE has not been studied in the present work, the image reconstruction approach is equivalent to PF
acquisitions and therefore comparable impact on image resolution and TKE is expected. However, by
reducing echo time, PE can reduce the effect of intra-voxel phase dispersion in complex and stenotic
flows. Consequently, the use of PE will reduce errors due to intra-voxel dephasing at the cost of spatial
resolution in case of ZF or it will cause image artifacts when using HR or POCS. O’Brien et al. showed
that long echo times can lead to inaccuracies in flow quantification of jet flows[148] and can lead to
underestimation of stroke volume in patients with aortic stenosis[149]. On the other hand, the
accuracy of viscous and turbulent loss quantification is compromised when the spatial resolution is too
low [128]. A conclusive answer on whether to use PE or not must therefore depend on the application

and on the parameters assessed.

The use of CS methods to reconstruct high-resolution images from PF acquisitions has been suggested
[134]. As shown in Figure 4.5, PF leads to an increased sidelobe-to-peak ratio of the PSF, thus
compromising L1-based regularization. In a comparison of CS and CS+PF, standard CS sampling
provided a lower RMSE than CS+PF. The increased sidelobe-to-peak ratio manifested itself at edges,
where CS+PF showed a higher error. When a phase estimate is available, incorporating the Hermitian
symmetry requirement in the CS cost function can improve reconstruction accuracy [129], [132].
Accordingly, an accurate estimate of the signal phase is required. However, given the spatial
complexity of the object phase in PC-MRI applications, low-resolution phase maps as available from

the data are expected to be not sufficient.

In recent years methods other than HR and POCS to restore Hermitian symmetry have been proposed,
often formulating the PF reconstruction as a variational problem where Hermitian symmetry is
implemented using a regularization term [129], [132], [150]. However, the underlying assumption that

the signal phase can be well represented with a low-frequency estimate remains a limitation.

A limitation of this study is that the key findings were established using retrospectively undersampled
CFD data. At the same time, however, the CFD data enabled quantitative evaluations on noise-free
input hence allowing to discriminate systematic from random errors. In addition, the effect of PF was

confirmed in an in-vivo TKE exam of a patient with dilatation of the ascending aorta and a bicuspid
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aortic valve, either known to significantly increase TKE in the setting of aortic stenosis[22] No
prospectively undersampled PF scans were used, as performing multiple TKE scans in a single cardiac
exam would lead to excessively long scan times, implying a high probability of differences between the

scans due to bulk patient motion.

This study focused on PC-MRI of TKE. However, methods which enforce Hermitian symmetry will lead

to artifacts for any application where strong spatial phase variations occur.

In summary, Hermitian symmetry cannot be used as a prior to recover missing samples in PC-MRI of
complex flow. Accordingly, efforts to reduce scan time in PC-MRI should aim to exploit correlations
present in the high-dimensional datasets using iterative image reconstruction approaches(34], [63],

[88], [97], [151] instead of using PF acquisitions.

4.6 Conclusion

Exploiting Hermitian symmetry in Partial Fourier reconstruction of TKE maps from phase-contrast data
does not yield a benefit over zero-filling. In consequence, symmetric sampling is preferred over Partial

Fourier acquisition for a given number of phase-encodes in PC-MRI.
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4.8 Supplementary Information

Influence of the Window Function in Homodyne Reconstruction
In HR, inconsistencies at the transition between synthesized and acquired data at k lead to artifacts
in the reconstructed image. To reduce these inconsistencies, the transition can be smoothened with a

linear ramp or an cosine tapered window [138] (also known as asymmetric Hanning window [140]).

To find out the best setting for the transition region, reconstruction accuracy was assessed in terms of
RMSE for the cosine tapered window and the linear ramp transition with varying width of the transition

region. A unit-step transition was considered by allowing for a transition region width of Opx.

For the noise-free CFD dataset (Figure S4.1a), a linear ramp performs consistently better than the
cosine tapered window. The best result is obtained for a unit step transition with an RMSE of 4.0%. A

local minimum with an RMSE of 4.3% can be observed for the linear ramp at a transition region width
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of 8px. In an exemplary slice, similar artifacts can be observed for a unit step and the linear ramp with

8px width. Both filter profiles can be seen in Figure S4.1c.

For the in-vivo dataset (Figure S4.1b), the linear ramp transition and cosine taper transition provide
similar results. Both rise rapidly with an increasing transition region size. Again the unit-step transition

provides the lowest RMSE.

The best experiment results were obtained for a unit-step transition. Further reducing the spatial
resolution of the low-frequency phase estimate by smoothening the transition region and attenuating
the acquired data by applying a smooth transition further reduces reconstruction accuracy. For noise-
free data, using a small transition region of 8px provides an RMSE which is only 0.3% higher than for a
unit-step transition. In contrast, for the noisy in-vivo scan, smoothening the transition region rapidly
deteriorates the RMSE. This is in agreement with the finding by Noll et al. [37] that smoothening the

transition region incurs a loss in SNR.

Following this experiment, a unit step transition was selected for all HR reconstructions, as it provided

the lowest RMSE.
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Figure S4.1: HR reconstruction results with different transition region windows and exemplary results for a unit step transition
(width = 0) and a window width of 8px are shown for the phantom dataset (a) and the in-vivo dataset(b). c) shows the filter

profiles.
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Chapter 5 Multipoint 5D Flow Imaging - Accelerated Cardiac- and

Respiratory-Motion Resolved Mapping of Mean and Turbulent Velocities

Published in: J. Walheim, H. Dillinger, and S. Kozerke, “Multipoint 5D Flow
Cardiovascular Magnetic Resonance - Accelerated Cardiac- and Respiratory-Motion

Resolved Mapping of Mean and Turbulent Velocities,” J. Cardiovasc. Magn. Reson., 2019.

5.1 Background

A key challenge of encoding mean and turbulent velocities relates to achieving appropriate
measurement sensitivity to both quantities. For the expected ranges of mean and turbulent velocities
in-vivo, multiple velocity encodings per spatial direction are preferably obtained and combined during
image reconstruction [58]. This approach, however, requires additional data and hence data

undersampling is necessary to arrive at clinically acceptable scan times.

Significant scan time reductions in 4D Flow MRI have been achieved using combinations of parallel
imaging and compressed sensing [152], k-t methods [153], [154], radial [155] or spiral [156]
acquisitions. Various modifications to the way data are sampled and reconstructed have been
described, e.g. [34], [50], [88], [90], [97], [157]. In general, however, scans remain too long to be
performed in breathholds. Moreover, data acquisition without respiratory motion compensation leads
to decreased image quality [50]. Accordingly, navigator-based respiratory gating is typically employed
[51]. Unfortunately, respiratory gating makes scan times unpredictable, as gating efficiencies vary
among subjects and often even during a single scan. Clinically, this may lead to conflicts as scan slots

have typically fixed durations.

Instead of using respiratory gating, respiratory-motion resolved imaging [36], [55], [56], [158] has been
proposed to address respiratory-motion related image artifacts. To this end, data are acquired

continuously throughout the respiratory motion cycle and sorted afterwards during the image

45



reconstruction task into discrete motion states based on a respiratory motion signal surrogate [56],
[159]. Accordingly, data correlation not only along the cardiac phase dimension but also along the

respiratory motion dimension can be exploited.

Data correlations lead to low-rank properties of the decoding problem to be solved in image
reconstruction. Various studies have demonstrated that these low-rank characteristics are most
efficiently exploited using local rather than global low-rankedness using patch-based decomposition

of the multi-dimensional data [33], [98].

The objective of the present work was to implement and test respiratory-motion resolved Bayesian
multipoint 5D Flow MRI for mapping both mean and turbulent velocities in the aorta with a fixed scan

time.

5.2 Methods

Data Acquisition and Respiratory Motion Binning

The data acquisition and motion binning process is illustrated in Figure 1. Data are sampled using a
pseudo-radial Cartesian sampling pattern which maps radial spokes onto a Cartesian grid [56], [160].
Using the Golden angle principle [62], [161], spatial incoherence of temporally adjacent frames is
ensured. To reduce eddy current effects and keep the acoustic noise level during the measurement to

a minimum, the tiny Golden angle concept was employed to avoid large jumps in k-space [161].

Data-driven respiratory motion detection [162] was performed as illustrated in Figure 2a) using
repetitive sampling of profiles through the k-space center d(k,,t) = d(kx, ky =0,k, =0, t) as part
of the pseudo-radial Cartesian sampling pattern. Upon inverse Fourier transform of d(k,,t), the
projection X (x,t) of the excited volume resolved along the frequency encode direction x and over
time t was obtained, showing signal modulation depending on respiratory and cardiac motion. Given
TR = 3.3 ms and with one in 21 readouts through the k-space center, a respiratory sampling rate of
ca. 14 Hz was obtained. The signal of each coil channel was treated as a separate signal X; € CNx*Nt; j €

{1,2, ...,nCoils}, with N, being the number of samples in readout dimension and N; the number of
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readouts through the k-space center. Only the magnitude was considered, as the main variation in
signal phase was found to be related to the different velocity encodings which were alternated per
heart beat (beat-interleaved) and which led to phase variations which were too large to be eliminated

by lowpass filtering.

Singular value decomposition was performed and the 2" singular vector of abs(X7 X) was selected, as
it provided the predominant motion for each coil channel (Figure 2b). To isolate respiratory motion, a
lowpass filter was applied to limit the spectrum to frequencies below 0.6 Hz (Figure 2c). Next, coil
channel clustering [160] was performed to determine the predominant dynamics among all channels
which were assumed to be the respiratory motion signal (Figure 2d). Finally, the average over all these

signals was calculated to provide the final respiratory motion signal surrogate (Figure 2e).

a) Golden Angle Acquisition

b) Motion Detection

IFFT(k0)

c) Binning
v A s N b f .
SRRRARANAIE

t i Motion Bins Sames

Figure 5.1: 5D Flow data acquisition. a): Data are sampled using a Cartesian pseudo-radial tiny Golden angle sampling pattern
[33]. b): Respiratory motion state detection is derived from profile d(kx, ky =0k, = O), which is repeatedly acquired and
processed using a combination of principal component analysis, lowpass filtering, and coil-clustering [37]. Each spoke is
composed of 21 k-space profiles, one of them always through the k-space center. With T, = 3.3.ms, respiratory motion is
sampled at ca. 14 Hz. c): Acquired data are sorted into four discrete respiratory motion states such that the acceleration factor

for each motion state is similar.
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Figure 5.2: Data driven respiratory motion detection. a) Respiratory motion is extracted from the profiles through the k-space
center d(ky, ky, = 0,k, = 0). The temporal evolution of readouts through the k-space center shows a modulation with
respiratory motion and cardiac motion. b) The 2nd principal component provides the main variation of the signal. c) A lowpass
filter limits the spectral components to the expected frequency range of respiratory motion. d) Coil clustering is used to

combine the signals from different channels and provides a final estimate of respiratory motion.

Motion-Resolved Image Reconstruction

Using the respiratory motion surrogate signal, the acquired data were distributed across discrete
motion bins. A total of four motion bins was defined and the width of each motion bin was set to
achieve a similar undersampling factor for each respiratory motion state and cardiac phase by setting
the bin boundaries to the 0.25-, 0.5- and 0.75-quantile of the respiratory motion signal. For some
combinations of respiratory motion state, heart phase and velocity encoding, this approach led to very
low sampling rates. Therefore, a data sharing approach [163], [164] was used to fill up frames with

acceleration factors higher than 20 with data from neighboring respiratory motion states.

Accordingly, the final data vector reads d € CNxNcNnpNiyNrs | with N, being the number of samples in
the spatial frequency domain, N denoting the number of coils, Ny, heart phases, Ny velocity
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encodings and N,.; respiratory motion states. A locally low rank (LLR) [33], [98] approach was used to
exploit correlations among heart phases (hp) and respiratory motion states (rs). Image-domain data
for each velocity encoding sy, € CNxNmpNrs \yere reconstructed separately as:

Np
8, = argmin||QFCsy, — dy I3 + AZH” Ry (s, (5.1)

lk];

with the undersampling operator (2, Fourier transform F, coil sensitivity mapping C, k-space data d,,
and regularization weight A. As illustrated in Figure 3a), the operator R} selects the b-th out of N},
blocks of size n,xXn,Xnz in the image from all Ny, heart phases and N, respiratory motion states
and transforms them into a Casorati matrix with dimensions n,n,n,XNp,N,s. By penalizing the

nuclear norm of this local Casorati matrix, low-rankedness is enforced locally.

For comparison, respiratory-motion resolved data were also reconstructed by penalizing total variation

along the respiratory motion states and heart phases (TV) [36]:

8, = argmin||2FCsy, — diy |13 + AppTVip(Sk,) + ArsTVrs(Sk,) (5.2)

"ky

where Ay, and 4,5 denote the regularization weights along cardiac phases and respiratory motion

states, respectively.

Multipoint Velocity Encoding and Decoding

Assuming a Gaussian distribution of intra-voxel velocities, the following signal model of mean velocity

v and fluctuating component with standard deviation & [20] was used:

-0%k3

s(k,) = spe” 2 “e

—ik,v (5.3)

where k,, is related to the first gradient moment of a bipolar velocity encoding gradient by k,, =
nyT tG(t)dt, with T being the time of application of gradient waveform G(t) and determines the
encoding velocity as Vep =

s
ky
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Figure 5.3: Image reconstruction using locally low rank approach followed by Bayesian multipoint unfolding. a) A locally low
rank approach is employed for each velocity encoding separately. The locally low-rank model divides the image into 3-
dimensional patches. Each patch is reordered into local Casorati matrices for which a low rank is enforced by penalizing the
nuclear norm. Compared to a global Casorati matrix, the values of the singular values decrease more rapidly. Following
reconstruction of the individual velocity encodings, for each Cartesian direction, the different velocity encodings k, are
combined using a Bayesian multipoint approach. A Bayesian probability model [4] provides posterior probabilities for mean
velocity v and intra-voxel standard deviation o given the measured signal S. v and o are chosen such that the posterior

probability is maximized, providing maps of turbulent kinetic energy (TKE) and mean velocities.
The signal model implies a trade-off between a sufficiently high encoding velocity v,,,. to avoid phase
wraps [52], and a sufficiently high encoding efficiency of the fluctuating velocity components [165]

such that v,,.~0a. It has been demonstrated that this trade-off may lead to insufficient sensitivity to
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fluctuating velocity components and hence a multipoint encoding scheme using two instead of one k,,
encoding point per axis was implemented [58]. Using the probability map P(v,o|D,S), pixel-wise
estimates of mean velocity ¥ and intra-voxel standard deviation o given the model S and the measured
image data D were obtained [58]. Data acquired with different k,'s were combined by choosing the

values for ¥ and & maximizing the posterior probability of the measured data:

v,6 = argmax P(v,0]|D, S). (5.4)
v,0
An illustration of multipoint acquisition and Bayesian decoding is provided in Figure 3b).

In-vivo Study

All in-vivo work was performed upon written informed consent of the subjects and according to local
ethics regulations. Data of the ascending aorta of nine volunteers (age 30+11, 6 male, 3 female) were
acquired on a 3T Philips Ingenia system (Philips Healthcare, Best, the Netherlands) using the proposed
5D Flow MRI and a standard, navigator-gated 4D Flow MRI approach [52] with a spatial resolution of
2.5x2.5x2.5mm°, Tg = 3.3 ms, T = 4.9 ms, flip angle = 8 and 25 cardiac phases. The different
velocity encodings were alternated per heart beat. The image acquisition matrix was Nyeqdour =
100 £ 9, Nppase = 101 £ 8 and Ny = 20 £ 1 (mean £ std). Using the proposed method, velocities
were encoded with v,,. = 50 cm/s and 150 cm/s per axis and an additional v,,. = 0cm/s
measurement. Scan time was fixed to 4 minutes. After sorting the data into 4 respiratory motion states,
acceleration factors were 19.0 + 0.21 (mean + std). On average the view-sharing approach led to 61%

of the total number of acquired samples being shared among motion bins in the study cohort.

Standard 4D Flow MRI was recorded with a single venc (v, = 150 cm/s) per axis (4D Flow Ref). Two-
fold acceleration using parallel imaging [38] and standard pencil-beam navigator gating on the
diaphragm (5mm gating window) was employed with the 4D Flow reference protocol. Accordingly, the
effective scan time depended on the breathing pattern of the subjects. All measurements were

performed with retrospective cardiac gating and a 28-channel receiver coil.
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Prior to image reconstruction, the 28-channel data were compressed to 8 virtual channels [166]. The
LLR reconstruction (Equation 5.1) was solved using an implementation of the fast iterative shrinkage-
thresholding algorithm (FISTA) [77] provided with the Berkeley advanced reconstruction toolbox
(BART) [167]. A patch size of n, = n,, = n, = 8 was used for the locally low-rank constraint. The TV
reconstruction (Equation 5.2) was performed with an adapted version of the code provided with [36].
The standard 4D Flow reference data were reconstructed with MRecon (GyroTools LLC, Zurich,

Switzerland). Sensitivity maps were estimated from a separate scan using the ESPIRIT method [69].

The regularization hyperparameters 4 in Equation 5.1 and 4y, and 4,5 in Equation 5.2 were optimized
for best agreement of velocity components in systole with data of the 4D Flow reference

measurement:

1= arglmin”vrecon(l) - vref” : (5.5)
1

Equation 5.4 was minimized using the bayesopt function in MATLAB R2017b (The MathWorks, Natick,
MA) [168]. Resulting hyperparameters were A = 0.01 for Equation 5.1 and 15, = 0.04 and 4,5 = 0.05

for Equation 5.2. For both optimizations, the number of iterations was set to 80.

Data Analysis

Upon image reconstruction, concomitant gradient terms were corrected [144] and third-order
background phase correction was applied [145], [169]. Segmentation of the aorta was performed using
ITK-SNAP. The same masks were used for 4D Flow reference data and data in expiration obtained with
5D Flow LLR and 5D Flow TV. Maximum intensity projections (MIP) of velocity magnitude and TKE maps

in systole were calculated as:
Imy;p(x,y) = argmax(Im(x, y, 2)). (5.6)

In order to avoid noise at the vessel boundaries the segmentation masks were eroded by one pixel for

MIP projections.
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The normalized root-mean-square error (nRMSE) of the velocity magnitude in the segmented aorta

was calculated according to:

Yro1(V — 77ref)2

nRMSE = ROIT = max (vre?) (5.7)
where |ROI| corresponds to the number of voxels in the segmentation mask.
TKE was calculated voxel-wise as:
TKE = g(a,? + O'; +0d2) (5.8)

where ajz denotes the variance of velocity deviations per direction j and p is the fluid density (here we

assumed 1060 kg/m3 for blood).

Moreover, multi-planar reslicing along the aorta was conducted using VMTK (www.vmtk.org) and peak
flow and peak through-plane velocities (i.e. the maximum velocity component in the corresponding
cross-section of the aorta) were assessed for each plane. Peak through-plane velocities were

determined upon application of a 3x3x3 median filter to reduce contributions from noise.

The effectiveness of respiratory-motion resolved 5D Flow MRI was assessed by comparing it to
reconstructions using only data from the end-expiratory bin (EXP) and to reconstructions using no

respiratory binning (NG).

To assess the performance of navigator gating in the standard 4D Flow MRI protocol, the positions
measured by the navigator on the diaphragm were interpolated and each readout was attributed its
corresponding navigator position. Then, mean and standard deviations of the acceptance window per
heart phase were calculated. Due to the coarse temporal resolution of the navigator signal (one
navigator per heart beat), linear interpolation was chosen in order to provide a lower bound on the

width of the acceptance window for different cardiac phases.
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Statistical Analysis

Bland-Altman analysis [170] of peak flow and peak through-plane velocities was performed to assess

the agreement of velocity fields obtained with 5D Flow LLR and the 4D Flow reference.

a) Navigator Position over Time b) Acceptance Window for
Different Heart Phases
(Average over 9 subjects)
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Figure 5.4: Analysis of navigator-based respiratory gating in standard 4D Flow MRI. a) For an exemplary 4D Flow scan the
diaphragm position measured by the pencil beam navigator over time is shown together with accepted data (red) and rejected
data (yellow). When the navigator signal is within the acceptance window, data of all cardiac phases of are accepted until the
next navigator position is obtained. As a result, the effective acceptance window of the data varies as a function of heart

phase and becomes wider towards diastole as shown in b).

5.3 Results

Scan durations for 4D Flow MRI were 17.843.7 min compared to 4 minutes for the 5D Flow protocol.

Figure 4 provides an analysis of the acceptance window for respiratory gating with one pencil beam
navigator per cardiac cycle as being used in the 4D Flow reference measurements. If the navigator
signal was within the acceptance window, data of all cardiac phases were accepted. This results in a
wider acceptance window for later cardiac phases leading to corresponding uncertainty about the

actual motion states and increasing image artifacts for later cardiac phases.

Reconstructions exploiting respiratory motion states (5D Flow LLR) are compared to using only data in
end-expiration (EXP LLR) and without gating (NG LLR) in Figure 5. Magnitude images and TKE maps

from 5D Flow LLR reconstructions show less artifacts compared to EXP LLR and NG LLR reconstructions.

Magnitude and velocity magnitude images for the end-expiratory motion state obtained with 5D Flow

LLR and 5D Flow TV are compared relative to the 4D Flow reference in Figure 6. It can be seen that
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maximum intensity projections of velocity magnitudes are similar for all methods while TKE maps and
magnitude images provided by 5D Flow TV show more residual aliasing when compared to 5D Flow
LLR. The RMSE of the reconstructed images was lower for 5D Flow LLR compared to 5D Flow TV for
both magnitude and velocity magnitude (8.7% vs. 13.5% for and 7.9% vs 9.8%, respectively). Maps of
TKE for all 9 volunteers obtained with 5D Flow LLR and the 4D Flow reference are compared in Figure

8. In general, TKE maps derived from the 4D Flow reference show a higher noise level compared to 5D

Flow data.
5D Flow EXP LLR NG LLR
LLR (Expiration Only) (No Gating)
g I &
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Figure 5.5: Comparison of 5D Flow LLR reconstructions in expiration relative to reconstructions using end-expiratory data only
(EXP LLR) and without gating (NG LLR). 5D Flow LLR shows reduced aliasing artifacts in the magnitude, velocity and TKE maps.
For both EXP LLR and NG LLR, residual motion artifacts are present in the magnitude images and increased noise is observed

in the TKE maps.
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Figure 5.6: Results in systole comparing 5D Flow LLR with 5D Flow TV and standard 4D Flow. For 5D Flow TV and the 4D Flow
reference residual aliasing is observed in the magnitude images. Moreover, the TKE maps obtained with 5D Flow TV and the
4D Flow reference show more noise compared to 5D Flow LLR. Exemplary slices in the ascending aorta (AA) and descending
aorta (DA) show qualitatively similar results for through-plane velocities in the ascending aorta whereas in the descending

aorta artifacts can be observed in the in-plane velocity components for 5D Flow TV.
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Figure 5.7: Comparison of TKE maps in systole for the 4D Flow reference versus 5D Flow LLR. In the 4D Flow reference data
increased noise compared to 5D Flow LLR is seen. Moreover, TKE maps from 4D Flow show high values in the descending aorta

whereas TKE values are lower in the descending aorta for most cases with 5D Flow LLR.
Exemplary slices in the ascending and descending aorta show through-plane velocity profiles to be in
agreement among the 4D Flow reference and 5D Flow LLR whereas 5D Flow TV shows artifacts in the

descending aorta.

Exemplary magnitude and velocity magnitude images for different respiratory bins reconstructed with
5D LLR are shown in Figure 7 along with an exemplary respiratory curve. Bins in expiration are narrower

as the duration of expiration was longer compared to inspiration. The displacement of the heart and
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aorta is clearly seen in both magnitude and velocity maps. While image quality is acceptable, there is

degradation present from end expiration to end inspiration.

Figure 9 compares velocity fields, peak velocities and peak flow obtained for all 9 volunteers. The
NRMSE between the velocity magnitudes obtained with 5D Flow LLR and the 4D Flow reference was
8.9 + 2.1 %. On average, 5D Flow LLR shows good agreement of peak velocities and peak flow relative

to the 4D Flow reference (peak velocities: 3.1 + 4.4 %, peak flow: —2.4 + 6.9 %).
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Figure 5.8: a) Exemplary magnitude and velocity magnitude images for different respiratory bins reconstructed with 5D LLR.
Image quality reduces from end expiration to end inspiration and artifacts can be observed in the descending aorta in the
magnitude and velocity images reconstructed in end inspiration. b): The respiratory curve shows that the expiratory bins have

a narrower range of motion than inspiratory bins.
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Figure 5.9: Quantitative analysis of results. Scan times, peak through-plane velocities and peak flow for 5D Flow LLR
reconstructions are compared to the 4D Flow reference. Duration of the 5D Flow LLR acquisition is on average ca. 4.5 lower
than for 4D Ref. Bland-Altman analysis shows a mean difference of 3.1% and -2.4% and limits of agreement of +8.6% and

+13.6%.

5.4 Discussion

In this work, a respiratory-motion resolved Bayesian multipoint 5D Flow MRI approach has been
implemented based on pseudo-radial tiny Golden angle Cartesian sampling in conjunction with locally

low-rank image reconstruction to map mean and turbulent velocities in the aorta in a fixed scan time

of 4 minutes.

By exploiting data from all respiratory motion states, the duration of 5D Flow MRI becomes
independent of the individual respiratory motion patterns of the subjects. In comparison to standard
4D Flow MRI protocols [52], 5D Flow MRI is about 4.5 times shorter on average. Whereas pencil-beam
based navigator gating in standard 4D Flow MRI cannot ensure motion-free data across the entire
cardiac cycle, as demonstrated in Figure 4, repetitive data-driven respiratory motion detection and

continuous data acquisition of 5D Flow MRI provide motion estimates throughout the cardiac cycle.
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It has been demonstrated that the LLR model allows to improve reconstruction accuracy relative to
using data from end expiration only, as shown in Figure 5. Of note, low-rank models have been used
to exploit correlations in dynamic MRI [35], [71], [73] and have already been proposed for
reconstructing respiratory-motion resolved data. However, existing approaches confine the
reconstruction to a subspace defined by basis functions along the respiratory motion dimension either
by combining cardiac and respiratory motion in a Casorati matrix [55] or by means of low-rank tensor
factorization [100], [101]. These approaches either require the acquisition of a separate scan to
estimate a subspace or a subspace has to be estimated from undersampled k-space data, e.g. via low-
rank tensor factorization [100]. The first option increases scan time and can lead to problems when
there is a mismatch between both scans (e.g. bulk motion) while the second option adds complexity
to the reconstruction as another hyperparameter needs to be optimized for subspace estimation prior
to reconstruction of the actual image. In comparison, the LLR model proposed in the present work can
be applied straight-forwardly by penalizing the nuclear norm of the data rearranged in a Casorati

matrix.

When comparing the 5D Flow LLR reconstruction with the 5D Flow TV approach, both methods showed
good agreement of velocity data relative to the 4D Flow reference. However, TKE maps and magnitude
images exhibit less noise when using the 5D Flow LLR approach. The inferior performance of the TV
approach is associated with the piecewise constant solutions favored by TV which in turn leads to
smoothing of peak values. To reduce underestimation of peak velocities, hyperparameters may be
determined for best agreement with reference velocities. However, this led to non-optimal results for

magnitude images which therefore still showed a high degree of aliasing noise.

In-vivo, good agreement of peak velocities and peak flow values of 5D Flow LLR with data derived from
standard 4D Flow MRI was found. A small bias towards higher velocities was observed for 5D Flow LLR
compared to the 4D Flow reference. This can be related to previous findings that respiratory motion
leads to blurring of the image [51], [171] which corresponds to spatial low-pass filtering and is
therefore likely to reduce peak velocities.
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A multipoint encoding scheme [58] was incorporated into the 5D Flow approach. Thereby the velocity
vector field was encoded with different sensitivities to mean and fluctuating velocities to provide an
accurate assessment of mean and turbulent velocities over a large dynamic range. The 7-point 5D flow
LLR implementation yielded TKE maps as they can be expected for healthy, young volunteers, with
moderate values of up to 300 J/m? and turbulence mainly occurring in the region of the flow jet in the
proximal aorta. In comparison, TKE maps derived from the 4D Flow reference with 4-point encoding
appeared noisy, due to only using a single encoding velocity of 150 cm/s. Moreover, the 4D Flow
reference showed TKE values in the descending aorta which were as high as in the ascending aorta.
This is considered unrealistic as transient/turbulent flow typically occurs in the region downstream of

the aortic valve and not in the descending aorta in healthy, young volunteers.

The acquisition time for 7-point encoded 5D Flow was fixed to 4 minutes. For 10-point encoding, as it
has been used when assessing stenotic valves [22], this would correspond to an acquisition time of ca.

6 minutes for 5D Flow, compared to 17.2 + 4.7 min for accelerated 10-point 4D Flow acquisitions [22].

Image quality of data in inspiration as shown in Figure 7 was lower compared to data reconstructed in
the end-expiratory motion state with 5D Flow LLR. This can be explained with inspiration taking a
smaller fraction of the duration of the respiratory cycle than expiration. Moreover, the respiratory
motion curve does not reach the maximum value in inspiration for every respiratory cycle, whereas it
reaches an end-expiratory plateau in most cases. As respiratory motion states were defined to obtain
similar acceleration factors in each motion state, this led to a wider range of motion in inspiratory

states than in expiratory states.

The present work assessed mean and fluctuating velocity vector fields in healthy volunteers only.
When applying the proposed 5D Flow method in patients with aortic stenosis, an extension to 10-point
encoding [22] needs to be implemented for sufficient dynamic range. Adding 3 more points would lead

to an increase in scan time by ca. 42% and can thus still easily be integrated into clinical workflows.

While the present study was focused on turbulence encoding, the proposed technique can be readily

applied for the acquisition of standard 4D flow MRI data in the aorta and in the heart. For different
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applications the scan time will change as a function of the size of the acquisition matrix, but respiratory
motion is still expected to be accurately modelled as a low-rank problem. Therefore, fixing scan time
independently of respiratory motion should still be feasible. Moreover, the suggested multipoint
encoding approach provides improved accuracy for lower velocities, similar to other multi-VENC
approaches [172], [173]. In addition, the protocol can be used to measure flow in different respiratory
motion states to assess respiration dependent flow-patterns, e.g. the Fontan circulation [174], [175].
To obtain better results in inspiration, one might define bins with equal range of motion, thus leading
to varying acceleration factors for different bins. In order to still obtain sufficient sampling rates in each

motion state, one would therefore need to increase scan time beyond the current 4 min limit.

A limitation of the present study is the lack of a ground truth data. The 4D Flow reference data were
acquired in a separate scan and consistency of flow conditions cannot be expected over the entire scan
session. In addition, the 4D Flow reference data showed considerable respiratory-motion related
artifacts in later cardiac phases since the pencil-beam navigator was played out right after R-wave
detection and only once per cardiac cycle (acceptance rates varied between 42% and 72%).
Accordingly, the quantitative comparisons with the 4D Flow data were limited to systole in order to

avoid respiratory-motion corrupted cardiac phases as much as possible.

Finally, a drawback of both 5D Flow LLR and 5D Flow TV are considerably longer reconstruction times
when compared to standard 4D Flow MRI (ca. 35 minutes for 5D LLR and ca. 60 min for 5D TV vs. ca. 3
min for conventional 4D Flow MRI on a workstation with two 14 Core Intel Xeon E5-2680 CPUs and
256 GB RAM). In the future, this relative disadvantage may be addressed by employing variational

neural network based reconstructions and their deployment on dedicated hardware [110], [176].

5.5 Conclusion

Respiratory motion resolved multipoint 5D Flow MRI allows for breathing-pattern independent

mapping of mean and turbulent velocities in 4 minutes. The reduction in scan time allows for
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integration of the sequence into standard clinical workflows. Further in-vivo studies are now

warranted to assess the performance of the method in relevant patient populations.
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Chapter 6 Comprehensive Turbulence Assessment with 5D flow Tensor MRI

Submitted as: J. Walheim, H. Dillinger, A. Gotschy, and S. Kozerke, “5D Flow Tensor MRI

to Efficiently Map Reynolds Stresses of Aortic Blood Flow In-Vivo,” Sci Rep, under review

6.1 Introduction

Beyond quantifying TKE, all components of the Reynolds stress tensor (RST) may be obtained using
appropriate changes of the MRI pulse sequence design [25], a concept that has been validated using
simulation and simplified in-vitro experiments recently [19], [26]. Such an approach may offer
improved mapping of pressure gradients across heart valves and stenotic vessel sections [19], [26],

[29].

A key practical challenge to quantifying the RST in-vivo relates to the extended scan times required in
order to encode velocity fluctuations along the minimum number of six non-collinear axes. In addition,
the dynamic range of velocity fluctuations encountered in-vivo demands at least two measurements

along each non-collinear axis [58], leading to scan times well beyond clinically acceptable limits.

The objective of the present work was to develop an approach to efficiently map the RST and hence
turbulent shear stresses in-vivo within clinically acceptable scan times. Our approach is based upon
recent advances in compressed sensing and sparse recovery of respiratory-motion resolved 4D Flow
MRI data, which we have presented previously [177]. Here we propose a framework to efficiently
guantify velocities and the RST using a highly undersampled acquisition scheme with locally low-rank
image reconstruction [33], [98] and multipoint encoding per axis including Bayesian estimation of
average velocity per voxel as well as intravoxel velocity standard deviations [58]. We term this

approach 5D Flow Tensor MRI.

Using a total of 19 velocity encodings, 5D Flow Tensor MRI requires 10 min of scan time and hence
enables data acquisition in a clinical setting. To demonstrate accuracy and precision of 5D Flow Tensor
MRI, results of computer simulations based on previously collected in-vivo data and in-vitro particle
tracking velocimetry of valvular flow are shown. In-vivo proof of concept of 5D Flow Tensor MRI is
demonstrated on patients with a bio-prosthetic heart valve revealing elevated turbulent shear stresses

and turbulent kinetic energy compared to healthy controls.
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Figure 6.1: lllustration of in-vivo 5D Flow Tensor MRI: a) K-space data are continuously acquired on a Cartesian golden angle

trajectory during free breathing of the subject. b) Velocities are encoded along six non-collinear directions with different
velocity encodings VENC for improved accuracy of ISVD quantification over the desired range. c) Each readout is assigned to
a discrete respiratory motion state and cardiac phase, leading to undersampling patterns as required by compressed sensing
reconstructions. d) Images for each velocity encoding are reconstructed separately by exploiting correlations over cardiac and
respiratory dimensions using a locally low-rank reconstruction. e) For each direction, the measurements with different VENCs
are combined using a Bayesian approach which selects the most likely values U and o given the signal model Sy, and the

measured data d,,.
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6.2 Results

MRI Data Acquisition and Reconstruction

Figure 6.1 illustrates the 5D Flow Tensor MRI concept including data acquisition, multipoint encoding,
data reconstruction and Bayesian processing. Data are sparsely sampled using a Cartesian golden angle
trajectory and retrospectively sorted into discrete respiratory motion states and cardiac phases [177].
Each velocity encoding is reconstructed separately using a locally low-rank reconstruction approach.
Velocities are encoded in six non-collinear directions using three velocity encodings per axis to cover

the range of turbulence intensity and mean velocities for patients and healthy controls.

Distributions of and Sensitivity to Intravoxel Standard Deviations

To make an appropriate choice of the number and strength of velocity encodings per spatial axis, the
distribution of velocity intravoxel standard deviations (IVSD) [20] was compared based on
retrospective 4D Flow MRI data of patients with moderate and severe aortic valve stenosis (N=28) and
healthy controls (N=9) collected as part of a previous study [22]. As shown in Figure 6.2a, ISVD reaches
up to 0.8 m/s in patients, while peak ISVD values of 0.3 m/s are measured in healthy controls. Since
the MR signal magnitude is non-linearly related to ISVD, velocity encodings per axis need to be
distributed in a non-equidistant manner. As illustrated in Figure 6.2c, a velocity encoding (VENC) of 0.5
m/s shows high sensitivity to IVSD in the healthy controls whereas a VENC of 1.50 m/s is optimal to
probe IVSD in the aortic stenosis patients. Figure 6.2d illustrates the resulting uncertainty in IVSD
quantification with noisy data. Using Monte-Carlo simulations, for each value of IVSD &, 10° samples
with additive white Gaussian noise were generated and mean and standard deviation of the IVSD
estimates g5 were determined. In case ¢ is too high or too low, g, decreases in accuracy. Moreover,
values of o for which the signal magnitude vanishes cannot be discerned and lead to a plateau in the
plot. As can be seen, an encoding velocity of 0.5 m/s, which would cover the range of IVSD in healthy
aortae, cannot discern elevated values in patients. To ensure an accurate estimate of IVSD over the
entire observed range, a distributed encoding scheme with 0.5 m/s, 1.5 m/s and 4.5 m/s is proposed.
The first two values cover the range of turbulence, whereas the latter value prevents aliasing in the

mean velocity field.
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Figure 6.2: Exemplary distributions of IVSD in healthy and pathological aortae and illustration of IVSD encoding accuracy. a)
For healthy volunteers, IVSD is distributed mainly between 0 m/s and 0.3 m/s. For patients, a wider distribution can be
observed with values of IVSD up to 0.8 m/s. b) Examples of the region of interest for healthy controls and patients with
aortic stenosis. c) IVSD leads to a reduction in signal magnitude which depends on the encoding velocity VENC. The signal
shows a high sensitivity to changes in IVSD within a limited range. For low values, the magnitude changes little, whereas for
high values the signal vanishes completely. d) Uncertainty of IVSD considering noisy data with an SNR of 30 dB. If ISVD is too
high or too low, the IVSD estimates decrease in accuracy. Moreover, I1VSDs for which the signal magnitude vanishes cannot

be discerned and lead to a plateau in the plot.

Spatial Resolution and Signal-to-Noise Requirements

The effect of different signal-to-noise ratios (SNR) and the impact of image resolution on TKE and
maximum principal turbulent shear stress (MPTSS) quantification was assessed using data previously
acquired with particle tracking velocimetry (PTV) [165] as summarized in Figure 6.3. For low SNR, an
increase in mean values is observed for MPTSS. For TKE, the average mean values remain stable for
low values of SNR (1.7% increase at 20 dB) while an increase in standard deviation is observed for
decreasing SNR (e.g. 6.8% increase at 20 dB). At an SNR of 30 dB, as estimated for the in-vivo scans,

MPTSS is overestimated by 3.6% on average whereas TKE values show no relevant increase in mean
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value (0.2%). Figure 6.3b shows the impact of different image resolutions for an SNR of 30 dB.
Exemplary images show an increase of MPTSS and TKE at the jet core for increased voxel sizes. For
large voxel sizes, the distribution of MPTSS values is skewed towards higher values with a
corresponding increase in mean values and standard deviation. At a resolution of 2.5 mm, as used for
the in vivo exams, MPTSS are overestimated by 15.9% on average. TKE distributions are also skewed

towards higher values for large voxel sizes with an overestimation of 3.1% at 2.5 mm.

Accuracy and precision of TKE and MPTSS quantification were simulated in a Monte-Carlo simulation
with 40 repetitions. Mean and standard deviation over the repetitions are provided in Table 1 for
varying SNR at the highest resolution and Table 2 for different resolutions at an SNR of 30 dB
respectively. Table 1 shows an increase in the random error for decreasing SNR. However, the random
error on mean and standard deviation of the value distribution remains below 1% for all metrics. Table
2 shows the effect of increasing voxel sizes for a fixed SNR of 30 dB. For increasing voxel sizes, a
systematic overestimation can be observed for all metrics. Moreover, mean and standard deviation of

MPTSS and TKE distributions show a higher random error for increased voxel sizes.

At 2.5 mm resolution and an SNR of 30 dB, TKE values show a mean of 511.8 + 1.4 ] /m? and a standard
deviation of 198.9 + 4.6 ] /m3 whereas MPTSS has a mean of 174.9 + 1.6 Pa and a standard deviation

of 110.7 £ 10.0 Pa.

In-Vivo Measurements

Flow in the aorta of two patients with a bio-prosthetic aortic valve (65 yrs, female with a SJIM Trifecta
Aortic Valve TFGT-21A, 21 mm, and 80 years, female with an Edwards SAPIEN 3, 23 mm) and two
healthy controls (26 yrs, female and 58 yrs, female) was acquired using the 5D Flow Tensor MRI
approach on a clinical 1.5T MRI system (Philips Healthcare, Best, The Netherlands) and a 5-channel

receive array.

Figure 6.4a shows exemplary results in a single slice for a patient and a healthy control (patient 65 yrs,
female, and volunteer 26 yrs, female). The highest values of TKE and MPTSS can be seen downstream
of the bio-prosthetic valve in the patient. Figure 6.4b shows value distributions of velocity magnitudes,
TKE, and MPTSS in the ascending aorta during systole. Increased values of TKE and MPTSS in the
patients relative to the controls were found. (For TKE, patients: 199.7+115.4 J/m? and 148.1+157.9
J/m3vs. volunteers: 47.8+32.1 J/m?® and 76.0+32.8 J/m?, and for MPTSS, patients: 161.3+158.3 Pa and
102.1+146.0 Pa vs. volunteers: 44.1+41.3 Pa and 77.2+48.9 Pa). Mean velocities in the patients were
0.5340.34 m/s and 0.38+0.19 m/s compared to 0.66+0.11 m/s and 0.53+0.18 m/s for the healthy

controls.
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Figure 6.3: Impact of SNR and image resolution on quantification of TKE and MPTSS. a) Decreasing SNR leads to an
overestimation of TKE and MPTSS. At an SNR of 30 dB, as estimated for in-vivo experiments, this overestimation is relatively
low. b) Increasing voxel sizes lead to a skewed distribution of TKE and MPTSS. At a resolution of 2.5 mm, as used for in-vivo

experiments, TKE is overestimated by 3.1% and MPTSS is overestimated by 15.9% on average.
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Table 1: Accuracy and precision for a resolution of 0.625 mm and varying SNR obtained in a Monte Carlo type experiment with

40 repetitions. For lower SNRs a bias towards higher values is observed and accuracy deteriorates.

SNR

TKE mean

(Res = 0.625 mm) (mean * std)

TKE std

(mean % std)

MPTSS mean

(mean % std)

MPTSS std

(mean % std)

40 dB 496.2 + 0.0 193.6 + 0.0 151.2+0.0 68.4+0.0
35dB 496.4 + 0.1 193.8+0.1 1524 +0.1 69.2+0.1
30dB 496.9+0.1 1946 +0.1 156.0+0.1 71.6+0.1
25dB 498.6 + 0.2 197.3+0.2 167.0+0.2 79.1+0.2
20dB 504.1+0.4 206.1+0.3 199.8+0.4 101.5+0.5

Table 2: Accuracy and precision for a SNR of 30 dB and varying resolution (voxel size) obtained in a Monte Carlo type
experiment with 40 repetitions. Increasing voxel sizes lead to an overestimation of MPTSS and TKE. No clear trend can be

observed for accuracy.

Resolution TKE mean TKE std MPTSS mean MPTSS std
(SNR =30 dB) (mean £ std) (mean £ std) (mean £ std) (mean % std)
0.625 mm 496.9+0.4 194.7 £ 0.1 156.0 £ 0.7 71.7+0.2
1.25 mm 499.4£0.9 193.5+2.6 161.2+1.2 88.8+6.6
1.875 mm 502.3+1.3 194.1+4.4 165.4+1.5 100.5+9.7
2.5mm 511.8+1.4 198.9+4.6 1749+ 1.6 110.7 £ 10.0
3.75 mm 558.7+2.6 236.1+10.3 2145+2.6 153.2+16.4
5 mm 684.6 £2.2 338.0£3.6 328.9+1.4 245.4+3.7

6.3 Discussion

This study has demonstrated in-vivo turbulent flow assessment using 5D Flow Tensor MRI in clinically
feasible scan times for the first time. A multi-point encoding scheme was employed to probe the mean
and fluctuating velocity components using non-collinear encoding directions, similar to concepts used
in diffusion tensor imaging [24]. The approach permits, besides the assessment of time-resolved mean
velocity vector fields, the quantification of Reynolds stresses and hence turbulent kinetic energy and

turbulent shear stresses in-vivo.
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Figure 6.4: In-vivo assessment of turbulent flow through healthy and a bio-prosthetic heart valves. a) shows exemplary slices

of a healthy and a bio-prosthetic heart valve. The flow field shows uniform distribution of velocity magnitudes throughout

the proximal aorta for the healthy valve whereas a jet with high velocities can be observed for the bio-prosthetic valve.

MPTSS and TKE are elevated downstream of the bio-prosthetic valve. Visual assessment shows highest MPTSS and TKE near

the vessel wall for the healthy valve and elevated values throughout the proximal aorta for the bio-prosthetic valve. b)

shows value distributions for the different metrics, with healthy 1 and bio-prosthetic 1 corresponding to the examples from

a). MPTSS and TKE are elevated for the bio-prosthetic heart valves. Velocities are on average lower for the bio-prosthetic

heart valve but are distributed over a larger value range
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Distributions of IVSD in the aortae of healthy subjects and patients with aortic valve disease were
analyzed to choose velocity encodings (Figure 6.2a,b). As illustrated in Figure 6.2c,d, the choice of
velocity encoding has considerable impact on the accuracy of IVSD quantification. This makes the
choice of an appropriate encoding velocity crucial, when using a single encoding velocity per axis as in
conventional 4D Flow MRI. To probe IVSD with an increased dynamic range, encoding of the RST was
combined with a multipoint scheme[58]. In the present study, encoding velocities of 0.5 m/s, 1.5 m/s
and 4.5 m/s were selected. As indicated in Figure 6.2a, encoding velocities of 0.5 m/s and 1.5 m/s cover
the expected range of IVSD. The additional velocity encoding at 4.5 m/s was used to avoid phase wraps
in the reconstructed mean velocity fields. Of note, the particular choice of encoding velocities was
made with respects to the range of observed IVSD, to prevent aliasing artifacts in the mean velocity
fields, and to make echo times not too long. However, the encoding scheme vyields further potential
for optimization. In particular, the use of advanced phase unwrapping methods [178] might allow to

leave out the highest VENC.

Simulation of the MRI acquisition and encoding process revealed an overestimation of TKE and MPTSS
for large voxel sizes. The overestimation amounted to about 3.1% for TKE and to approximately 15.9%
for MPTSS at the given acquisition resolution of 2.5 mm and at an estimated SNR of 30 dB. The impact
of image resolution can be related to the assumption of Gaussian intra-voxel velocity distributions in
the derivation of turbulence, which is not fulfilled for coarse image resolutions as shown in previous

studies [128].

The impact of SNR on quantification of TKE and MPTSS was found to be relatively low compared to the
impact of resolution. Starting at low SNR values below 25 dB, an overestimation of MPTSS was
observed whereas TKE estimates were robust even at lower SNR values. SNR was estimated at ca. 30

dB in this study. In this range, noise played only a minor role in the assessment of TKE and MPTSS.

As shown in the Monte-Carlo simulation, the error in real-world experimental conditions is mostly due
to a loss in accuracy for reduced image resolutions, whereas the random fluctuations for repeated
experiments is comparatively low. However, increasing image resolution would lead to a decrease in
SNR and noise would start to compromise the assessment of turbulent quantities. Therefore, rather
than increasing acquisition resolution, efforts to mitigate the effect of large voxel sizes by e.g. data

assimilation approaches [179] are considered potential future options.

The feasibility of 5D Flow Tensor MRI to quantify distributions of MPTSS and TKE in patients with a bio-
prosthetic valve relative to healthy controls has successfully been demonstrated. Distributions of TKE
and MPTSS revealed distinct differences, while differences in mean velocity magnitudes were partly
overlapping (Figure 6.4b). In the healthy controls, the highest values of TKE and MPTSS were found

near the vessel walls, which can be attributed to partial volume effects (there were also some
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differences between the two volunteers which can be related to the difference in age [180]). In
contrast, flow downstream of the prosthetic valves showed highest values of MPTSS and TKE in the
proximal aorta, reaching values of up to 500 Pa and 600 J/m?, respectively. MPTSS values were found
to be below the threshold of elevated risk of red blood cell damage which was estimated between ca.
600 Pa [181] and 800 Pa [182]. While mechanical heart valves have been associated with blood cell
damage [183], modern bio-prosthetic valves typically do not lead to complications [184]. An increase
in shear stresses without reaching a critical level was therefore expected. It should, however, be noted
the implantation of bio-prosthetic valves is primarily indicated in the elderly population, while
mechanical heart valves are preferred in younger patients. Accordingly, future work using 5D Flow
Tensor MRI should include patients with mechanical heart valves to assess and compare TKE and

MPTSS levels.

Of note, the fixed scan time of 10 minutes which was set for the in-vivo study was sufficient for all
subjects examined in this study. However, in cases where patient geometry requires a much larger

field of view, an increase in scan time might be required.

A limitation of the present study is that no ground truth data was available to assess the accuracy of
the in-vivo scans. Accordingly, computer simulations were used to provide estimates of accuracy and
precision. However, the simulations were based on PTV measurements with a resolution of 0.625 mm.
Thus, the reference data were already subject to some discretization error and availability of higher
resolution ground truth data might show an even higher overestimation of turbulence. Another
practical drawback relates to the long data reconstruction times (ca. 1.5h to 2h on a workstation with
two 14 Core Intel Xeon E5-2680 CPUs and 256 GB RAM) which implies that data evaluation can only be
performed after the scan session. Currently ongoing work is addressing this inconvenience by using
variational neural networks [110] which have already been shown to perform compressed sensing

reconstruction of standard 4D Flow MRI data in less than a minute [185].

In conclusion, 5D Flow Tensor MRI provides comprehensive quantification of turbulent flow in clinically
feasible scan times. Its ability to assess elevated TKE and MPTSS in-vivo has successfully been
demonstrated. Efficient in-vivo turbulence quantification will contribute also to methods aiming at

guantifying irreversible pressure loss downstream of heart valves and stenotic sections.

6.4 Methods

Measurement of Reynolds Stress Tensor
In general, flow velocity vectors can be decomposed into a time-averaged mean vector v and

fluctuating components v’ [186]:
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v=v+7. (6.1)

In the one-dimensional case, assuming a Gaussian intra-voxel velocity distribution (IVSD) of variance

o2, the MR signal S(k,,) reads [20]:

-d%k

s(ky) = Soe—zv o~ ikv? (6.2)

Y
VENC

where k,, = nyT tG(t)dt = denotes the first gradient moment of bipolar velocity encoding

gradient G applied during time T.

The relationship described in Equation 6.2 is non-linear and requires adjustment of the encoding

2
strength according to the expected range of IVSD. By setting 6;—(1"’) = 0, the optimal encoding strength

o2

for a given IVSD ¢ can be determined as k,, = 1/ or VENC = * 0.

The three-dimensional statistical description of velocity fluctuations v’ includes variances and

covariances as described by the RST (RST):

UyUy  Uxly  UyVy

R=p|vvy vy, v, (6.3)

(A7 A T

with variances v/ v/, covariances v,/ v/ and fluid density p. The magnitude of the complex-valued MR

signal can be written as [25]:

1, T
——k k
Is (k)| = [sgle 20" ' (6.4)

With Ky = [Kpso Koy kpz] -

Analogous to diffusion tensor imaging [24], the RST can be determined by encoding along six non-

collinear directions and solving a system of linear equations. For six measurements along six different

2__2 ;5 ISky=0)]
lkyil® [SUw)]

velocity encodings and oy, ; , the following set of equations is obtained:
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Accordingly, the elements of the RST can be calculated voxel-wise using the pseudoinverse:

Vy Uy
vy vy op 2
%Y -1 v,1
e \=HH) H| : | (6.6)
UxVy o) 2
12924
In this study, matrix H was designed according to:
1 0 0
0 1 0
0 0 1
H = 1/\/5 1/\/5 0 . (6.7)
N2 0 12
0 1/N2 12

To mitigate the effect of non-linear encoding of the ISVD, a multipoint approach [58] was used to probe
the velocity field at different encoding strengths. Figure 6.1b illustrates the velocity encoding which
encodes velocities in three orthogonal directions and their combinations along the diagonals with
different encoding strengths. For each direction the different encoding velocities were combined with

Bayesian multipoint unfolding [58] as illustrated in Figure 6.1e.

Measurement of Mean Velocities

Redundant encoding schemes provide additional information for estimation of mean velocities [47].
Denoting the velocities encoded in n different directions by V = (v, ...,vn)T with corresponding
velocity encodings {k,,_l, ...,k,,_n}, the velocities in the Cartesian coordinate system Vi g =

diag(vy, vy, v;) can be written as:
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VL
V=

e ) VCart = A Vcart (6.8)

A solution to this overdetermined system of linear equations is provided by the pseudo-inverse:

v, 0 O
0 v, 0 |=Vie=ATA) ATV, (6.9)
0 0 v

Value Range of Intravoxel Standard Deviations

Datasets previously obtained in 9 healthy volunteers and 28 patients with aortic valve stenosis [22]
were retrospectively analyzed to determine the range of IVSD occurring in the ascending aorta (Figure
6.2b shows exemplary slices with the corresponding region of interest). The data were acquired and
reconstructed with multipoint acquisition and Bayesian reconstruction [58]. Values of VENC were 4.50,

1.50, and 0.50 m/s for patients and 2.00, 0.67, and 0.40 m/s for the healthy control group.

The ascending aorta was segmented manually. To assess the distribution of the ISVD for the two
groups, the relative probability p(o) of different values of IVSD in the segmented region was calculated
for each subject and the mean and standard deviation of p(o) were determined over the patient

cohort and the healthy control group respectively.

Spatial Resolution and Signal-to-Noise Requirements

MRI acquisitions with varying SNR and image resolution were simulated based on flow through a 64%
stenosis measured with particle tracking velocimetry (PTV). Details on acquisition and processing of
the PTV data can be found in [128], [187]. The dynamic and kinematic viscosity were 5.82 x 102 Pa and
4.85 x 10° m?/s, respectively, and the fluid density 1200 kg/m>. The velocity-to-noise ratio was
determined to be larger than 10°. The PTV data were mapped onto a voxel size of 0.625X0.625X

0.625 mm?3.

Based on the PTV data, the MRI signal was calculated according to Equation 6.4. Encoding velocities
were 0.5, 1.5, and 4.5 m/s. To limit the effect of artifacts in the numerical study a median filter of size

3 was applied to the components of the RST.

To assess acquisition with different voxel sizes, the signal was transformed to k-space and sampled
using a window function with a bandwidth inversely proportional to the desired downsampling rate.
Complex-valued white Gaussian noise of different strength was added to the data. For quantitative

evaluations the ascending aorta was manually segmented using ITK-SNAP [188].

Complex-valued white Gaussian noise of different strength was added to the data to obtain the desired

SNR
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Signal
ena ) (6.10)

SNR = 201 (—
8 SD(Noise)

which was calculated over all velocity encodings.

In-Vivo Measurements

In-vivo assessment of the RST was performed in a patient with a bio-prosthetic aortic valve and a
healthy control on 1.5T MR system (Philips Healthcare, Best, The Netherlands). The study was
approved by the Ethics Committee of the Canton of Zurich, Switzerland, and all subjects provided

written informed consent.

Data were acquired using a cardiac- and respiratory-motion resolved Cartesian tiny golden angle
acquisition scheme [63], [161] including the necessary velocity encodings for RST measurements.
Acquisition and reconstruction of the data is illustrated in Figure 6.1. During image reconstruction,
data were sorted into four discrete respiratory motion bins. View sharing [163], [164] among
respiratory motion states was used to ensure a minimum acceleration factor of 35 for each frame. Scan
parameters were: voxel size of 2.5 mm x 2.5 mm x 2.5 mm, 25 cardiac phases, multipoint flow tensor
encoding with VENCs of 0.5 m/s, 1.5 m/s, and 4.5 m/s, TE/TR = 3.9 ms/ 6.0 ms and scan duration of 10
minutes compared to 71 minutes for a fully sampled scan (which could increase by a factor of ca. 2

when using respiratory navigator gating).

Prior to reconstruction, noise pre-whitening was performed based on noise statistics from a separate
scan acquired without radio-frequency excitation. Data for each velocity encoding strength and
direction were reconstructed separately with BART [167], enforcing a locally low-rank model [33], [98]
along cardiac phases and respiratory motion states [177]. The signal estimate §k,, is thus obtained by

iterative minimization of the cost term

St = argminllOFC(se) = digll3 + 2 ) 1Ry (i)l (6.11)
b

Skv

with the undersampling operator 2, Fourier transform F, coil sensitivity mapping C and k-space data
dy,. The operator R}, selects the b-th out of Nj, blocks of size of size nyXn,xn, = 22X22X22 in the
image from all Nj,;, heart phases and N,.; respiratory motion states and transforms them into a Casorati
matrix with dimensions n,n,n,XNp,N,;. The reconstruction favors solutions for which this local
Casorati matrix is low-ranked by penalizing its nuclear norm. The regularization weight 4 was set to
A = 0.005. Both, block size and regularization weight were tuned for best agreement of magnitude

images of the healthy control with a fully sampled reference measurement.
77



Following image reconstruction, only data in the expiratory motion state were considered for further
processing. SNR in the measured data was determined using the pseudo-replica method[189] with 40
repetitions averaged over the ascending aorta and over the velocity encodings. Of note, approximate
linearity is assumed with locally low-rank reconstructions. Accordingly, using Gaussian distribution of

noise, the pseudo-replica method was considered the best approximation for SNR assessment.

Data Analysis

Turbulent Kinetic Energy (TKE) in [J/m?] was calculated from the main diagonal of the RST as:

p U ’ U r r r
TKE = > (vxvx +v,v, + vzvz). (6.12)

Principal stress analysis was performed and the maximum principal turbulent shear stress (MPTSS) was

calculated from the eigenvalues §; > &, > &5 of the RST as:

Tmax = 0.5(8; — 85) (6.13)

assuming a density of blood of p = 1060 kg/m3.

For quantitative evaluations of in-vivo data the ascending aorta was manually segmented using ITK-

SNAP[188] and for the simulated data, the flow jet in was masked.

Statistical analysis
Value-distributions of TKE, MPTSS, and velocity magnitude were investigated using a Gaussian kernel
density estimate[190], [191]. Moreover, mean and standard deviations of the distributions were

assessed.

Accuracy and precision of TKE and MPTSS quantification were assessed in a Monte-Carlo simulation
with 40 repetitions and mean and standard deviation over the experiment repetitions were

determined.
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Chapter 7 A Deep Variational Network for Rapid 4D Flow MRI Reconstruction

Submitted as: V. Vishnevskiy, J. Walheim, and S. Kozerke, “Deep Variational Network for

Rapid 4D Flow MRI Reconstruction,” Nature Machine Intelligence, 2019.

7.1 Introduction

Many efforts have been dedicated to accelerate flow acquisition by exploiting redundancies in the
data. Partial Fourier imaging [30] has been used for moderate acceleration [130], but the underlying
assumption of a slowly varying phase has been shown to be incorrect for 4D flow MRI [192]. Parallel
imaging (P1) [38], which exploits the spatially varying sensitivity of receiver elements in the coil array
has become a standard for accelerated imaging, but undersampling rates are limited by SNR
amplification [70]. The advent of compressed sensing (CS) [32] has enabled very high acceleration in
4D flow MRI by acquiring only a subset of k-space data and exploiting prior information about data
regularities during reconstruction [34], [97], [177], [180], [193], [194], with typical acceleration rates
ranging from 5 [50] up to 27 [194]. In particular, the locally low rank (LLR) regularized reconstruction
[33] has been a successful technique, which iteratively balances the data fidelity cost and the singular
norm of a patch matrix stacked over cardiac phases (see Methods for details). However, iterative
reconstruction methods used in CS increase reconstruction times considerably, implying that
evaluation of 4D flow MRI data will typically happen when the subject has already been moved out of

the scanner.

In recent years, deep neural networks have gained increasing popularity in MR image reconstruction.
In the training stage, the neural network learns abstract features from a set of scans. After training,
newly acquired data are reconstructed with very little computational effort by inference with the
learned weights. This reduction in reconstruction times can facilitate the use of accelerated imaging
methods in clinical practice. Moreover, reconstruction results can be superior to traditional CS
methods [110], [111]. Some approaches discard concepts of iterative image reconstruction altogether,
e.g. by learning end-to-end mappings from k-space to image space [114]. As a downside, such networks
usually require abundant amounts of high quality training data which is not available for high-
dimensional flow MRI. Model-based neural reconstruction networks can also be designed to replicate
the behaviour of an iterative reconstruction by interlacing nonlinear convolutional filters with an
operation that enforces closeness of the current image estimate to the acquired data [110], [111],
[119], [195] similar to the data fidelity step in an iterative shrinkage-thresholding algorithm [77]. A

recent study [118] showed that neural network architectures which incorporate such an operation
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generalize better to different undersampling rates. In contrast, generic architectures which are solely
based on convolutional layers can even deteriorate when the undersampling rate is reduced, although

one would expect the reconstruction result to improve when more information is available.

In this work, an approach based on the idea of deep variational neural networks [110] is implemented
for rapid 4D flow reconstruction. In this study we refer to the original variational network (VN) from
[110] as HamVN. The network architecture replicates 10 steps of an iterative image reconstruction,
while allowing for learnable spatio-temporal filter kernels, activation functions, and regularization
weights at each iteration. In short, the proposed FlowVN improves HamVN in the following ways: (i)
filtering is conducted on 4D data in an efficient way, (ii) the network is conditioned on the sampling
rate, (iii) exponential weighting of intermediate layers is used as the regularization, (iv) real and
imaginary parts of the signal filtered by shared weights, (v) momentum is considered during gradient
descent unrolling, (vi) the data term allows nonlinear activation. The network is trained for a wide
range of acceleration rates by allowing acceleration dependent weighting of data consistency and
filtering steps. It is demonstrated that based on training performed with retrospectively undersampled
data of healthy subjects, the network can accurately reconstruct pathological flow in a stenotic aorta
in approximately 20 seconds. Moreover, an imaging study with 7 healthy subjects demonstrates good
agreement of reconstructions from prospective undersampling with a reference measurement based

on PI.

As illustrated in Figure 7.1a for each velocity encoding direction, the k-space data is acquired using a
Cartesian golden angle sampling strategy, yielding variable density undersampling patterns in k-space.
The signal from acquisition coils is compressed into 5 virtual coils via clustering [196]. The samples are

then sorted into respiratory bins and data in the end-expiratory bin is used for reconstruction.
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Figure 7.1: Breathing resolved 4D flow data acquisition. a) Data are sampled using a Cartesian pseudo-radial tiny Golden
angle sampling pattern. b) Respiratory motion is binned to end expiration using a combination of principal component
analysis, low-pass filtering, and coil-clustering. c) Acquired data are sorted according to heart phase and velocity encoding. d)

Datasets used during training and evaluation.

7.2 FlowVN

A deep variational network can be seen as a differentiable sequence of an unrolled numerical
optimization scheme. To enable learning, such a sequence is then relaxed by allowing tunable filter
weights and activation functions. As described in Methods, we unroll K = 10 steps of a gradient

descent with momentum governed by a scalar a(k):

u(k+1) «— a(k+1)u(k) + g(k) (71)
g(k+1) L gll) _ 4 (k+1) (7.2)

At each k-th layer s(K) represents the current complex-valued spatiotemporal image estimate, while
u® contains a running average of update steps. The update step g(k) consists of data consistency and
regularization terms (see Methods and Supplementary Algorithm S7.1 for details), that are weighted
according to the sampling rate via tunable activation functions (pgfi) and (pgﬁ), respectively. The data

consistency term modulates the k-space data residual via an activation function and maps it back to
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the image space via a conjugate imaging operator. The regularization term at each layer contains 3D
filters grouped into 4 banks, where each bank performs convolutions in 3 dedicated dimensions,
namely xyz, xyt, xzt and yzt, therefore avoiding costly 4D convolutions. To avoid overfitting, we
assume shared filters and activation functions that operate on real and imaginary components of the
image. Note that both data and regularization terms do not assume correlations between real and

imaginary parts of the signal, as highlighted in Figure 7.2b.

The image estimate s(k)(d, 0) of the final layer can be then seen as a function of the k-space samples
d and network parameters 6. To tune the network parameters 8 we minimize the layer-wise

exponentially weighted [, image reconstruction loss:

K

argmin E e~ tE=1)|s¥)(d; 9) — s*
7] {ds*}~T =1

(7.3)

over the retrospectively undersampled training dataset T, where s* is the ground truth image. Layer
weighting is controlled by parameter T = 0: when 7 = 0 the reconstruction error is penalized equally
across layers, therefore gradients of network parameters have lower variance during stochastic
optimization, yielding faster convergence. On the contrary, when 7 — 40, only the reconstruction
error at the final layer s is minimized, which improves fitting accuracy on the training data. It is
worth mentioning that T controls the trade-off between training reconstruction residual and network
regularity. Similarly to Landweber iterations [110], [197] and deep supervision [198], such implicit
regularization penalizes irregular representations at intermediate layers and favors networks that can
provide a reconstruction as soon as possible. We propose to initialize T with zero and then gradually

increase it according to the training schedule (see Methods).
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Figure 7.2: FlowVN architecture and training. a) Structure of FlowVN and its training strategy on reduced field-of-view. b)
Single unrolled iteration block. c) FlowVN at inference time yields 4D image reconstruction. d) Target training image error and

velocity magnitude error in aorta. e) Data and gradient term weighting functions shown for each of 10 layers. f) Exemplary

slices of 3D xyz filters and their corresponding activation functions at layer 5.

7.3  Results

FlowVN Training

To demonstrate validity of our approach, we notice that the extracted velocity magnitude error in the
aorta decreases simultaneously with the target reconstruction error, as shown in Figure 7.2d, therefore
indicating that the FlowVN does not overfit to the training objective. It can be seen from Figure 7.2e
that the regularization term is suppressed for lower acceleration rates R (higher sampling rate M). A

subset of learned FlowVN parameters @ is shown in Figure 7.2f, illustrating that learned convolutions

perform direction-dependent filtering.
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Retrospective Undersampling

Figure 7.3 illustrates reconstructed image magnitudes (for a single velocity encoding component),
estimated velocity magnitudes and their errors on a healthy volunteer for acceleration factor R = 14.
Compared to CS-LLR and HamVN, the proposed FlowVN provides better reconstruction accuracy in
terms of image magnitude and velocities. Scatter plot and correlation analysis further suggest that the
velocity magnitude image estimated via FlowVN is in better agreement with the ground truth. As
shown in Supplementary Table S7.1 these observations extend to other acceleration factors R €

{6, ...,22} as tested on 7 healthy volunteers.

Figure 7.4 indicates that FlowVN can accurately reconstruct the jet at the inlet section of the aorta for

a patient with a pathological aortic valve.

Image magnitude Velocity magnitude [cm/s]  Image magnitude error [|5] = [v*]| [cm/s] |angErr(o,v*)
Xy xt Xy xt xt Xy xt Xy

e

CS-LLR

RelErr=16.3%

s
| ¥ p—
RelErr=18.2%

HamVN

FlowVN

AngErr=14.8 °

]
4 [ 12 [em/s] o [ 1 16 |deg]

—CS-LLR: y = 0.85z + 8.5, p* = 0.84
—HamVN.: y = 0.84x 4 9 = (.80
—FlowVN: y = 0.93z + 3.9, p* = 0.86

Ground Truth
Estimated |v| [cm/s]

0
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Figure 7.3: Reconstruction results on retrospectively undersampled data. Image magnitudes and estimated 4D velocity
magnitude maps on retrospectively 14x undersampled data from a healthy volunteer. Corresponding slice locations are
illustrated with red dashed lines, indicating cross-section of aorta and systolic peak. Scatter plot of velocity magnitude over
manually segmented aorta (contour shown in magenta) is given together with correlation analysis (y = ax + b).

Method Recon. Time # of Param

CS-LLR 10min24s 2

1
FlowVN ~ 21s 637583

Table 7.1: Model complexities and typical reconstruction time for 4D flow reconstruction. Typical reconstruction time for 4-
point velocity encoded data compressed to 5 virtual coils and reconstructed on a 113x113x25 grid. CS-LLR was executed on a

6-core Intel CPU, FlowVN was implemented in Tensorflow and evaluated on NVIDIA Titan RTX.
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Prospective Undersampling

As shown in Figure 7.5a,b, peak velocities and peak flow estimated using CS-LLR and FlowVN are in
good agreement with PI reconstruction, while HamVN systematically underestimates velocity
magnitudes. Moreover, correlation analysis in Figure 7.5d shows high correlation between CS-LLR and
FlowVN velocity estimates. In contrast, HamVN shows systematic velocity underestimation, compared

to LLR.

The exemplary reconstruction time for typical 4-point velocity encoded images reported in Table 7.1

shows that the proposed FlowVN is 30 times faster than CS-LLR reconstruction.

7.4 Discussion

Practical learning-based image reconstruction can be traced back to dictionary learning methods [106],
[108], where prior information is learned from image patches and then used as a sparsity-inducing
regularizer for iterative reconstruction. Such an approach yields orders of magnitude longer
reconstruction times, compared to modern deep learning approaches [110]. Early deep networks
attempted to learn reconstruction as a regression from k-space [114] or zero-filled reconstructions
[199] directly into the image space. Although tempting, such an approach might be unjustified,
because the k-space and zero-filling artefacts have global dependence on image intensities. The advent
of effective automatic differentiation systems [200], [201] revitalized the idea of unrolling [202] and
relaxing numerical schemes that can solve the original reconstruction problem. Following this
approach, a number of deep neural network architectures were proposed [110], [115], [119], [203]
that disentangle image acquisition and image prior models. Unrolling gradient descent reconstruction
with tunable filters and activation functions yields the HamVN architecture proposed by Hammernik
et al. [110]. One advantage of a VN is that, compared to other deep architectures, it employs a

relatively limited number of free parameters to tune, therefore it is less susceptible to overfitting.

In this work we further develop the VN architecture [110], [176], [204] to accommodate high
performance undersampled 4D flow reconstruction with limited training. Namely, we avoid
exponential model complexity growth by avoiding 4D convolutions and by using separable 3D
convolutions that are shared for real and imaginary parts of the image. Furthermore, in contrast to the

original HamVN [110], we train our FlowVN for a wide range of undersampling rates by allowing the
regularization term to depend on it. As illustrated in Figure 7.2e, regularization scaled by ¢, 4

decreases as more samples are available, while the data term ¢,,; stays constant for most of the layers.
Such conditioning allows network training on a larger variety of artifacts. This is necessary in practice,
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since for a given fixed acquisition time, the precise value of the undersampling rate is not known a
priori and depends on breathing and cardiac motion patterns. We hypothesize that the wide range of
acceleration factors that were used simultaneously to train the FlowVN provided a diverse collection
of aliasing artefacts and enabled robust learning on a remarkably limited training set of 11 subjects.
The exponential weighting of layer-wise reconstruction loss (Equation 7.3) further regularized FlowVN

parameters by penalizing the nonlinear behavior presented in HamVN reconstructions.

The proposed FlowVN is a learning-based approach for undersampled 4D flow MRI reconstruction in
under a minute. For fixed reconstruction accuracy FlowVN enables higher acceleration factors (30%
improvement compared to CS-LLR image nRMSE at R = 12) and does not introduce significant bias to

the peak flow estimates. The proposed reconstruction is 30 times faster than state-of-the art CS-LLR.

It is worth noting that the FlowVN demonstrates high generalization ability, being able to preserve

patient pathologies that were not present in the training data.

87



Gold Standard CS-LLR HamVN FlowVN

oy vx
N

Image Magnitude

Image Magnitude Error

m 180
)
T
=
= 1120
o0 —
= €
I =
z | =
£ 160
2]
%
>
0
m 40
g
&3 :
v 30
T
2 =
= 0
= ASA
= 10
o
10
> RelErm=22.1% RelErm=25.3% RelErr=19.7% ' 0
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retrospectively undersampled patient dataset shown at systolic peak. Manual aorta segmentation and field of view are shown
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Figure 7.5: Quantitative flow evaluation of reconstruction methods on the prospectively undersampled data (12.4 <R <13.8).
a,b) Bland-Altman analysis of peak velocities and peak flow assessed over manually segmented aorta slices as illustrated in

c). d) Correlation analysis of aortic velocity magnitude estimates by learned VN architectures and LLR reconstruction.

7.5 Methods

Compressed Sensing 4D Flow Reconstruction

PC MRI encodes flow velocity v(r,t) € R? at a spatial location  during cardiac phase t(1 < t < N,)
according to the following equation:

(@v(r,v),

(7.4)
VENC

s;(r,t) = so(r,exp| in

where VENC is the velocity corresponding to a phase of +m, y;,i = 0, ...,3 are the encoded velocity

vector components, and the four-point velocity encoding matrix is given as

¢ = (7.5)

(=N )
O RO O
_ o0 O
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Therefore, the flow velocity v can be calculated from the phase difference of reconstructed PC images
S;.

Let s;; € CNv be a discretized image on a NyXNy XN, = N, grid corresponding to a cardiac phase t
and velocity encoding i. Assuming Cartesian sampling on a regular Ny XN, XN3; = N, grid, the Fourier
transform F € C¥s*Nv, and N, coil sensitivity maps W, = diag(c;) € CV»*Mv define the spatial

encoding operator E € CNsNe*Nv:

Es = [(les)T, (FWNCS)T]T € CNsNe, (7.6)

Considering a single velocity-encoded image sequence, let § € CVv*Nt and D € CNsNeXNt e stacked
column-vectors of signals s and zero-filled k-space samples d respectively, while Q € {0,1}VNsNeXNe
defines the undersampling masks. Iterative image reconstruction methods seek for a maximum a

posteriori (MAP) solution defined by the following optimization problem:
. 1 2
§ = argminz IM©® (EP — D||z + R(P), (7.7)
s

where the regularization term R(P) enforces prior assumptions about image regularities. Herein we
consider the local low-rank (LLR) regularization [33] to leverage image correlations among cardiac

phases:

RLLR(P)z/lLLR Z ”TiS”*; (7.8)

iSNpt{:h

where T; € {0,1}7"3XN" is the corresponding pXpXp patch extraction operator, yielding Ny;cp
overlapping patches, and |||, is the nuclear norm. For LLR regularization the optimization problem
from Equation 7.7 is convex and can be efficiently solved using operator splitting techniques such as

the fast iterative shrinkage-thresholding algorithm (FISTA) [77].

FlowVN Training

We employ a K = 10 layer VN and perform 5 * 10* iterations of the ADAM algorithm (learning rate
1073, B; = 0.85, B, = 0.98, batch size of 3) for training, during which we continually adjust T = lopt *
1073 with lopt being the iteration number. On every layer, each 3D filter bank contains Ny = 8 filters
of size n, = 5 voxels. Activation functions ¢{.} are parametrized by Ny,,;s = 71 control knots with

spacing w = 0.17:

o= (1= [ol) oy G- 2l oy 79

with gradients provided by the following formulas:
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S
JoN

{h} = Licheiz1 * (A = h + |hD) + 1;_1<p<; * (R — |R)]), (7.10)

o)
ﬁ{h} = binj+1 — bn- (7.11)

llelly
ldllF’

The acquired zero-filled k-space d with undersampling mask Q was normalized by

To enable the backpropagation to be carried out with limited GPU memory, we employ spatiotemporal
equivariance of the convolution and exploit the fact that k-space is fully sampled in the readout
dimension k, for Cartesian acquisitions. Therefore, to draw a training sample, we perform a random
cropping of width w, and w; in dimensions x and t respectively and simulate Fourier encoding in
dimensions k., k, as illustrated in Figure 7.2a. The network was implemented using the Tensorflow
framework [200]. Fully-sampled and partial Fourier acquisition data from 11 healthy volunteers was

used during training.

In Vivo Data Acquisition
As illustrated in Figure 7.1, we used 11 subject for network training, and 7 healthy subjects and 1
patient for evaluation. All in-vivo work was performed upon written informed consent of the subjects

and according to local ethics regulations.

Training datasets comprised 4D flow data measured in the aorta of 11 healthy subjects, 9 of them fully

sampled and 2 acquired with partial Fourier [31] (factor 0.75%0.75).

For evaluation, data in the ascending aorta of 7 healthy subjects was acquired on a 3T Philips Ingenia

system (Philips Healthcare, Best, the Netherlands) using a Cartesian 4-point referenced phase-contrast

gradient-echo sequence with an encoding velocity venc = 150 C;n, a spatial resolution of
2.5%2.5%2.5 mm3, TE = 3.3 ms, TR = 4.9 ms, 25 cardiac phases and flip angle = 8. Exams for each
of the 7 healthy subjects comprised a standard navigator-gated 2-fold accelerated parallel imaging [38]
exam for reference, and a compressed sensing acquisition with an acceleration factor of 12.4 - 13.8,
using Cartesian pseudo-radial golden angle sampling pattern [62] and data driven-respiratory motion

detection, as in [177]. Only data in expiration were kept for reconstruction as shown in Figure 7.1.

To evaluate reconstruction accuracy on pathological anatomy, 4D flow data was acquired in a single
patient with dilation of the ascending aorta and combined aortic stenosis and regurgitation due to a
bicuspid aortic valve on a 3T Philips Ingenia system (Philips Healthcare, Best, the Netherlands) using a

navigator-gated 2-fold accelerated parallel imaging [38] scan.

A receiver coil with 28 channels was used for acquisition which were reduced to 5 channels using coil

compression [196]. Coil sensitivity maps were estimated with ESPIRIT [69]. Concomitant field
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correction was applied to the signal phase according to Bernstein et al. [144] and eddy currents were

corrected for with a third-order polynomial model fitted to stationary tissue [145], [169].

Evaluation

We compared the proposed FlowVN to the state-of-the-art compressed sensing LLR-regularized
(Equation 7.8) reconstruction [33] and the variational network by Hammernik et al. [110] which we
refer to as HamVN. LLR implementation from the Berkeley advanced reconstruction toolbox (BART)
[167] was used with patch size p = 8 and maximum number of optimization iterations of 120. The
optimal value of regularization parameter A,z = 2.06 * 10~2 was chosen via grid search to minimize
the reconstructed flow field residual |7 — v*||, averaged over the manually segmented aorta on the
retrospectively 12-fold undersampled acquisition. To overcome memory limitations, we adapted
HamVN from [110] in the following ways: (i) 3D filters were grouped into 4 banks as in 1, (ii) activation
functions were parameterized by linear interpolation as in Equation 9 instead of memory demanding
radial basis functions. The number of network layers, filters and control knots were the same as in

FlowVN.

Retrospective Study
For simulated retrospective undersampling experiments, we used 2x Pl data and simulated pseudo-

radial golden angle sampling pattern [62] with acceleration factors of 6 to 22.

For each undersampling rate we evaluated the normalized root mean square error (nRMSE) of image
magnitude, the relative error (RelErr) of velocity magnitudes inside the aorta and the angular error

(AngkErr) of the estimated velocity vectors:

N

N2
nRMSE(a, a*) = ZM (7.12)

7 N x m]ax(a;-‘)z'

a—a*
RelErr(a,a*) = u, (7.13)
lla*]l,
AngErr(u,v) ( {u, v) ) (7.14)
n rr(W,v) =arccos \ ——————— |- .
g TR

Prospective Study
Using manual aorta segmentations we compute flow over cross sections of the aorta by integrating
velocity components projected onto the cross section normal. The peak flow is then defined as the

maximal flow over cardiac phases for a given cross section. Moreover, we calculate the peak through-
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plane velocity defined as maximum velocity projection across cross sections of the aorta over cardiac

phases.

To quantify agreement with the reference 2x Pl reconstruction, we performed Bland-Altman analysis

[170] of peak flow and peak through-plane velocities.
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7.6  Supplementary Materials

Algorithm S7.1: Proposed variational reconstruction network model FlowVN.

Input: B € CN-*M — zero-filled k-space samples, M € {0, 1}"-*Ne — undersampling mask
Parameters: © = {¢\(il)7 ¢1(f§), ((ik),qbgi)n, Dgﬁ),a(k),a(o)}tl)_._’g\rh k=1, K, n=1,...,4

M — i Siengen, M

PO  oOFEHB, s©® . ¢

fork:=0to K —1

data consistency term regularization term

6% o (Moo {Mo (BP® -B)}) +of ) S (D) 62, {DBvec (BO) )

Sk+1)  fEk+DgR L &)
pkt+) . pk) _ gk+1)

Qutput: reconstructed image V(B,M; ©) = p)

Table $7.1: Comparison of reconstruction errors (+ standard deviation) of 7 retrospectively undersampled acquisitions of

healthy subjects for different acceleration factors R. For each row the best performing method is highlighted in bold.

Image Magnitude nRMSE [%)] Velocity Magnitude RelErr [%] Mean Flow AngErr [deg]
LLR HamVN  FlowVN LLR HamVN  FlowVN LLR HamVN  FlowVN
R=6 2.0+£0.2 2.3+£0.3 1.940.4 9.74£3.2 11.94+3.6 9.6+£3.7 7.3+3.2 9.1£3.7 7.4£3.5
R=8 22404 26104 2.1+0.4 11.3+4.0  13.34£3.9 10.8+3.9 8.4+4.0 10.1+4.3 8.5+4.0
R=10 2.5+£0.5 29405 2.4+0.5 13.0+£4.2 149445 12.14+4.3 9.5+4.3 11.0+4.5 9.54+4.3
R=12 3.0+£0.8 3.2+0.6 2.7+0.5 159458 16.7+54 14.0+5.3 10.9+£54 122453 10.7+5.0
R=14 3.3+£0.8 3.5+0.6 2.9+0.5 16.945.0 181445 14.84+4.9 116455 12.8+54 11.34+5.1
R=16 4.0£1.0 3.7+0.7 3.1+0.6 20.546.2  20.545.0 16.5+5.1 13.0+6.0 13.5+5.4 12.245.1
R=18 4.3+1.1 4.0+0.8 3.4+0.7 22.347.6 220455 18.24+6.5 139461 139455 12.84+5.4
R=20 4.6+£1.2 4.2+40.8 3.5£0.7 23.54+6.9 233454 19.5+6.1 144461  14.6+6.0 13.54+5.7
R=22 4.94+1.3 4.440.9 3.74+0.7 24.746.4 244462 20.4+7.3 146464 14.746.1 13.845.9

94



Chapter 8 Summary

Phase-contrast encoding in the presence of turbulent flows has measurable effects on signal phase
and magnitude which can be used to derive mean and fluctuating velocity components. This allows for
non-invasive in vivo assessment of transient and turbulent flows. However, the large amount of data
to be acquired, and hence long scan times, hamper in vivo applications and clinical use. The aim of this
work was to provide turbulence assessment with MRI within a fixed and short duration, and to use

reductions in scan time to enable in vivo assessment of the Reynolds stress tensor (RST).

To this end, we have investigated respiratory motion resolved imaging to make the acquisition more
efficient. Moreover, reconstruction methods based on low-rankedness and deep neural networks have
been proposed and implemented to exploit redundancies in the data and reconstruct images from
subsets of k-space. Improvements in scan efficiency allowed to extend the sequence with additional
velocity encodings resulting in multipoint flow tensor encoding enabling the first successful in vivo

assessments of the RST.

8.1 Discussion

Scan acceleration of 4D Flow MRI based on partial Fourier (PF) acquisition has been critically reviewed.
It has been shown that the underlying assumption, that spatial phase variations are limited to low
spatial frequencies does not hold for 4D Flow MRI. Enforcing this model assumption in the image
reconstruction leads to artifacts. Moreover, no benefit in reconstruction accuracy is achieved relative
to performing the acquisition at a lower resolution. While experiments were limited to 4D Flow MRI
and the analysis of mean velocities and TKE, the relevance of our findings extends to other imaging

applications where the signal shows rapid spatial phase variations, e.g. in cardiac perfusion MRI [205].

A 5D Flow MRI framework for resolving flow over cardiac and respiratory motion states was
implemented. K-space acquisition was performed with a pseudo-radial Cartesian Golden angle
sampling trajectory. Data driven motion detection was used to attribute k-space samples to different
respiratory motion states. In image reconstruction, a locally low rank model was employed to exploit
correlations over respiratory motion states and cardiac phases. Thus, scan time for the in vivo
assessment of TKE was reduced to 4 minutes independent of the subject’s respiratory motion pattern.
Validation against conventional parallel imaging-based acceleration showed consistent results while
scan time was reduced by a factor of approximately 4.5 on average. Beyond flow imaging applications,

respiratory motion resolved imaging is also promising to decouple respiratory motion and scan time
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for other applications provided that suitable respiratory motion detection methods are available in

case the readout direction is not aligned with axes of respiratory motion, e.g. [206], [207].

We have proposed and implemented the concept of 5D Flow Tensor MRI, a method to efficiently
guantify velocities and Reynolds stresses in the aorta. The combination of the 5D Flow MRI sequence
with a 19-point flow tensor encoding scheme has enabled the in vivo assessment of the entire Reynolds
stress tensor. Numerical experiments have demonstrated high precision of the method but an
overestimation of turbulent flow components which can be attributed to limitations in the acquisition
voxel size. However, decreasing the acquisition voxel size would lead to a considerable increase in scan
time. Therefore, this systematic error must be taken into account when using the data as input for
simulations or when performing quantitative assessments. A first in vivo study showed distinct
gualitative differences in turbulent shear stresses and TKE between patients with a bio-prosthetic
heart valve and healthy controls. Further clinical experiments are, however, warranted to further
assess the distributions of turbulent flow components downstream of healthy and diseased aortic

valves in view of clinical translation of the method.

The feasibility of rapid image reconstruction of undersampled 4D Flow MRI acquisitions with
variational neural networks has been demonstrated. Our study showed that training on 11
retrospectively undersampled datasets of healthy subjects was sufficient to accurately reconstruct
pathological flow in the aorta of a patient and to provide accurate results in a prospectively
undersampled imaging study. The finding, that training based on retrospectively undersampled
healthy flow data is sufficient for reconstruction of pathological flow, makes variational neural
networks promising for many other applications in MRI and beyond where little training data are
available. The method can also be extended to the reconstruction of 5D Flow MRI. As our previous
results show [177], the respiratory motion dimension is highly correlated. Thus, learning correlations
also along the respiratory motion dimension promises accurate reconstructions from acquisitions with
even higher undersampling rates. However, as no ground truth data are available, one would need to
rely on simulated data, or consider the results of CS reconstructions as training data, which might put

an upper limit on the achievable reconstruction accuracy.

8.2 Outlook

Besides using the proposed framework for clinical studies, further investigations are warranted to

increase accuracy of the assessment and further reduce scan and reconstruction times.

Direct Reconstruction of Mean and Turbulent Velocity Components
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To provide accurate assessment of the RST, 6-directional velocity encoding was combined with a
multipoint encoding scheme. Following reconstruction, Bayesian multipoint unfolding was applied
separately for each voxel and each encoding direction to determine the most likely mean velocity and
intra-voxel standard deviation and covariances. With this approach, spatiotemporal relationships or
correlations among encoding directions were not considered when combining the multipoint

measurements.

Instead of having separate steps for image reconstruction, multipoint unfolding, and estimation of
mean velocities and the RST, incorporation of all steps into a single image reconstruction algorithm
would be desirable for simplification and to exploit data redundancies throughout the processing
pipeline. To this end, variational neural network approaches may be considered to directly learn
spatiotemporal correlations as well as relationships between different velocity encoded

measurements to provide a direct reconstruction of the desired quantities.
Inaccuracies and Limitations of the Signal Model

Further investigations into inaccuracies of the signal model as assumed in generalized PC-MRI [20] are
considered important. In this work it has been shown, that due to limitations in acquisition resolution,
turbulent velocity fluctuations are overestimated. An additional source of inaccuracy might be a non-
uniform sensitivity to different parts of the turbulence spectrum. As the measurement corresponds to
a convolution of the spectra of the velocity autocorrelation and the velocity encoding gradient
waveforms [208], [209], the assessment has a varying sensitivity over the frequency range of turbulent
velocity fluctuations. This effect still has to be investigated in detail for turbulent flow encoding, but

might require consideration of different kinds of velocity encoding gradient waveforms.

Data assimilation [179] approaches might be an option to mitigate the effect of coarse acquisition
resolution on turbulent velocity components. Moreover, optimal experimental design, incorporating

the full pipeline from acquisition to post-processing, should be aimed for.
High Dimensional Flow Imaging

In this work, flow imaging has been extended to incorporate the respiratory motion dimension and to
include additional velocity encodings for turbulence encoding. With the increasing capabilities to store
and process large datasets, even more signal dimensions shall be encoded into a single scan and
subsequently exploited in data reconstruction and processing. For example, flow imaging has already
been combined with dynamic contrast enhancement [56] and low-resolution real time data were
reconstructed from a multidimensional flow acquisition [207]. Moreover, for imaging of turbulent
flow, combination with a multi-echo gradient-echo sequence [210] appears a promising option, which

would also yield T, -maps and might make acquisition of a reference segment obsolete.
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Clinical Potential of Turbulence Assessment

The ability of robust in vivo assessment of Reynolds stresses enables new methods for the assessment
of cardiac hemodynamics. By providing the full RST, the method can be used to identify elevated
turbulent shear stresses which have been associated with flow-induced damage to red blood cells
[181], [211]. Elevated turbulent shear stresses have also been observed for certain aortic heart valve
prostheses in in-vitro experiments [183]. Thus, in vivo turbulence assessment with MRI may provide

further insights into the occurrence of shear stresses for different prosthetic valves.

For the assessment of cardiac valve insufficiencies, new metrics such as total turbulence production
[26] or TKE [22] can be assessed more easily. The latter was already demonstrated to have value in
patients with aortic stenosis [22]. However, a remaining problem when comparing these metrics in in
vivo studies is posed by the lack of ground truth, as catheterization is not performed in every patient
and assessment by Doppler echocardiography, the primary technique used in clinical practice, tends

to underestimate stenosis severity, as pressure recovery is neglected [212].

The availability of the RST allows for direct calculation of relative pressure fields using the Reynolds
averaged Navier-Stokes equation [19]. In vivo RST measurements can also provide valuable input data

for numerical models of the in vivo heart and patient-specific simulations of the heart.

Ideally, for a longitudinal study, image segmentation should not happen manually anymore in order to
reduce intra- and inter-observer variability and to introduce objective quantitative criteria. Recently,
advances in fully automated segmentation of the aorta have been demonstrated by using the U-Net
architecture [213], a special type of convolutional neural networks [214]. However, adaptation of
machine learning based routines for the segmentation of 4D Flow MRI data is still hampered by the

limited availability of labelled data and the lack of ground truth data.
Public Availability of Code

With the framework developed in this thesis work, rapid in vivo assessment of turbulence can be easily
integrated into clinical exams of patients, allowing for in vivo studies with a larger number of subjects.
To further facilitate clinical adaptation, code for locally low rank reconstruction and Bayesian
multipoint unfolding is provided as a platform independent Docker image which can be run in data
handling platforms such as Agora (GyrotTools LLC, Winterthur, Switzerland). Moreover, evaluation
scripts for Reynolds stresses as well as variational network-based reconstruction have been made

publicly available on GitHub (https://github.com/j-walheim).
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