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Die diffusions-gewichtete Bildgebung (DWI) ist eine wichtige Methode in der medizini-
schen Diagnostik. In Thorax und Abdomen ist sie jedoch anfällig für Bewegungsartefakte,
die durch Atembewegung verursacht werden. Um dies zu lösen, wurde eine neue Technik
zur Bewegungskompensation (MoCo) entwickelt und getestet: MoCo DWI. Die Besonderheit
an MoCo DWI ist, dass es sich um die erste voll-deformierende Bewegungskompensation
bei DWI handelt.

Dies wird trotz des hohen Rauschens bei der DWI möglich, indem zwei Messungen
verwendet werden: (1) eine Gradientenecho-Sequenz (GRE) mit optimaler Konfiguration
für die Bewegungsschätzung und (2) eine DWI in klinisch relevanter Konfiguration. Die
Messungen werden in 10 Bewegungsphasen eingeteilt. Jede der DWI Bewegungsphasen
wird dann mittels der Bewegungsschätzung auf eine Zielphase transformiert.

Die Implementierung wurde an elf Probanden getestet. Die Ergebnisse zeigen, dass MoCo
DWI Bewegungsunschärfe in Bildern von b-Werten reduzieren kann, insbesondere in der
Leber. Bedeutendere Verbesserungen wurden in ADC-Karten erreicht. Hier war es möglich
Artefakte zu reduzieren oder zu entfernen. Dies wurde durch homogenere ADC-Werte in
der Leber bestätigt.

Diese Ergebnisse lassen weniger DWI Messungen mit eingeschränktem diagnostischen
Wert erwarten — und das bei gleichem oder erhöhtem Patientenkomfort.

Diffusion-weighted imaging (DWI) is a common technique in medical diagnostics. One
challenge of thoracic and abdominal DWI is respiratory motion which can result in motion
artifacts. To eliminate these artifacts, a new kind of retrospective, respiratory motion
compensation for DWI was developed and tested. This new technique — MoCo DWI — is
the first in DWI which provides fully-deformable motion compensation.

To enable this, despite the low image quality of DWI, two free-breathing sequences were
used: (1) a gradient echo sequence (GRE) with a configuration for optimal respiratory motion
estimation and (2) a DWI in a configuration of clinical interest. The DWI acquisition was
gated into 10 motion phases. Each motion phase was then co-aligned with the motion
estimation.

The implementationwas testedwith eleven volunteers. The results showed thatMoCoDWI
can reduce motion blurring in single b-value images, especially at the liver-lung interface.
The improvement of ADC-maps was even more prominent. Individual slices showed motion
induced artifacts which could be reduced or even eliminated by MoCo DWI. This was also
reflected by expected more homogeneous ADC values in the liver in all data sets.

These results promise to reduce measurements with limited diagnostic value while keeping
or increasing patient comfort.
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1. Introduction

The foundation for magnetic resonance imaging (MRI) was settled by Bloch (1946) and
Purcell, Torrey, and Pound (1946). Shortly later Damadian (1971) and Lauterbur (1973)
further developed this fundament to an imaging tool applicable to human subjects. Since
then, magnetic resonance imaging became a standard tool in clinical diagnosis with an
increasing number of examinations. In the United States over 110 magnetic resonance
imaging (MRI) exams per 1000 inhabitants were performed in 2017, in Germany the number
of exams exceeds 136 per 1000 inhabitants (2015, source: OECD 2019).

One key benefit of MRI scans is the high soft-tissue contrast which is important for diag-
nosis in the brain, (abdominal) organs but also injuries and diseases which affect ligaments,
the spinal cord or other structures of the skeleton. An additional distinguishing feature of
MRI compared to computed tomography (CT) or positron emission tomography (PET) is the
absence of ionizing radiation. Instead, the signal is generated by using a strong magnetic
field in combination with switching magnetic fields (the gradients) and radio-frequency
electromagnetic pulses.

This technique also offers versatile modes of scanning and thus wide range of different, in
vivo contrasts for medical diagnosis. Among other things it is possible to create contrasts
based on the content of oxygen, phosphorus (Korzowski and Bachert 2018) or sodium (Platt
et al. 2018), chemical exchange between molecules (Wolff and Balaban 1990) or functional
MRI to detect brain activity. Early on the effect of natural diffusion of molecules on MRI was
observed (Hahn 1950) and used to gain a new source of image contrast (Carr and Purcell
1954). This technique utilizes the Brownian motion of molecules in tissue by reducing the
signal from molecules with high motion. The diffusion in tissue depends on its natural
structure. Damages due to diseases or metastases can change this structure and thus lead
to a measurable contrast differences. With DWI not only changes in the speed of diffusion
can be detected but also the direction of diffusion. Diffusion-weighted tensor imaging can
visualize the connections of fibers in the brain. Recent developments even create a contrast
depending on the shape of pores (Demberg et al. 2018; Kuder and F. B. Laun 2015).

Common clinical applications of DWI are neurological imaging — especially stroke detec-
tion (Hankey 2017) — or oncology imaging. DWI in the abdomen falls into the category of
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1. Introduction

oncology imaging where several fields of application are possible. Sensitivity for detection of
lesions in the liver using contrast-enhanced MRI can be improved by DWI, especially if the
lesions are small (Koh et al. 2008; Mannelli et al. 2013). Also, a characterization, e.g. solid and
cystic lesions, can benefit from DWI. Currently 𝑇1-weighted MRI with gadolinium contrast
agent outperforms DWI here. However, administering this contrast agent is not possible for
all patients and for this reason DWI is a reasonable alternative in these cases (Chandarana
and Taouli 2010; Kanematsu et al. 2013; Mannelli et al. 2013). After radiation therapy in the
abdomen DWI can be used as an assessment for treatment response (Chandarana and Taouli
2010). Recent advancements show potential in diagnosis of chronic diffuse liver disease.
Abdominal DWI is also used for tumor characterization in the pancreas and kidneys.

A challenge of DWI is its low signal-to-noise ratio (SNR). To compensate for that prolonging
the acquisition duration is beneficial. Additionally, it is required to repeat the acquisition
with different weighting of the diffusion effect (b-values) to distinguish between signal
changes caused by diffusion and other effects. This leads to typical acquisition duration
of several minutes. However, this introduces a new challenge; during these long in vivo
measurements motion can deteriorate the diagnostic use of the resulting images. The main
source of motion is respiration of the subjects (Chandarana and Taouli 2010). Also mentioned
should be cardiac motion causing arterial pulsations. In the lower abdomen moving of the
intestine is another important source of involuntary motion.

Recently it was shown that respiratory motion is an important contributor for poor
reproducibility in a multi-center DWI study (Pathak et al. 2017). For estimation of apparent
diffusion coefficients (ADCs) it is even identified as the main source of error (Ragheb et al.
2015). To overcome artifacts caused by respiratory motion, several methods are in clinical
use and further ones were suggested. In clinical use are breath-hold scans and prospective
triggering. Under development are retrospective correction methods in which the acquisition
is done in free-breathing. The motion is then handled during the reconstruction of the
images; here especially motion compensation (MoCo) techniques are promising.

From a technical point-of-view breath-hold is potentially the easiest method to accomplish.
However, it comes with the drawback that the measurement duration is severely limited
by the patients’ capability to hold his/her breath. Typically, breath-hold acquisitions are
in the range of 20 s to 30 s (Schmid‐Tannwald et al. 2013). For this reason the field-of-view,
resolution, number of b-values as well as number of averages to reduce SNR are limited in
favor of a short measurement time. Potentially multiple breath-holds are possible but this
approach is unfavorable for routine use. Also asking patients to hold their breath is not
always feasible, especially in pediatric MRI (Gottumukkala et al. 2019; Jaimes and Gee 2016)
or patients with asthma or dementia.
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Alternatively prospective triggering can be used (Kandpal et al. 2009; Nguyen et al. 2014;
Shenoy-Bhangle et al. 2017; Taouli et al. 2009). Here the DWI measurement is only done if a
specific phase of the respiratory cycle is reached, typically the end-exhale phase. In the other
motion phases the DWI measurement is paused, eventually the time is used to detect the next
desired motion phase. Kandpal et al. (2009) reported that triggered DWI has increased SNR
and contrast-to-noise ratio (CNR) compared to breath-hold sequences. However, prospective
triggering prolongs the measurement time by a factor of 2.5 to 3 (Taouli et al. 2009) or even
more (Shenoy-Bhangle et al. 2017). The variation depends on the breathing pattern of the
subjects. This prevents well predictable duration of measurements which are favored for
instance in level-wise scanning for whole-body measurements.

New development uses free-breathing DWI measurements and handle the motion after the
measurement. One option are retrospectively gated DWI measurements (Y. Liu et al. 2017;
van de Lindt et al. 2018). They use that each b-value (if used also direction of the gradient
field) is acquired independent of each other. Then a respiratory surrogate signal is used to
assign each acquired subset (single slices or 3D volumes) into a bin. The advantage over
prospective triggering is the use of the full measurement time which allows for 4D DWI.
While this targets artifacts caused by respiratory motion the SNR is reduced compared to
images without motion handling.

For this reason more advanced techniques use motion compensation to utilize the whole
measured information (Guyader et al. 2015; Mazaheri et al. 2012; Ragheb et al. 2015). They
are typically based on retrospective gating as described above to generate 4D DWI. Then a
registrationmethod is used to estimate themotion between themotion phases. The estimation
is then used to co-align the gated phases of the 4D DWI. Afterwards the co-aligned phases
are recombined to a single volume. Due to this procedure the full measurement is used in the
final image. For this reason the SNR is not reduced which outperforms retrospective gating.

All these MoCo methods depend on image registration which itself requires high quality
input images for a good motion estimation. However, this is not the case for DWI, especially
for high b-values. In consequence Mazaheri et al. (2012) only used rigid registration between
slices in axial orientation. Guyader et al. (2015) and Ragheb et al. (2015) used b-spline image
registration with only three control points in the main motion direction (superior-inferior).

A similar issue exists in positron emission tomography (PET) imaging. Here the resolution
and SNR of single time frames, which could resolve respiratory motion, is relatively low.
Therefore, multiple studies successfully used combined PET/MR imaging to estimate the
motion on MR sequences which are optimized for this purpose and then apply this on PET
imaging (Grimm et al. 2015; Rank, Heußer, Wetscherek, et al. 2016; Würslin et al. 2013). The
motion is estimated solely on a 𝑇1-weighted 3D volume with high temporal resolution and
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1. Introduction

CNR (K. T. Block et al. 2014). In the study presented here, this idea is transferred to DWI for
the first time. Thus, the motion estimation is not impacted by the suboptimal image-contrast
of DWI.

The combination with PET/MR is of even higher interest because DWI measurements are
recommended for PET/MR studies (Ishii et al. 2016). Thus, the motion estimation is part of
the study anyway and hence no additional measurement time is added.

In the presented work a prototype for this kind of motion compensation, MoCo DWI, is
developed, tested with volunteers and evaluated. In the following, a brief introduction to the
extensive physical background which makes this study possible is given (Chapter 2). MoCo
DWI is described in detail in Chapter 3. Thus, this chapter includes all information which is
required to reproduce this study. Additionally, related work is presented there. Chapter 4
shows the results achieved using these methods. Especially the images and ADC-maps, but
also the quantitative measurements. The results are discussed in Chapter 5. Also, several
properties of MoCo DWI are critically examined andMoCo DWI is compared with alternative
methods. The study concludes with a summary (Chapter 6). A reader who is interested in
the highlights only, may refer to Figure 4.14 first.

4



2. Theory

2.1. Overview

Many physical theories and effects are utilized in this work or influence it (Figure 2.1). In
this chapter this prior knowledge is briefly touched. In favour of the following chapters the
descriptions are kept short. For a more in depth discussion further reading is suggested in
the corresponding sections.

2.2. Physical Background of Magnetic Resonance
Imaging

2.2.1. Nuclear Spin

The Stern-Gerlach Experiment proofed two discrete angular momenta of (uncharged) silver
atoms (Gerlach and Stern 1922). This significant observation was the first to show experimen-
tally a quantum mechanical property in an object of full atomic scale. For this achievement
Otto Stern and Walter Gerlach were awarded with the Nobel Prize in Physics 1943.

This observation is now described with the nuclear spin 𝐼, a quantum mechanical property.
In the presence of a magnetic field B the Zeemann effect appears which causes a split into
2𝐼 + 1 energy levels (Figure 2.2). The different levels are distinguished by the magnetic
quantum numbers 𝑚𝐼 = −𝐼, −𝐼 + 1, …, 𝐼. These energy levels are characteristic for the
nucleus and are given by

𝐸mag = −ℏ𝛾𝑚𝐼𝐵 . (2.1)

Here 𝛾 is the gyromagnetic ratio of the nucleus of interest and ℏ the reduced Planck constant.
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Figure 2.1.: MoCo DWI is based on many physical effects and techniques. This mind map
shows important topics.
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2.2. Physical Background of Magnetic Resonance Imaging

|−½⟩

|½⟩

𝐵0 = 0 T 𝐵0 = 1 T

Δ𝐸 = ℏ𝛾𝐵0

Figure 2.2.: Zeemann energy levels for a one-half spin system, as given for protons – the
most important nucleus for MRI. Because 𝛾 > 0 holds for protons, the spin down
(| − 1

2⟩) is the state of higher energy. The energy difference between both states
is ℏ𝛾𝐵0.

Consequently, the energy difference between two neighbouring states is

Δ𝐸 = ℏ𝛾𝐵0 = ℏ𝜔L with (2.2)

𝜔L = 𝛾𝐵0 . (2.3)

The frequency 𝜔L is named Larmor frequency — an essential physical quantity in MRI.
For medical MRI the protons (1𝐻, 𝐼 = ½) in the water molecules are of major interest. Their

gyromagnetic ratio is 𝛾1𝐻/2𝜋 ≈ 42.58MHz/T (CODATA 2018). Current medical scanners are
in the range of 𝐵0 = 1.5 T to 7 T, so the Larmor frequency is in the range of radio frequency
with 𝜔L = 60MHz to 300MHz.

2.2.2. Macroscopic Description

In clinical resonance imaging spin ensembles of many spins are investigated rather than
single spins. For this reason the quantum mechanical description is often not required and a
macroscopic description can be used. Here only packets of spin are considered, which can be
considered as one dipole per volume element (voxel) of the full imaged volume. Thus, they
can be described by their total, macroscopic magnetisation M(𝑡).

This magnetisation is the sum over the dipole moments of the individual spins, in this
classical view (R. W. Brown et al. 2014b)

M = 1
𝑉 ∑

𝑖=protons in 𝑉
μ𝑖 . (2.4)

7



2. Theory

The equation for changes of the macroscopic magnetization M is described by the Bloch
equation (R. W. Brown et al. 2014b);

dM(𝑡)
d𝑡

= M(𝑡) × 𝛾B + 1
𝑇1

(𝑀0 − 𝑀z(𝑡))ez − 1
𝑇2

M⊥(𝑡) . (2.5)

If only the static magnetic field of the MR scanner is present B = B0 = (0, 0, 𝐵0)T is the
static magnetic field (e.g. of the scanner). 𝑀0 denotes the equilibrium magnetization, which
is parallel to B0, and M⊥ = (𝑀x, 𝑀y, 0)T denotes the transveral magnetisation. 𝑇1 is the the
spin-lattice relaxation time and 𝑇2 the spin-spin relaxation time. Both are of high importance
for MRI because they are tissue dependent and can thus be used for various kinds of contrasts.

The solution of the Bloch equation for the three components is (R. W. Brown et al. 2014b)

𝑀x(𝑡) = (𝑀x(0) cos(𝜔L𝑡) + 𝑀y(0) sin(𝜔L𝑡)) e−𝑡/𝑇2 , (2.6)

𝑀y(𝑡) = (𝑀y(0) cos(𝜔L𝑡) + 𝑀x(0) sin(𝜔L𝑡)) e−𝑡/𝑇2 , (2.7)

𝑀z(𝑡) = 𝑀z(0) e−𝑡/𝑇1 +𝑀0(1 − 𝑒−1/𝑇1) . (2.8)

From these equations, several observations can be derived. The previously quantum me-
chanical introduced Larmor frequency 𝜔L appears again, this time as the classical rotation
frequency of the transversal magnetisationM⊥. The relaxation time 𝑇1 defines 𝑀z’s speed of
returning into the steady-state (𝑡 → ∞). However, changes of |M| are not related to 𝑇1. Con-
trary to this, 𝑇2, is accompanied by a reduction of |M| by reducingM⊥ untilM⊥(𝑡 → ∞) = 0
but without changing 𝑀z (R. W. Brown et al. 2014b).

To deflect the magnetization from its steady state, RF pulses with the frequency 𝜔L are be
used. Here the length and amplitude define how much the direction ofM changes, quantified
as flipangle (FA or 𝛼 = ∡(Mbefore,Mafter)).

2.3. Magnetic Resonance Imaging Pulse Sequences

For medical diagnosis it is important to measure a image, or preferable a three dimensional
image; a volume. To achieve this MRI uses well timed manipulations of the magnetisation
with RF excitation and additional, short-lived magnetic fields. For changes of the magnetic
field, gradients G are used. They add a spatial component to the static magnetic field
B(𝑥, 𝑦, 𝑧) = 𝐵0e𝑧 + (0, 0, 𝐺x𝑥 + 𝐺y𝑦 + 𝐺z𝑧)T. The purpose of these gradients is to change the
Larmor frequency ωL = 𝛾B in dependence of location for data acquisition. For this reason,
the data is not directly measured in spatial domain but in frequency domain (k-space).
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2.3. Magnetic Resonance Imaging Pulse Sequences

The k-space is the multi-dimensional space which assigns each wave vector k the corre-
sponding measured data. The measured k-space coordinate is hereby given by the gradient
fields as (cf. R. W. Brown et al. 2014d)

k(𝑡) = 𝛾 ∫
𝑡

0
G(𝑡′) d𝑡′ . (2.9)

Since the measured frequencies are generally affected by an phase, the values of the k-space
are complex (ℂ). In Section 2.5 multiple ways are described how this information is used to
calculate the volume in image space.

A combination of RF pulses, gradients and their timing is refereed to as sequence. As
described before, more advanced sequences can visualize or even measure several physical
properties by advanced combination of (multiple) RF pulses and gradients (e.g. diffusion,
Section 2.4). Two important imaging sequences, the gradient echo sequence (GRE) and
echo-planar imaging (EPI), are used and presented in this work. An extension to the EPI
sequence for imaging of diffusion, the diffusion-weighted echo-planar imaging (dw EPI), is
described in Section 3.1.2.

2.3.1. Gradient Echo Sequence (GRE)

The GRE sequence (also gradient recalled echo sequence) is a flexible magnetic resonance
(MR) sequence which is commonly used in medical imaging. It starts with an RF pulse
which flips the magnetisation into the transversal plane. Then a gradient is turned on which
causes a rapid dephasing and thus a reduction of receivable signal. A second gradient in
opposite direction is used to rephase the signal which is then measured (after one echo time
TE, Figure 2.3).

This procedure is repeated to acquire enough data to fill the k-space. The time required for
one of these repetitions is named TR. TR and TE are important properties of the sequence. In
this work they are selected as short as possible for fast acquisition, leading to a T1-weighted
signal.

An advantage of the GRE sequence is its increased quality of the magnitude image com-
pared to measurements without the echo. Compared to RF pulse induced echos (cf. Sec-
tion 2.3.2) it is faster, which justifies reduced rephasing efficiency (Markl and Leupold 2012).

9
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Figure 2.3.: Gradient echo pulse sequence (GRE) diagram. The magnetisation is flipped into
the transversal plane with a RF pulse. For slice selection a gradient is used
simultaneously. The second gradient is then used to dephase the spins which is
reversed by the following gradient of the same shape but inverse direction (cf.
Markl and Leupold 2012).

2.3.2. Echo-Planar Imaging Sequence (EPI)

The EPI sequence is a very fast imaging sequence (Weishaupt, Köchli, and Marincek 2014).
The acceleration is achieved by reducing the number of required flip-pulses. It uses a single
90° RF pulse to flip the magnetisation into the transversal plane — just like the GRE sequence.
However, for rephasing a 180° RF pulse is used. This rephasing is quickly repeated without
further 90° RF pulses (Figure 2.4).

In contrast to the gradient-induced decay in the GRE sequence, the decay after the RF
pulses is slower (𝑇 ∗

2 decay). However, the RF refocusing is more effective because it also
reverses dephasing caused by local field inhomogeneities. Thus, the envelope which defines
the signal loss, decays with 𝑇2 only which allows huge numbers of repetitions but with
decreasing SNR.

2.3.3. Distortion

The static magnetic field 𝐵0 as well as the field created by the gradient coils (Gr), is not
homogeneous. In addition to general imperfections, these fields drop (𝐵0) or deviate from
their linear slope (Gr) with increasing distance from the scanner’s iso-center. Also regions
with strong susceptibility variations in the measured subject cause field deviations. These
deviations causes non-isometric voxel sizes leading to a distorted image. Especially EPI
sequences are prone to this kind of error (Figure 2.5). Due to the long k-space trajectories
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Figure 2.4.: Schematic signal decay of echo-planar imaging (EPI) sequences (cf. R. W. Brown
et al. 2014a). The upper plot shows the RF pulses which are executed. Lower
plot; The signal (blue) decays with 𝑇 ∗

2 until a 180°-pulse rephases the signal. The
refocusing pulse at TE/2 leads to realigned phases at TE and thus increased signal.
During the whole time the signal decreases with the relaxation time 𝑇2. This
dephasing and refocusing is repeated several times.
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(a) Phase Encoding Direction
Posterior to Anterior (←)

(b) Phase Encoding Direction
Anterior to Posterior (→)

(c) Falsecolor Overlay

Figure 2.5.: EPI sequences have inherently high distortion in phase encoding direction. (a
& b) This example shows a diffusion-weighted EPI (similar as used in this work:
𝑏 = 50 s/mm2, but in breath-hold, 1 average and echo train length of 51ms) with
opposite phase encoding directions (posterior ↔ anterior). The true position
is expected to be between both extrema. (c) The falsecolor overlay visualizes
the difference of both images. Regions with strong changes of Susceptibility, e.g.
at the liver-lung interface, cause increased distortion. In all images the vendor
provided distortion reduction is already applied.

these errors can sum up. For this reason a reduction of the echo-train-length is beneficial to
reduce distortion. This also implies that distortion differs between sequences, and in deed,
this is also observable between the EPI and GRE sequences (Figure 2.6).

To compensate for distortion in general, the field inhomogeneity is estimated. With
this information the images are warped in the opposite direction during post-processing.
However, the estimation of the field inhomogeneity in the required precision is not possible
in tolerable time. For this reason simplifications are used which lead to the issue that the
distortion is not fully compensated but reduced only.

2.4. Diffusion-Weighted Imaging

2.4.1. Diffusion

Diffusion is the physical process of the distribution of particles by random walk, in this work
Brownian motion (R. Brown 1828). Since this is a statistical process only expectation values
can be used.

Free diffusion can be described by its standard deviation (F. Laun et al. 2011)

𝜎(𝑡) = √⟨𝑥2⟩ = √2𝐷𝑡 (2.10)
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2.4. Diffusion-Weighted Imaging

Figure 2.6.: Representative example for distortion in MR images of different sequences. Here
GRE and EPI sequences (with diffusion weighting of 𝑏 = 50 s/mm2) are combined
using a checkerboard combination. The different distortion in both imaging
sequences is most prominent at the liver-lung interface (arrow). The distortion
in the EPI sequence is higher than in the GRE sequence.

with 𝑥 as the expected motion distance of a single molecule (in one dimension) during the
investigated time span 𝑡. 𝐷 is the (free) diffusion coefficient, the unit is [𝐷] = mm2/s. The
motion distance, observed for a huge number of particles and an adequately long observation
time, follows a Gaussian distribution.

2.4.2. Diffusion-Weighted Magnetic Resonance Imaging

Diffusion-weighted imaging (DWI, also DW-MRI) is used to detect microscopic motion
of water molecules. A change of this property can be an indicator for various diseases
or damages, including stroke, multiple sclerosis, wallerian degeneration or hepatocellular
carcinoma (Ayuso et al. 2018; Bammer 2003; Bonekamp et al. 2014). In radiation therapy it
can be used for therapy evaluation (Chandarana and Taouli 2010).

DWIs are acquired by adding diffusion-weighting gradients to pure imaging sequences.
Thus, DWI can be combined with a wide range of MR imaging sequences. However, due to
the additional time for the gradients and the used repetitions, fast imaging sequences are
preferred. One example is the diffusion-weighted single-shot echo-planar (dw EPI) sequence
which is also used in this work.

To achieve diffusion-weighting two strong gradients are applied before the readout phase.
They have opposite directions and the integral over time has to be zero. During these
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2. Theory

gradients a position-depended phase is accumulated. If no motion is present the phase
accumulated during the first gradient is fully reversed by the second gradient. However, this
cancellation does not happen if motion is present. Then phases are accumulated which lead
to decreased signals. For this reason voxels with high motion appear dark in the final image
(areas with low motion have increased signal).

The attenuation can be expressed by (Bammer 2003)

𝑀SE(𝑏,TE) = 𝑀0 exp(−TE
𝑇2 ) exp(−𝑏𝐷) (2.11)

for spin echo sequences. Here 𝑀SE is the magnetization during readout, 𝑀0 the steady-state
magnetization, TE the echo time, 𝑏 the diffusion-sensitizing factor (“b-value”), and 𝐷 the
diffusion coefficient. Similar descriptions exist for other sequences (cf. Bammer 2003).

TE and 𝑏 can be directly set by the operator of the measurement. Hereby the scanner
automatically calculates the gradient shape, amplitude, and pause between them by the given
b-value in accordance with the system limits. Typical values for liver imaging are 0 s/mm2

to 1000 s/mm2 (Chandarana and Taouli 2010).
A major implication of DWI can be concluded from Eq. (2.11); with increased b-value,

the signal is reduced. On the other hand, the noise is not. For this reason the SNR of
DWI decreases with increasing 𝑏. To limit the loss of SNR, the measurement is repeated
and averaged. For improved time efficiency, the number of repetitions is higher for higher
b-values.

Another source of artifacts is macroscopic motion during the dw-gradients. This motion
causes an additional phase to the magnetization (diffusion reduces the total magnetization
but does not add phase). However, there are correction techniques available to mitigate these
artifacts which are also known as motion correction (e.g. Anderson and Gore 2005; Porter
and Heidemann 2009).

More details about DWI are presented in Bammer (2003), Chandarana and Taouli (2010),
and F. Laun et al. (2011). Section 3.1.2 describes the sequence which is used in this work and
its configuration.

2.4.3. Apparent Diffusion Coefficient

As can be seen in Eq. (2.11) the dw-signal is also 𝑇2 dependent (measured signal 𝑠 ∝ 𝑀).
So bright areas may indicate low diffusion coefficients or long 𝑇2 (𝑇2 shine through). For
this reason acquisitions with a single b-value are not sufficient. For this reason the apparent
diffusion coefficient (ADC) is determined.
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2.5. Image Reconstruction

By repeating the measurement with different b-values (but constant TE), the signal decays
(in first approximation) according to

𝑠(𝑏) = 𝑠0 exp(−𝐷 ⋅ 𝑏) . (2.12)

Thus, the diffusivity can be approximated by

ADC =
ln(𝑠0/𝑠)

𝑏
(2.13)

with 𝑠 ∝ 𝑀 describing the measured signal intensity. The result is presented as apparent
diffusion coefficient maps (ADC maps). There the result of Eq. (2.13) for each voxel is
presented (Figure 2.7).

Equation (2.12) and thus Eq. (2.13) are only valid for free diffusion with Gaussian propaga-
tion — a condition which is often not fulfilled in human tissue. For this reason, the word
“apparent” is part of the name. Further important effects to influence DWI are intravoxel
incoherent motion (IVIM) for low b-values (𝑏 < 50 s/mm2, Le Bihan 2019) or deviation from
the Gaussian diffusion for high b-values (kurtosis, 𝑏 ≥ 1000 s/mm2, Rosenkrantz et al. 2015).

2.5. Image Reconstruction

2.5.1. Fourier Transform

The current, clinical, state-of-the art image reconstruction method is the Fourier transforma-
tion (named after Fourier 1822). This algorithm makes use of the fact that the raw data 𝑝(k)
is acquired in the complex-valued k-space. This means that 𝑝 is a function of wave vectors
and the spatial information of the image 𝑓(r) is encoded as frequencies and phases. The
Fourier transform converts the k-space back into position space. In signal processing the
Fourier transform and its inverse are often defined as (cf. R. W. Brown et al. 2014c)

𝑓(r) = ℱ 𝑝(k) = ∫ℝ𝑛
𝑝(k) e2𝜋𝑖k⋅r d𝑛k , and (2.14)

𝑝(k) = ∫ℝ𝑛
𝑓(r) e−2𝜋𝑖r⋅k d𝑛r . (2.15)

Since the measured data have to be digitalized, discrete fourier transforms (DFTs) are used
(Deufelhard and Hohmann 2008). Typically, fast fourier transforms are preferred because they
have the superior processing complexity of 𝒪(𝑛 log 𝑛) over 𝒪(𝑛2) of other DFTs. However,
fast fourier transforms require the input length to be a power of two (2𝑛, 𝑛 ∈ ℕ) — which is
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Figure 2.7.: Example for ADC calculation. DWI of the liver with different b-values 𝑏 =
50 s/mm2, 400 s/mm2 and 800 s/mm2 are used (top row). Note the exponential
decay of signal intensity over the b-values and the concomitant decrease of SNR.
This decay depends on diffusion in the tissue (red and blue ROI). The ADC-map
shows the fit parameter 𝐷 in a new, derived volume (bottom).
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2.5. Image Reconstruction

often achievable in MRI without drawbacks.
The DFT can suffer from alias artifacts if the Nyquist–Shannon sampling theorem (Nyquist

1924) is not fulfilled. This theorem requires all frequencies in the original signal to be lower
than the Nyquist frequency

𝑓Nyquist = 1
2𝑓s . (2.16)

Here 𝑓s is the sampling frequency of the measurement. Frequencies which are higher than
𝑓Nyquist are erroneously spread over lower frequencies in a non-linear fashion. In (multi-
dimensional) images this artifact often manifest itself as streaks (e.g. Figure 2.8b) — but
depending on the undersampling pattern other manifestations are possible.

If the k-space is acquired in a non-cartesian fashion, e.g. in the form of stars as in this work
(Section 3.1.1), the reconstruction is not directly possible by using DFTs. Instead, the irregular
scan of the k-space is first resampled to a Cartesian grid. This method is called “gridding” and
also used in this work. During the resampling the different distances between neighboring
data-points are considered by applying an weight, which is inverse to the distance to the
next neighbors (typically referred to as “density compensation”).

In this work many measurements intentionally do not fulfill the Nyquist-Shannon theorem.
To prevent artifacts resulting from these “undersampled” data sets advanced reconstruction
methods are used (see Section 2.5.4).

2.5.2. MRI Self-Gating Signal

The purpose of the self-gating signal is to generate a 1D curve which represents a motion,
e.g. respiration or cardiac motion, over time. Additionally this signal is directly derived from
the MR measurement without additional devices. Usages for this signal can be gating which
filters data measured during a specific motion state (cf. J. Liu et al. 2010).

For self-gating a special property of the Fourier transform is used. If only the k-space
center is considered, Eq. (2.15) becomes

𝑝(k = 0) = ∫ℝ𝑛
𝑓(r) d𝑛r . (2.17)

This shows that the k-space’s center is a sum over all intensities of the image (the image is a
discretization). If an organ (e.g. the liver) is moving in and out of the image, this signal is
proportional to that movement.

At this point, a further technique of MRI scans has to be described. For several reasons,
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(a) Oversampled image (UF = 0.3) (b) Undersampled image (UF = 3.1, end-
exhale)

Figure 2.8.: Examples of fully sampled/oversampled and undersampled GRE images. (a) The
image which fulfills the Nyquist-Shannon sampling theorem shows motion blur-
ring due to the respiration during the (long) image acquisition. (b) The motion
blurring can be reduced by using only parts of the acquired data. However, this
leads to undersampling which causes streak artifacts. The radial distribution
of the streaks is caused by the special k-space sampling as it is used in this
study. Both images are based on a 3D image acquisition of about 5min. (b) was
generated by retrospective gating using only 10% of the original data.
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…

Fully sampled k-space Retrospectively gated k-spaces

Figure 2.9.: Gating of the golden-angle stack-of-stars sequence (Section 3.1.1) in k-space.
The gating splits the fully acquired k-space (left) into one k-space per motion
phase (right). Since each phase only contains 10% of the original spokes, gaps
appear. The Nyquist-Shannon sampling theorem is not fulfilled anymore and the
k-space is called undersampled. These gaps are the reason for the streak artifacts
observable in Figure 2.8b.

the MR signal of the subject is measured by several, currently up to 128, coils. These coils are
designed to have a limited field of view (coil sensitivity). Thus, there is (under non-artificial
circumstances) always a coil which shows a structure which is moving beyond the borders
of that’s coil field of view. This coil can then be used to extract a signal as described above.

For increased robustness a more advanced technique is used (Paul et al. 2014; cf. Freedman
et al. 2017). It extracts 5 data points around the k-space center (instead of 1) and the signal is
extract using a principal component analysis (PCA) over all coils (instead of using a single
coil). From the PCA the highest component in the frequency range of interest is used (0.1Hz
to 0.5Hz for respiration).

2.5.3. Gating

Gating (rarely refereed to as “binning”) is an easy and viable method to reduce artifacts
caused by repetitive motion, e.g. respiratory motion. This is achieved by using only measure-
ment data which is acquired in a specific motion phase. This phase can be determined by
different sources, e.g. the self-gating signal (Section 2.5.2), a patient monitoring unit (PMU,
Section 3.1.3), electrocardiogram (ECG, cf. Earls et al. 2002) or special imaging sequences (cf.
Section 3.2.5).

Gating can be categorized into prospective and retrospective gating. The prospective gating
is applied during the acquisition in a way that data is only acquired while the subject is in
the desired motion phase. During the other time no measurement or auxiliary measurements
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are done. A common sequence for DWI uses the auxiliary measurement to determine when
the subject reaches the next target motion phase.

In retrospective gating the measurement is performed without handling motion. Only
afterwards, during the image reconstruction, one (or multiple) of the mentioned methods
to determine the motion phase is used. With this information the measured data is filtered
and data acquired during undesired motion phases is removed (Figure 2.9). The advantage
of retrospective gating over prospective gating is that the whole measurement time can
be utilized to create additional images of high quality but with motion induced artifacts.
In this work the gated Fourier transform is described with the operator 𝑋PC(𝑝) (PC: phase
correlated, 𝑝 represents the raw data).

However, gating of any type prolongs the measurement severely, increases by a factor of
3 and more were reported for respiratory gating in DWI compared to no motion handling
(Shenoy-Bhangle et al. 2017; Taouli et al. 2009). For this reason pure gating is unfavorable
in clinical use. In this study it is used as part of the joint-MoCo-HDTV (Section 3.2.2) and
MoCo DWI (Section 3.2.3) algorithms.

2.5.4. Iterative Reconstruction

Modified Gradient Decent Reconstruction

In this work, gating often leads to undersampled data. To overcome the limitations imposed
by this violation of the Nyquist-Shannon-Theorem (Equation (2.16)), additional information
can be used (Lustig et al. 2008). Here the sparsity (existence of redundant information) of
MRI-scans is utilized and incorporated into a high-dimensional optimization problem. In
this way the artifacts caused by undersampling are iteratively removed.

The optimization problem to solve is (Ritschl et al. 2012)

argmin
f

𝑐(f) under the condition ‖𝑋f − p‖2
2 < 𝜀 . (2.18)

Here f is the image (or volume) to reconstruct. The sparsity of the measured data is considered
by the regularization function 𝑐(f) with an 𝜀 > 0. This 𝜀 should be small enough to enforce
the condition appropriately. 𝑋 the system-matrix which projects the image f from position
space into k-space. The measured data in k-space are denoted p. This, second part is also
called data consistency term.

The choice of the regularization function is crucial for the quality of the result. Common
functions are the wavelet transform (Lustig et al. 2008) and the total variation (Candes,
Romberg, and Tao 2006). In this work a special version of the total variation is used; the high
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2.5. Image Reconstruction

dimensional total variation (HDTV, Rank 2016; Ritschl et al. 2012).

For optimization a modified gradient decent is used (cf. Ritschl et al. 2011). To find the
optimum for Eq. (2.18) three steps are repeatedly performed; (1) direction search, (2) step-size
search, and (3) ensuring the regularization condition.

The direction is the derivative of the error between the current estimate and the raw data
with according forward and back projections between the image and k-space:

u = ∇𝐸 = 𝑋−1(𝑋f − p) . (2.19)

As before 𝑋 is the system-matrix, 𝑋−1 is the respective inverse. The (n+1)’th estimation of
the volume f(𝑛+1) is calculated by

f(𝑛+1) = f(𝑛) + 𝛼u(𝑛+1) . (2.20)

In this formula 𝛼 is the step size. It is determined with a backtracking line search (Boyd et al.
2011). The regularization is enforced by smoothing f after each update.

High Dimensional Total Variation Regularization (HDTV)

As described before the selection of the regularization term is crucial. While common and
often used total variations only ensure spatial consistency, high dimensional total variation
also uses temporal consistency which is made possible by the multiple motion phases (Rank,
Heußer, Buzan, et al. 2016). At the same time, detected motion is used to prevent the temporal
consistency term from removing motion or the introduction of motion blurring. To achieve
this, the HDTV is defined as (cf. Ritschl et al. 2012; Rank 2016, p. 33)

HDTVf = ‖∇𝑥,𝑦,𝑧,𝑡f‖2

= ∑
𝑥,𝑦,𝑧,𝑡

(
1

Δ𝑑𝑥
(f𝑥,𝑦,𝑧,𝑡 − f𝑥−1,𝑦,𝑧,𝑡)2

+ 1
Δ𝑑𝑦

(f𝑥,𝑦,𝑧,𝑡 − f𝑥,𝑦−1,𝑧,𝑡)2

+ 1
Δ𝑑𝑧

(f𝑥,𝑦,𝑧,𝑡 − f𝑥,𝑦,𝑧−1,𝑡)2

+
𝛾2

𝑡

̄𝑣2
𝑥,𝑦,𝑧

(f𝑥,𝑦,𝑧,𝑡 − 𝑇 𝑡
𝑡−1f𝑥,𝑦,𝑧,𝑡−1)2

)

1
2
.

(2.21)
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This sums all voxels in all four dimensions. Δ𝑑{𝑥,𝑦,𝑧} are the distances between the voxels.
𝛾𝑡 is the (velocity-independent) weighting factor of the temporal part of the equation. 𝑇 𝑗

𝑖 is
the warping for motion compensation (see Section 2.6) and ̄𝑣𝑥,𝑦,𝑧 the velocity of the specific
voxel as given by 𝑇 𝑗

𝑖 .

Please note that this makes the optimization problem Eq. (2.18) more complicated. So now
not only a single image/volume but a 4D volume f = (f1, f2, …, f𝑁𝑡

)T is reconstructed. Thus
the system matrix is replaced by the phase correlated transform 𝑋PC. Also the previously
described multiple coil channels and their sensitivity have to be considered. All details are
published in Rank (2016).

2.5.5. Further Processing for Medical Image Reconstruction

The reconstruction of magnetic resonance images contain multiple, additional algorithms to
handle further artifacts which were not described before. These handle intensity variations
and alias artifacts among other things. Here these techniques are only described briefly
because they are common knowledge but have potential influence on the results of MoCo
DWI.

Normalization The sensitivity of the coils to detect the MR signal falls with the distance.
For this reason the measured signal from inner parts of the patient to scan seems to be
lower than at the surface. At the beginning of each measurement this effect is estimated
and the signal is normalized in this regard. However, this method is error prone and may
not compensate the error completely, especially due to imperfect estimation of the coils
sensitivity (observable e.g. in Figure 2.5a).

Alias Artifacts Also known as wrap-around artifact, causes parts of the field of view
(FoV) or surrounding areas to fold into the image. This is caused if the measured FoV is
smaller than the object to measure. Oversampling prevents this kind of artifact but prolongs
the acquisition duration, especially phase or partition1 oversampling. To prevent both
generalized autocalibrating partially parallel acquisition (GRAPPA) can be used. In this study
this is especially utilized for the dw EPI sequence. The drawback of GRAPPA is a reduced
SNR accompanied by increased acceleration.

1Partitions are a property of 3D sequences, see Section 3.1.1.
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2.6. Image Registration and Motion Compensation

2.6. Image Registration and Motion Compensation

Image registration is the process which transforms data, e.g. an image or volume, from
multiple coordinate systems into a common one. The coordinate systems can be caused by
different imaging modalities (e.g. MRI and PET) but also changes in time, e.g. due to motion.
Typically the transformation 𝑇 is unknown and has to be calculated or approximated.

Registration algorithms consist of three components: the motion model, the objective
function, and an optimization method (Sotiras, Davatzikos, and Paragios 2013). The motion
models are roughly categorized into one of the three categories; rigid, affine or elastic
(Figure 2.10). The categories have different complexity (in general rigid is the simplest) which
results in different demands on the objective function and optimization methods. Naturally,
more complex motion models allow to handle a higher variety of motion.

Rigid registration models can account for translation and rotation only. With affine models
additionally shearing is possible. There are many common elastic models, most notably
b-spline and “fully-deformable” models. B-spline models use a fixed number of control
points. The displacement of the control points define the transformation at their positions,
respectively. However, the number of control points is (usually) significantly lower than the
number of voxels in the whole volume. Thus, the displacement of the voxels between these
control points is interpolated by b-splines.

Even more degrees of freedom are offered if each voxel can be moved individually (“full-
deformable”). The Demons algorithm (Thirion 1998) uses such a model and is thus used for
MoCo DWI. The Demons algorithm generates a transformation which assigns each voxel
of the destination image f𝑑 its original position in the source image f𝑠. In this work the
transformation to coaling image f𝑠 with f𝑑 is denoted 𝑇 𝑑

𝑠 , thus f𝑑 ≈ 𝑇 𝑑
𝑠 f𝑠.

The objective function is sum of differences of intensity values. As each voxel is moved in-
dividually, this requires higher image quality compared to rigid or affine transformations. To
reduce this dependence on single voxels and to utilize prior knowledge, smooth deformations

(a) Rigid registration (b) Affine registration (c) Elastic registration

Figure 2.10.: Three categories of the motion model of registration algorithms.
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are enforced.
It was shown that image registration robustness is improved by amulti-resolution approach

(Kostelec, Weaver, and Healy 1998). This is also used in the registration algorithms of this
work. Rank (2016) further developed this principal to the joint-MoCo-HDTV algorithm (cf.
Section 3.2.2).

2.7. Positron Emission Tomography in Combination
with Magnetic Resonance Imaging (PET/MR)

Motion-compensated diffusion-weighted imaging (MoCo DWI) is developed for devices
which combine positron emission tomography (PET) with magnetic resonance imaging
(MRI). The reason for this are motion compensation techniques for PET images which are
similar to MoCo DWI (cf. Catana 2018; Rank, Heußer, Wetscherek, et al. 2016). Thus, the
MR sequence used to estimate the respiratory motion can be used for MoCo DWI as well as
MoCo PET.

Integrated PET/MR scanners use a sandwich design to combine the coils required for
MRI and the detector for PET (Figure 2.11). They are positioned in concentric rings around
the bore (position of the object or subject to scan). As in wide-spread PET/CT devices, a
radioligand is applied intravenously to the patient. The radioligand is chemically constructed
in a way to accumulate in an area of interest, e.g. a tumor. For detection by the PET, the
radioligand contains a radioactive tracer which decays by positron emission followed by
positron-electron annihilation. In this way another contrast in addition to CT or MRI is
possible. The most common radioligand uses fluorodeoxyglucose (FDG). This is a glucose
analog where a hydroxyl group is replaced with the positron-emitting Fluorine-18 (18F, Som
et al. 1980).

Themeasurement time for PET per bed position is typically 2min to 4min (Martinez-Möller
et al. 2012). Thus, respiratory motion is of concern. Several methods were proposed which
detect the respiratory motion using golden-angle stack-of-stars MR sequences similarly to
the one used in this study (cf. Section 3.1.1). The detected motion is then used to compensate
respiratory motion in the PET images (e.g. Fürst et al. 2015; Grimm et al. 2015; Rank, Heußer,
Wetscherek, et al. 2016).
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2.7. Positron Emission Tomography in CombinationwithMagnetic Resonance Imaging (PET/MR)

Figure 2.11.: Sandwich structure of the integrated PET/MR scanner Biograph mMR (Siemens
Healthcare, Erlangen, Germany). Image source: Quick, Ladebeck, and Georgi
(2011, fig. 2, modified).
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3.1. Imaging Sequences and Data Acquisition

3.1.1. Golden Angle Gradient Echo Sequence

A golden angle, stack-of-stars gradient echo sequence (Winkelmann et al. 2007) is used as
basis for the estimation of the motion model. However, here a special k-space acquisition
pattern is used to allow efficient retrospective gating. In contrast to the common Cartesian
pattern (Figure 3.1a) this 3D sequence acquires the k-space as a stack of stars (Figure 3.1b).

This means, the k-space lines are acquired in the form of spokes. Each spoke starts at the
outside of the k-space, crosses the center of the stars’ planes and ends at the opposite side
(“outside-out”). Afterwards, the same angle but at the next 𝑘𝑧 position is acquired. Therefore,
the 𝑘𝑧 direction in the k-space is also known as the partition direction. After acquiring this
spoke along the partition direction, the next spoke is acquired in the same way but rotated
by the golden angle of ∼ 111.25° (Kohler 2004; Winkelmann et al. 2007). Note that this pulse
sequence acquires the images in a three-dimensional k-space. Often MRI pulse sequences use
a 2D k-space only, while the third dimension is defined using slice selection (slice selection
is also used in the stack-of-stars sequence but the selection contains the whole volume).

This acquisition pattern ensures that the k-space center is acquired regularly and with
high temporal resolution. That allows to generate a self-gating signal which is based on the
motion of the organs and not only patient’s outside (Section 2.5.2). In addition, this radial
trajectory has higher robustness against motion than Cartesian trajectories (W. Block and
Wieben 2012).

For outside-out acquisitions the golden angle is about 111.25°. This way each additional
spoke is placed in the largest gap of the star (Winkelmann et al. 2007). It is calculated using
the golden ratio

𝛾 =
√5 + 1

2
(3.1)

and the angle which is required for one full turn in the outside-out pattern (180°). The angle
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𝑘𝑥
𝑧

𝑘 𝑦

(a) Cartesian Trajectory

𝑘𝑥 𝑘𝑧

𝑘 𝑦

(b) Golden-Angle Stack-of-Stars Trajectory

Figure 3.1.: The k-space can be acquired in different trajectories. In this figure k-space
lines of the same color are acquired consecutively. (a) Cartesian trajectories
are commonly used in medical imaging: here each slice is acquired separately
in the spatial domain and the lines follow a grid pattern. (b) The golden-angle
stack-of-stars sequence uses a radial trajectory with the golden angle (111.25°)
between consecutive lines. The “stars” only differ in their 𝑘𝑧 position.

is then Φgolden = 180°/𝛾.
The benefits of this acquisition pattern is that any connected subset of spokes has optimal

(in-plane) distribution. Often it is mistaken that the optimal distribution is also fulfilled
for non-connected subsets, which are caused e.g. by the gating process used in this study.
However, the distribution is still highly spread which made this angle a favorable selection
for many comparable studies (K. T. Block et al. 2014; Feng et al. 2016; Grimm et al. 2015;
Johansson, Balter, and Cao 2018; Mickevicius and Paulson 2017; Rank, Heußer, Buzan, et al.
2016).

However, the sampling efficiency is decreased because the spokes are not equally dis-
tributed in the circle. This is also the reason why the Cartesian acquisition pattern is preferred
for the diffusion-weighted echo-planar imaging (EPI).

In practical configurations, the plane of the individual stars has the highest resolution, in
k-space and image space. Each of these planes is also refereed to as “partition”.

The configuration of the sequence (Table 3.1) aims towards studies for motion compensa-
tion in PET/MRI. The sagittal plane orientation ensures high resolution in the main motion
directions (Grimm et al. 2015; Hu et al. 2017). Short repetition times of TR = 3.5ms allow fast
imaging and lead to T1-weighted images. The acquisition duration of 4:47min was chosen
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t

Slice Sel.

HF Pulse

Readout

TR

…
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Phase Encoding

Frequency Encoding

90° 180°

Figure 3.2.: Pulse sequence diagram of the single-shot, diffusion-weighted echo-planar imag-
ing sequence. Axes are not to scale.

similar to the product of a major vendor of PET/MRI (Siemens Healthineers’ BodyCOMPASS)
because the motion model should be applicable for motion compensation of PET images, too.
However, Rank, Heußer, Buzan, et al. (2016) showed that acquisition times of about 40 s are
also feasible.

3.1.2. Diffusion-Weighted Echo Planar Imaging

For the DWI acquisition, a prototype diffusion-weighted echo-planar imaging (dw EPI)
sequence is used. The sequences uses diffusion-weighting gradients before the acquisition of
each 2D slice (Figure 3.2). The image acquisition itself is a EPI sequence to allow very fast
readout (Section 2.3.2). By repeated acquisition of 2D slices a full 3D volume is assembled.
To prevent cross-talk artifacts, first all even numbered slices of the stack are acquired and
then the odd numbered slices (both in ascending order, Figure 3.3a).
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𝒃𝟏 

t 
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t 

𝒃𝟐 𝒃𝒎 𝒃𝟏 𝒃𝒎 𝒃𝟐 … … 

𝒃𝒎 𝒃𝒎 𝒃𝒎 … 

𝒛 𝑵
𝟐 +𝟏  𝒛𝟐 𝒛𝟏 … 𝒛 𝑵

𝟐 +𝟏  𝒛𝟐 𝒛𝟏 … 

Repeat until all volumes 
for 𝒃𝟏 are acquired 

Repeat until all volumes 
for 𝒃𝟐 are acquired 

Repeat until all volumes for 𝒃𝒎 are acquired 

(a) Interleaved Acquisition of Slices 

(b) Interleaved Acquisition of b-Values 

Figure 3.3.: Acquisition order of the interleaved dw EPI with 𝑁 slices and the b-values
𝑏1, 𝑏2, …, 𝑏m. (a) To prevent cross-talk artifacts first all odd slices are acquired
followed by the even slices. (b) After the acquisition of a volume, the following
volume is acquired with the next b-value. When the highest b-value was acquired
this pattern is repeated until the desired number of averages for each b-value are
reached. Since the number of averages typically increases with b-value, in the
end (potentially) only one b-value is acquired repeatedly.
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3.1. Imaging Sequences and Data Acquisition

As described before, DWI typically use several averages (also named repetitions) to increase
SNR – including the sequence used in this study. To consider the decreasing SNRwith b-value,
for higher b-values more averages are used. The b-values are acquired in interleaved mode
(similar as the slices described before). One b-value is acquired after the other in ascending
order. When all b-values are measured this is repeated until all averages for each b-value
are measured (Figure 3.3b). Note that always a full 3D volume is acquired before any other
parameter is changed (b-value or their repetition).

The configuration follows the recommendation of Taouli et al. 2016 for a typical DWI
diagnosis of the liver, especially in the context of PET/MR. Only two adoptions are used.
The number of averages for the lowest b-value (𝑏1 = 50 s/mm2) were increased from 4 to
8 averages to reduce the holes in the retrospectively gated DWI (Section 3.2.3). Also the
PAT factor was increased to PAT3 to allow shorter echo-train lengths of the EPI-part of the
sequence. In this way the distortion is decreased (common vendor provided, software-based
distortion reduction is used, too). Additionally, this also reduces the total acquisition time.
The full configuration is shown in Table 3.1 and Table 3.2.

It is to mention, that the exact selection of the b-values is not of importance for MoCo
DWI and its validation. The reason for this is, that MoCo DWI does not rely on the image
(quality) of the DWI for the motion compensation algorithm. Thus any other b-values are
also well suited for MoCo DWI.

31



3.
M
et
ho

ds

Parameter Model Estimation Diffusion-Weighted Imaging (DWI)

Scanner MAGNETOM Aera, Siemens Healthcare, Erlangen, Germany
Field strength 1.5 T (𝜔L ≈ 63.7MHz)
Sequence type spoiled gradient echo sequence (GRE) single-shot, diffusion-weighted echo-

planar imaging (EPI)
k-space acquisition golden-angle, stack-of-stars (3D) Cartesian (2D, multiple slices)
Slice orientation sagittal sagittal / axial
Slice thickness 5mm 5mm
Repetition time (TR) 3.5ms 7400ms
Echo time (TE) 1.69ms 47ms
Bandwidth 490Hz/px 2440Hz/px
Flipangle 12° 90°
Spokes per partition (radial views) 1300 ./.
Field of view 385 × 385 × 400mm3 308 × 380 × 210mm3

Acquisition matrix size 256 × 256 × 50 px 104 × 128 × 35 px
Image matrix size 256 × 256 × 80 px 208 × 256 × 35 px
Image voxel size 1.5 × 1.5 × 5mm3 1.48 × 1.48 × 5mm3

Slice distance ./. 1mm
Acquisition duration 4:47min 4:16min
Undersampling per motion phase 3.1 ./.

Table 3.1.: Overview of sequence configuration for the volunteer measurements. Further parameters for the dw EPI are listed in
Table 3.2
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3.1. Imaging Sequences and Data Acquisition

Parameter Value

Sequence type single-shot, diffusion-weighted echo-planar imaging (EPI)
b-values (50, 400, 800) s/mm2

diffusion-weighting direction 3D diagonal mode
averages 8, 8, 16
acquisition scheme interleaved
GRAPPA acceleration PAT3

Table 3.2.: Overview of parameters for the diffusion weighted sequence.

3.1.3. Respiratory Cushion / Patient Monitoring Unit

In this work two methods are used to track the respiratory motion: the self-gating signal
(Section 2.5.2) and a vendor-provided cushion. The cushion is especially used for the DWI
sequence because there a self-gating signal cannot be acquired (with common dw EPI
sequences). For the cushion a belt is wrapped around the ribcage or upper abdomen of the
patient. The foam-filled cushion is then located between the volunteer and belt (Figure 3.4a),
the coil is put on top of both. During respiration the cushion is compressed and decompressed
and thus is the air within. This airflow is detected by a connected ADC and sent wirelessly
for storage. Since air pressure is measured this device is also referred to as pneumatic patient
monitoring unit (PMU). It should be mentioned that the PMU measures the motion of the
ribcage. Hence, the motion phase provided by the PMU can differ from the motion pattern
of organs inside the abdomen.

For the volunteer measurements each volunteer was observed for several seconds to
determine a suitable cushion position. Afterwards the signal received and shown by the
MRI scanner was visually inspected, especially for under- or overflows of the signal range.
If required, the cushion was repositioned. This procedure prevented unusable signals in
most volunteer measurements, but could take up to several minutes. Also — while not
observed during this study — the cushion could move during the measurement and may
require repositioning. This makes the use of the respiratory cushion unfavorable for clinical
use. However, the good availability and compatibility with nearly all MRI sequences is the
reason for its use in many studies (e.g. Caldiroli and Minati 2007; Fontana et al. 2016; Y. Liu
et al. 2017). Potential, alternative methods are discussed in Section 5.5.

Several preprocessing steps have to be applied before the PMU signal can be used as a
gating signal. These steps are (1) smoothing of the raw signal, (2) shifting of the PMU signal
to maximize absolute correlation with the self-gating signal (in the time range where both
signals are available, Figure 3.5), (3) differentiating between in- and exhale phases by using a
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(a) Patient monitoring unit (PMU) for detection of
respiratory motion.

(b) Positioning of volunteers.

Figure 3.4.: Volunteers are positioned head first, supine. The respiratory signal is acquired
using a vendor-provided analog digital converter (A) which sends the signal
wirelessly for further processing. The respiratory cushion (B) itself is fixed with
a belt (D) and connected via a pneumatic tube (C) to the analog digital converter.
On top of the cushion/belt is the upper receive coil (E).
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Figure 3.5.: Examples for the respiratory surrogate signals. Shown is a short window of
the self-gating signal (blue) and the cushion signal (red). The cushion signal is
smoothed first and then shifted in time by increase the correlation to fix potential,
technical shifts (here by 222.5ms = 2 ⋅ 𝑇 (“resolution of self-gating”)). The self-
gating signal is in general the more accurate source for retrospective (respiratory)
gating. However, it is not available during the DWI sequence. For this reason
there the cushion signal is used. Under- or overflows of the cushion signal were
not always avoidable.
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3.2. Image Reconstruction and Post-Processing

peak detection and (4) normalization to a fixed value range.
Note that the offset found in step (2) can account for a simple delay caused by physiological

delays between the motion of organs (detected by the self-gating signal) and the ribcage.
Additionally, another offset in the signal was observed, which was probably caused by
technical reasons. (4) For normalization 95% of the data were handled and the remaining
data points are seen as outliers and assigned to the closest value in the desired rage.

3.2. Image Reconstruction and Post-Processing

3.2.1. Overview

The reconstruction and post-processing of the acquired MRI raw data can be separated into
three main steps (Figure 3.6b):

1. estimation of motion based on the GRE sequence (Section 3.2.2),

2. gating of the DWI before averaging (Section 3.2.3), and

3. applying the estimated motion to DWI and combination of these (Section 3.2.4).

Additional steps like calculation of ADC-maps are described in Section 2.4.3. An extension
to PET/MR with motion compensated PET imaging is sketched in Figure A.3.

3.2.2. Joint-MoCo-HDTV

In this study an adapted version of the joint-MoCo-HDTV algorithm (Rank 2016) is used to
estimate the respiratory motion. The estimation is based on the acquisition with a golden-
angle, stack-of-stars pulse sequence (Section 3.1.1). Characteristic for the joint-MoCo-HDTV
algorithm are its five resolution levels to alternate between iterative reconstruction and
motion estimation. The result is a 4D volume (three spatial dimensions per motion phase) of
the imaged object or subject, and the deformation vector fields (DVFs) which describe the
motion between the motion phases.

First, the acquired k-space data are retrospectively gated. Based on the self-gating signal
𝑁𝑡 = 10 bins are identified using an adaptive amplitude gating (Section 2.5.2). The amplitude
range for each bin is adapted. This prevents bins with too few k-space lines and thus images
which are too dominated by streak artifacts for the image registration.

Starting with the lowest resolution level each bin is iteratively reconstructed with a high
dimensional total variation (HDTV) constraint (Ritschl et al. 2012, cf. Section 2.5.4). Then the
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(a) Image Acquisition

 

…Spoiled Gradient-
Echo (GRE)
40 s – 5 min

Diffusion-Weighted Imaging (DWI)
5 min

Respiratory Cushion

acquistion time
(b) Image Reconstruction

Respiratory
Cushion

DWI Retro. Gated DWI

GRE Motion Model

Motion-Compensated DWI
(MoCo DWI)

Self-Gating-Signal

Motion Estimation

 

Figure 3.6.: (a) Image acquisition where the GRE for the motion estimation and the DWI
pulse sequences are used. During the whole acquisition, the respiratory motion
is assessed with a vendor-provided respiratory cushion. (b) The MoCo approach
starts with the GRE sequence which uses self-gating to generate the motion
model. The DWI sequence is first retrospectively gated using the respiratory
cushion. The cushion and self-gating signals are aligned and then the motion
model applied to the gated DWI leading to the final MoCo DWI.

36
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(b) Cyclic Registration

Figure 3.7.: Different ways of image registration for exemplary five phases with target phase
four. (a) Pairwise registration; Each phase is individually registered with the
target phase. (b) In cyclic registration adjacent phases are registered (Brehm et al.
2012). For the transformation of non-adjacent phases the transformations 𝑇 𝑖+1

𝑖
are concatenated (e.g. 𝑇 4

2 in red) — this is the method used in this study.
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motion between adjacent phases is estimated using a multi-resolution Demons algorithm
(Thirion 1998; Vercauteren et al. 2009), leading to the DVFs 𝑇 𝑖+1

𝑖 (𝑖 ∈ {1, …, 𝑁𝑡}, with cyclic
behavior 𝑇 𝑁𝑡+1

𝑁𝑡
≡ 𝑇 1

𝑁𝑡
, Figure 3.7b). In the next resolution level 𝑛 + 1 the iterative part of

the reconstruction is initialized with

f(𝑛+1)
𝑖 = (1 − 𝛽𝑛)f(𝑛)

HDTV,𝑖 + 𝛽𝑛

𝑁𝑡

∑
𝑗

𝑇 𝑖
𝑗 f

(𝑛)
HDTV,𝑗 . (3.2)

All images f and DVFs 𝑇 𝑖
𝑗 are upscaled to the resolution level 𝑛 + 1 before usage. The — also

characteristic for this algorithm — weighting factor 𝛽𝑛 increases with the resolution levels 𝑛
from 𝛽0 = 0 to 𝛽5 = 0.65. In the last resolution level the reconstruction is repeated without
the HDTV constraint but the DVF only. For further processing in MoCo DWI only the DVFs
are used. The DVFs for not-adjacent phases are generated by concatenating adjacent vectors:

𝑇 𝑖
𝑗 =

𝑖−1

∏
𝑘=𝑗

𝑇 𝑘+1
𝑘 = 𝑇 𝑗+1

𝑗 ∘ … ∘ 𝑇 𝑖
𝑖−1 for 𝑗 + 1 ≠ 𝑖 (3.3)

Again, the cyclic behavior of the DVFs is used here. The motion vectors are estimated
between adjacent phases only to utilize the expected small variations between these phases.
Therefore, the registration is expected to be more accurate than a registration between
motion phases with high variations.

Additionally, a cyclic constraint is applied, which makes use of the prior knowledge that
after a full respiratory cycle the starting point has to be reached again (Brehm et al. 2012).
Thus, the constraint

𝑇 2
1 ∘ … ∘ 𝑇 𝑁𝑡

𝑁𝑡−1 ∘ 𝑇 1
𝑁𝑡

= 𝟙 (3.4)

is enforced by calculating the error 𝟙 − (𝑇 2
1 ∘ … ∘ 𝑇 𝑁𝑡

𝑁𝑡−1 ∘ 𝑇 1
𝑁𝑡

) = E and then changing each

DVF to 𝑇 ′𝑗
𝑖 = E

𝑁𝑡
𝑇 𝑗

𝑖 (voxel wise calculation).

Since this can lead to a underestimation of the motion, Rank (2016) developed another
(undocumented) correctionmethod. It introduces a compensation factor 𝑐𝑖 which is calculated
independently for every motion phase 𝑖. It is selected to minimize the sum-of-squares error

argmin
𝑐𝑖

∑
𝑥,𝑦,𝑧

(𝑓𝑖(𝑥, 𝑦, 𝑧) − ((𝑐𝑖 ̊𝑇 𝑖
𝑖 ) 𝑓𝑖)(𝑥, 𝑦, 𝑧))

2
. (3.5)

Here explicitly the concatenation of all transformations ̊𝑇 𝑖
𝑖 = 𝑇 𝑖+1

𝑖 ∘ … ∘ 𝑇 𝑖
𝑖−1 is used.
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3.2. Image Reconstruction and Post-Processing

Publication Topic of Research

Rank, Heußer, Buzan, et al.
(2016)

MRI motion compensation in the lung and abdomen

Kolb et al. (2016) Lung ventilation analysis

Rank, Heußer, Wetscherek,
et al. (2016)

PET motion compensation for simultaneous PET/MR

Freedman et al. (2017) Radiotherapy treatment planning for lung cancer

Menten et al. (2018) Radiotherapy treatment planning for lung cancer in mag-
netic fields (MR-liniac)

Dolde et al. (2018)ª Pencil beam dose coverage in radiotherapy treatment plan-
ning

Dolde, Dávid, et al. (2019)ª;
Dolde, Schneider, et al.
(2019)

Effect of immobilization devices for pencil beam radiother-
apy planning

Dolde, Zhang, et al. (2019)ª Interplay effect due to respiratory motion for pencil beam
radiotherapy treatment

Dolde, Naumann, Dávid,
Kachelrieß, et al. (2019)ª

Gating approaches to mitigate the interplay effect in pencil
beam radiotherapy

Table 3.3.: List of previous studies which used the joint-MoCo-HDTV algorithm. In these
publications the used versions of the algorithm differ in several details. (ª The
author of the present study co-authored these studies.)

In conclusion the joint-MoCo-HDTV is a multi-resolution image registration and recon-
struction algorithm for (radial) MRI. It was used in ten peer-reviewed publications already
(Table 3.3) and is thus a reasonable basis for the here presented MoCo DWI.

However, many technical improvements had to be made to allow the use of the DVFs for
MoCo DWI. The most important change compared to the published version (Rank, Heußer,
Buzan, et al. 2016) is a significant acceleration which reduces the reconstruction time by
about 70%. The average reconstruction time of the non-optimized joint-MoCo-HDTV in this
study was 1:23 h (ranging from 0:51 h to 1:45 h) on a powerful desktop computer (Table 3.5).

3.2.3. Retrospective Gating for DWI

An integral part of MoCo DWI is the retrospective gating of the acquired DWIs. The goal
of this step is to create diffusion-weighted images which are free from motion blurring,
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especially in-plane. The resulting images/volumes are in general not usable for diagnostics
due to their low SNR and their proneness to artifacts (see Section 5.2 for details). In addition,
these volumes can contain gaps which occur if for a given motion phase no slice at the gap’s
position was acquired.

For the gating each acquired slice of the DWI measurement is assigned to one of 𝑁𝑡 bins.
This is done comparable to the gating used in the joint-MoCo-HDTV but it is based on the
signal of the respiratory cushion. Then the slices are recombined to volumes for each motion
phase and b-value, which leads to 𝑁𝑡 ⋅ #𝑏 volumes. Since the image acquisition is done
with fixed timing, the volumes are typically not complete but contain gaps (exceptions are
possible).

For further processing these gaps, which contain no information, are handled in the way
that the 4D volume (for each b-value) are interpreted as functions of the subset Ω:

f†(r, 𝑝): Ω → 𝕌3 × [1, …, 𝑁𝑡] (3.6)

Ω ⊆ 𝔾3 × [1, …, 𝑁𝑡] . (3.7)

The subset Ω contains the voxels and phases where information is available. So Ω is typically
a subset of the volume’s grid 𝔾3 and motion phases. The implementation defined image
domain is denoted 𝕌.

3.2.4. Motion-Compensated Diffusion-Weighted Imaging (MoCo
DWI)

The final step of the MoCo DWI algorithm is the deformation of retrospectively gated DWI
and their recombinations into a single volume per b-value. Due to the gaps in the input
volumes, default implementations for image warping cannot be used. It is important to
mention that the motion vector fields 𝑇 𝑗

𝑖 typically describe subvoxel motion. If not handled
correctly, e.g. by setting the gaps to 0, this can lead to artifacts which are perceived as
intensity variations. This would also alter the absolute intensity which would cause errors
in derived images as the ADC-map.

To prevent artifacts from the gaps the warping is done twice. First on a volume in the full
grid 𝔾3 which contains weighting factors and a second time on the actual, sparse volume.
This is repeated for each motion phase and b-value independently.
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3.2. Image Reconstruction and Post-Processing

The weighting factors are defined as

w(r, 𝑝): 𝔾3 × [1, …, 𝑁𝑡] → [0, 1]

w(r, 𝑝) =
⎧⎪
⎨
⎪⎩

0 if (r, 𝑝) ∉ Ω

1 else

(3.8)

Ω contains all voxels which contain data, see Eq. (3.6), and 𝔾3 is again the full volume grid.
This way the final MoCo DWI volume can be calculated. For simplification the voxel

position r is now omitted in the equations, the operations are performed voxel-wise. Also
the regridding of the DVFs from the image grid of the GRE measurement to the final grid 𝔾3

is implied.

𝑓𝑝 =
⎧⎪
⎨
⎪⎩

1
∑𝑁𝑡

𝑖 𝑇 𝑝
𝑖 w𝑖

∑𝑁𝑡
𝑖 (𝑇 𝑝

𝑖 w𝑖) ⋅ (𝑇 𝑝
𝑖 f

†
𝑖 ) if ∑𝑁𝑡

𝑖 𝑇 𝑝
𝑖 w𝑖 ≠ 0

∅ else
, (3.9)

with 𝑝 being the reference or destination motion phase. The missing data (∅) can be repre-
sented as floating-point NaNs (“not a number”) or filled with zeroes. While filling with zeroes
results in more appealing images, it can potentially be mistaken for “low signal” where in
fact no information is available. In this work the missing data are indicated red when the
distinction is sensible. The missing data in 𝑓𝑝 are not distributed slice-wise but may occur in
any voxel regardless of its (in-plane) neighbors.

To account for subvoxel motion in 𝑇 𝑝
𝑖 the volumes to deform are interpolated. So in the

deformation

(𝑇 𝑝
𝑖 𝑓𝑖)(r) = 𝑓𝑖(r + 𝑇 𝑝

𝑖 (r)) (3.10)

r + 𝑇 𝑝
𝑖 (r) may not fall on the sparse image grid Ω. In these cases 𝑓𝑖(r + 𝑇 𝑝

𝑖 (r)) is a linear
interpolation of the eight neighboring voxels. Here also the inhomogeneous voxel distances
are respected —whether caused by the inhomogeneous acquisition grid or the sparse volumes
f†. The interpolation is also the reason that the weights in w are not applied as step function
but are smooth.

Note that the sum inside Equation (3.9) is not the same as using ∑ 𝑇 𝑝
𝑖 𝑤𝑖𝑓

†
𝑖 (first applying

the weight factors followed by the warping operation) due to the required interpolation. For
this reason the two, separate warp-operations are required.

For the acquisitions with axial plane orientation the images’ resolution is increased by a
factor of 4 between slices. This is required, because the original resolution in that direction is
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about 6mm and thus multiple times higher than the average motion between adjacent motion
phases. Without this interpolation the warping 𝑇 𝑝

𝑖 f
†
𝑖 in Eq. (3.9) causes severe interpolation

artifacts.

Extension to Other DWI Configurations

In this study only one gradient direction G for the diffusion-weighting is used. In the
equations and descriptions above, this allows the simplification to distinct different diffusion-
weighting configurations by the b-value only. However, the presented algorithm can also
be used with multiple gradient directions. Then the distinction of the diffusion-weighting
configurations is done by the tuple of b-value and gradient direction (𝑏,G) instead of the
b-value alone. With this simple change all presented procedures can be used equivalently.

3.2.5. Alternative Methods

Several alternative methods to reduce respiratory-motion-induced artifacts in the abdomen
are in clinical use or were proposed (Table 3.4). In this chapter a short review of these
methods is presented to contextualize MoCo DWI. In general, respiratory motion handling
for DWI can be grouped into prospective and retrospective methods. Prospective methods
may or may not require support by the subject to measure. The retrospective methods
can be sub-categorized into methods which use motion compensation. A comparison and
classification compared to MoCo DWI is presented in Section 5.4.

Prospective Methods

Breath-hold From a technical point of view, the fastest accomplishable method is breath-
hold. Before the measurement starts, the subject is told to hold the breath, often inhaled.
Typically, this offers a time frame of 20 s to 30 s (Schmid‐Tannwald et al. 2013) in which the
respiratory motion is suppressed. To reduce the measurement time of DWI to this period
of time, a trade-off between field-of-view, resolution, number of b-values and number of
averages has to be made. For this reason, this is typically used only if few slices have to
be measured. Multiple breath holds are possible but not favored in clinical use. Also, this
adds the issue that reproducibility of the motion phases decreases while the patient fatigues.
However, not all patients are able to hold their breath, e.g. patients with asthma, dementia
or children (Gottumukkala et al. 2019; Jaimes and Gee 2016).
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3.2. Image Reconstruction and Post-Processing

Publication Sketch of Method

Common, cf. Chandarana and Taouli (2010) Motion average (no motion handling, No
MoCo)

Gottumukkala et al. (2019) and Shenoy-
Bhangle et al. (2017) among others

Breath-hold

Kandpal et al. (2009), Nguyen et al. (2014),
and Taouli et al. (2009) among others

Prospective triggering

Y. Liu et al. (2017) Extension of measurement time to allow
for loss-free retrospective gating

van de Lindt et al. (2018) Retrospective gating with interpolation of
missing data

Mazaheri et al. (2012) and Ragheb et al.
(2015)

Affine registration

Guyader et al. (2015) b-spline registration, groupwise
intra-volume, pairwise between b-values

Sanz-Estébanez et al. (2018) Combined ADC calculation with groupwise
b-spline registration with total-variation
constraint on ADC

Table 3.4.: Overview of work addressing respiratory motion during DWI.
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Triggered Methods Also in clinical use are triggered methods. Here the measurement is
started as soon as a specific motion phase is detected, typically the end-exhale phase. This
detection can be done by several methods, e.g. by the cushion which is also used for MoCo
DWI. More advanced techniques constantly perform a 1D GRE sequence to track the liver
position. As soon as the liver reaches the desired position, the actual DWI measurement is
started for a predefined amount of time. This procedure is repeated until all data are acquired.
The result is a single 3D volume per b-value (averaging is possible).

This technique provides free-breathing image acquisitions. The acquisition can be sup-
ported by the patient by slower and shallow breathing to spend more time in the desired
motion phase. Even with this support, the measurement time is prolonged by a factor of 2.5
to 3 (Taouli et al. 2009) or even more (Shenoy-Bhangle et al. 2017) compared to continues
(motion ignoring) measurements. Another drawback is that (potentially large) parts of the
measurement time are not used to improve the data acquisition but waiting.

Y. Liu et al. (2017) A variation of the triggered acquisition was proposed by Y. Liu et
al. (2017). They performed constant measurements while using the previously described
cushion for the detection of motion phases. The cushion signal is then used to determinewhen
enough data for all motion phases are acquired. Only then the measurement is terminated1.
However, the measurement is not adapted to the respiration in any other way. Afterwards, a
retrospective gating (based on the cushion signal) is used to gain 4D DWI (Section 3.2.3).
The measurement time was reported to be 5min to 10min (4 combinations of b-value and
gradient-direction, no averaging, unstated number of slices).

Retrospective Methods

Recently more advanced methods to acquire free-breathing DWI were proposed without
prolonging the measurement time.

Van de Lindt et al. (2018) suggested a similar technique to Y. Liu et al. (2017). But instead
of prolonging the measurement time to prevent gaps, the inevitable gaps are closed by
interpolation. This interpolation uses spacial as well as temporal neighbors. Furthermore,
van de Lindt et al. (2018) used a self-gating signal (“self-sorting signal (SsS)”) based on
correlation of the individually acquired slices to identify the motion phases.

1The publication was not precise on how the termination was performed. It is possible that the measurement
time, required to fulfill the abortion criterion, was estimated before the measurement.

44



3.2. Image Reconstruction and Post-Processing

Retrospective Methods with Motion Compensation

Closest to MoCo DWI are algorithms which use motion compensation. Here four studies are
sketched. Thereof one uses rigid, one semi-regid and the other two b-spline registrations in
different ways. An important difference of these methods compared to MoCo DWI is that
the motion is solely estimated on DWI.

Mazaheri et al. (2012) introduced a technique to compensate motion using affine reg-
istration. They use a similar DWI sequence as in MoCo DWI, where each acquired slice
is treated independently of each other. The registration which uses mutual information as
similarity measure, compensates rigid motion (translation and rotation) as well as shearing
(each in all three dimensions). Thus, 12 parameters had to be estimated per slice.

Nevertheless, it was not possible to do so for higher b-values due to low SNR (they used 9 b-
values in the range from 0 s/mm2 to 800 s/mm2). Thus, the registration was only performed on
low b-values (the threshold for “low b-value” was determined empirically). These estimated
parameters were then transferred to adjacent (high) b-values by interpolation.

To prevent long temporal distances, for each slice the b-values were acquired right after
each other in an interleaved order (different from the sequence used for MoCo DWI where
first the full volume for a fixed b-values was acquired). The registration was done pairwise
with a single target volume. But is was not described in which way the target volume was
selected. Accordingly, the results are 3D volumes in a presumable random respiratory motion
state.

Ragheb et al. (2015) The “Local-Rigid Alignment (LRA)” uses a rigid registration algo-
rithm with the option to drop slices. For the measurement a similar sequence to MoCo
DWI is used. However, three b-values with three gradient directions each are measured.
Furthermore, four averages for each volume are used, so in total 36 (non-averaged) volumes
are acquired. The measurement time is 16:32min.

The image registration is performed using a brute-force search to align body contours in
the upper right quadrant of the abdomen (including parts of the liver). From the registered
slices the 4 best-matching slices are used and averaged, the others are dropped. This is
repeated for each combination of b-value and gradient direction. Afterwards, the three
gradient directions are combined to single volumes per b-value. Since each slice is handled
seperatly, including the ones in a single 3D volume, the image registration is not strictly
rigid (semi-rigid).

As outstanding property of this method, Ragheb et al. (2015) highlight the quick recon-
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struction time compared to methods like Guyader et al. (2015).

Guyader et al. (2015) This proposed method uses three registration and motion com-
pensation steps. The order of acquired slices and b-values is the same as for MoCo DWI
(Section 3.1.2). Therefore, a groupwise image registration between the odd and even slices
(each are acquired consecutively) is used (“intra-image registration”). Then a second group-
wise registration co-alignes the volumes within each b-value. The final volumes are then
gathered by a pairwise registration between b-values (“inter-image registration”).

The b-spline registration (Klein et al. 2010) is performed with 64mm distance between
control points. Thus, there are three control points in the main motion direction.

Sanz-Estébanez et al. (2018) A different approach to image registration was proposed
by Sanz-Estébanez et al. (2018). In this trail an iterative reconstruction was performed which
integrated a spatial total variation (TV) constraint on the ADC-map with a groupwise, b-
spline registration. In this way the image registration was consecutively updated to better fit
the mono-exponential model. Further constrains foster smooth deformations. The advantage
of this method is that all available b-values are utilized for image registration and not only
two (source and target) as other methods described before.

3.2.6. Reconstruction Hardware

All reconstructions were done on a commercially available computer with 56 (logical) cores
and 192GB of RAM (Table 3.5).

Component Configuration

System Model Fujitsu CELSIUS R940power
Processors 2 × Intel Xeon CPU E5-2697 v8 (x64)
Cores 28 cores, 56 logical cores
Main Memory 192GB (physically but not completely usable due to limitations of

the operating system: 256GB)
Operating System Microsoft Windows 7 Professional (SP 1)
Compiler Microsoft Visual Studio Community 2015,

Version 4.0.25431.01 Update 1

Table 3.5.: Configuration of the reconstruction computer.
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3.3. Evaluation

The evaluation of MoCo images for medicine is an ongoing issue (McClelland et al. 2013).
The problem is that ground truths are typically not available or it is impracticable to create
realistic ground truths for in vivo experiments. For this reason several quantitative measures
— which are necessary for improved image quality — are evaluated in this study: the width
of edges (edge response) and noise. Besides these, qualitative changes are presented.

3.3.1. Edge Response

The edge response (Smith 1997) is used to quantify the width of an edge. It targets to mimic
human perception and results in low values (≥ 0mm) for sharp edges. For a given line profile
the edge response is defined as distance between 10% to 90% of the signal (Figure 3.9). This
technique was also used in Dávid, Vahle, Grimm, Bachert, et al. (2019a).

The line profiles are positioned at three reproducible positions (Figure 3.8):

(a) The liver-lung interface at its most cranial position,

(b) the edge between gall bladder and liver, at the most cranial position of the gall bladder,
as well as

(c) the edge of the right kidney in extension of its major axis.

Deviations of some pixels are possible if other structures would corrupt the edge response.
This is especially the case if blood vessels are present. In volunteer 4 the gall bladder is only
evaluated for 𝑏 = 50 s/mm2 and 400 s/mm2 because in the 𝑏 = 800 s/mm2 volume the edge is
not detectable due to low SNR. The same issue holds for volunteer 8 where the profile was
replaced to cover the lower edge of the gall bladder.

3.3.2. Noise Evaluation

A comparison of signal-to-noise ratio (SNR) between the images without and with motion
compensation is done, similarly to Guyader et al. (2015). Therefor, the upper five slices of
the liver are segmented based on the motion average (No MoCo) volumes (Figure 3.10) with
𝑏 = 50 s/mm2 and 800 s/mm2. If the most cranial slice shows mainly the lung, the slice is
ignored. This is to prevent significant influence of partial volume effects. The upper five slices
are selected because they are more homogeneous than the lower parts since they typically do
not contain large vessels. If vessels with a diameter of several pixels occurred anyway, they
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(a) Liver-Lung Interface (b) Gall bladder-Liver Interface (c) Kidney Tip

Figure 3.8.: Positioning of line profiles (𝑏 = 50 s/mm2, windowing differs between all images)
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Figure 3.9.: Determination of sharpness via the edge response. The line profiles are extracted
at the same position from the images (in this work only in-plane line profiles are
used for highest resolution). The physical distance on the x-axis between 10% and
90% (marker) of the individually normalized lines’ height are used as sharpness.
Shown is a typical result for the liver-lung interface for 𝑏 = 800 s/mm2.
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(a) Axial (in-plane) view (b) Coronal view showing the five slices

Figure 3.10.: Positioning of ROIs for the evaluation of noise. The upper five axial slices of
the liver are manually segmented, sparing larger vessels if necessary (as in this
example).

are not part of the segmentation. To prevent errors caused by over-sized region of interests
(ROIs), the segmentation is eroded by 5 pixels in-plane.

For evaluation of the noise the interquartile range (IQR) and 1.5 × IQR is used. The
interquartile range (IQR) is defined as the width of the interval which contains the central
50% samples. These quantities can be used for a wide range of noise distributions. This is
important because MoCo DWI changes the noise distribution by averaging multiple images
(Equation (3.9)). The noise distribution is typically not of interest for diagnosis, for this
reason the type of distribution is ignored henceforth.

3.3.3. Apparent Diffusion Coefficient (ADC)

The effect of MoCo DWI on the apparent diffusion coefficient (ADC, Section 2.4.3) is evaluated
qualitatively and quantitatively. The ADC-maps are calculated with a voxel-wise, mono-
exponential fit (Equation (2.12)) using Python and Scipy. Since the lowest b-value in this
study is 𝑏 = 50 s/mm2 the mono-exponential fit is adequate (no intravoxel incoherent motion
effects expected). For the quantitative analysis the same ROIs as before is used (Section 3.3.2).

3.3.4. Gaussian Blurring ADC

This method was taken from Guyader et al. (2015) to ensure that the improvement of the
ADC is caused by the motion compensation and not by the concomitant blurring of the
volume. Also Ragheb et al. (2015) used a modified version of this technique. The method
itself is not relevant for clinical use.
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To test if blurring is dominant in causing the changes, this method blurs the volume of
each b-value first. These blurred volumes are then used to calculate the ADC. The Gaussian
blurring with 𝜎 = 1 pixel is applied in all three dimensions. Originally Guyader et al. (2015)
selected this value to efficiently remove their most conspicuous respiratory motion induced
artifact: the displacement of neighboring slices caused by the interleaved slice acquisition
pattern (as in Figure 4.3b).

Differently from Guyader et al. (2015) the present study uses multiple averages as this is
common in clinical use. So this artifact is not as prominent as in the previous study. The
original configuration is used for best comparability, nonetheless. Also, the motion errors are
the same, even if the consequences are not as prominently visible as in the original study.
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4.1. Volunteer Population

The measurements were done with healthy, professional volunteers who have experienced
dozens or more MRI measurements before. All volunteers gave their informed and written
consent before each measurement. They also had the opportunity to ask questions.

Eleven volunteers in the age from 33 years to 71 years (median 53 years) were measured.
The body mass index (BMI) ranged from 19 kg/m2 to 34 kg/m2 (median 26 kg/m2). The ratio
of female volunteers was 45% (full list of volunteers in Table 4.1). The body mass index is
calculated as 𝑤

𝑙2 with 𝑤 being the weight and 𝑙 the body size (WHO 2004).

4.2. Joint-MoCo-HDTV

The reconstructions of the joint-MoCo-HDTV algorithm — which generated the motion
vector fields for the following motion-compensated diffusion-weighted imaging — did not
show unnatural motion in any but one volunteer (Volunteer 10, Figure 4.13). Deviations
from this observation are possible at the edge of the FoV or the bowels – parts which do not
affect the regions handled in this study.

Joint-MoCo-HDTV has detected motion mainly at edges/contrast changes, as expected. In
most volunteers the detected motion amplitude (magnitude of the motion vector field), was
higher at the upper and lower edge of the liver than in between (Figure 4.1).

Comparing the individual motion phases after warping to the final motion phase, and
prior to recombination to the final joint-MoCo-HDTV volume, showed that motion is not
compensated completely in all individuals (Figure 4.2).

4.3. Retrospective Gating for DWI

The respiratory gated volumes are an intermediate step of the MoCo DWI processing. In
the representative examples shown (Figure 4.3), the reduction of motion blurring can be
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Volunteer Gender Age [Years] BMI [kg/m2]

V1 F 49 28
V2 M 71 19
V3 F 55 34
V4 M 66 24
V5 F 46 25
V6 M 79 28
V7 M 67 27
V8 F 51 29
V9 M 63 27
V10 M 47 20
V11 F 33 26

Table 4.1.: Overview of volunteer population.
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Figure 4.1.: Amplitude of motion vector fields determined by the joint-MoCo-HDTV between
adjacent phases (three representative phases out of ten). For end-inhale and
end-exhale the velocity is small. Most motion occurs in mid inhale and was
thus detected there. At locations with contrast changes, especially edges, higher
displacement was detected while in the inner part of the liver joint-MoCo-HDTV
detected only small motion.
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Figure 4.2.: Warped volumes from the joint-MoCo-HDTV algorithm before they were com-
bined to the final volume. The color overlays of the warped images (left and
center) and the destination phase (right) show that the respiratory motion is not
fully compensated. Especially the end-inhale phase does not reach the desired
positions in the liver and kidney.

Phase Number of Gaps [slices]
8 avgs 16 avgs

All 17.0 ± 8.5 10.5 ± 7.9
End-Inhale 18.6 ± 6.2 10.4 ± 6.2
End-Exhale 15.6 ± 8.1 6.3 ± 5.7

Table 4.2.: Average number of gaps caused by retrospective gating of a volume with 35 slices
into 10 bins.
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observed. However, the gated images showed poor SNR and were prone to signal voids.
Both adverse effects, low SNR and signal voids, increased with increasing b-values.

Additionally, the retrospectively gated volumes could contain gaps. These gaps occurred
because each slice was assigned to a single bin after acquisition. On average 17.0 ± 8.5 of
35 slices were missing for the volumes with 8 averages and 10.5 ± 7.9 slices were missing if
16 averages were used. In the end-exhale phase only 15.6 ± 8.1 and 6.3 ± 5.7 missing slices
were counted, respectively (Table 4.2). The given errors are the standard deviation.

The images without motion handling (No MoCo) can contain artifacts between slices
which were caused by the interleaved acquisition scheme (e.g. in Figure 4.3b). They appeared
as undulating edges between neighboring slices while the edges of every other slice were
aligned. However, they were not visible in all data sets (e.g. Figure 4.3a). Similarly, motion
blurring could not be observed or distinguished from other effects, in many slices of the No
MoCo images, especially in the axial measurement protocol.
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Figure 4.3.: Comparison of volumes (𝑏 = 400 s/mm2, 8 averages) without motion handling
(left) and retrospectively gated images (right). The No MoCo volumes show
high SNR but suffer from motion blurring, especially at the edges of liver and
kidney (white arrows). In the coronal view of (b) the motion artifacts stand out
as undulating edges (white arrows). The motion artifacts are removed in the
retrospectively gated images (right, here end-exhale phases). However, due to
gating the image consists of few averages only which leads to low SNR and signal
voids (red arrows). Also due to the gating, some of the 35 slices in the 3D volume
are missing (red).
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4.4. Motion-Compensated Diffusion-Weighted Imaging
(MoCo DWI)

4.4.1. Qualitative Evaluation

The sagittal protocol offers the highest resolution in the main direction of motion. Thus, it is
expected to be optimal for quality control since potential errors of the post-processing are not
easily hidden by partial volume effects or insufficient resolution. Representative examples
of two volunteers which differ in gender and physique (body mass index of 19 kg/m2 and
29 kg/m2) are presented (Figures 4.4 and 4.5). Without motion handling, especially the liver
suffered from motion blurring (Magnifications A), but also smaller structures like blood
vessels were blurred (Magnifications B). With MoCo DWI the motion blurring was clearly
reduced (Figures 4.4 and 4.5).

The motion blurring was most prominent at the liver-lung interface and, to lower extent,
at the upper part of the kidney (the sagittal protocol covered only the right kidney). Within
organs the motion blurring was often not observable or not perceived as such. Also the
validation based on these images only was challenging because the available ground truth —
the retrospectively gated images — suffered from low SNR, and thus details were potentially
unrecognizable due to noise. In the presented images this validation was possible. Also, many
slices did not show (perceivable) motion blurring in the motion average images and thus an
improvement or change was not expected. This happened especially in acquisitions with
axial plane orientation which had low resolution in the main motion direction (Figure 4.6).
Through-plane views (Figure 4.7) showed improved alignment of neighboring slices achieved
by MoCo DWI (this artifact was not observable in all data sets).

Gaps in the volume which were observed in the retrospective gating were closed in
the inner of the volumes. Typically, several voxels near the border of the FoV were not
reconstructible. The end-exhale phase often showed better improvement than the end-inhale
phases (e.g. Figure 4.6).
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Figure 4.4.: Volunteer V2 (male, 71 yr, 50 s/mm2 and 400 s/mm2), in-plane view with compar-
ison of motion average (No MoCo) volumes and motion-compensated diffusion-
weighted imaging in end-exhale and end-inhale phases. (Magnification A) The
improvement is most clearly observable at the interface of liver and lung. (Mag-
nification B) Also vessels within the liver profit from the motion compensation.
Another orientation of this volunteer is presented in Figure 4.7.

57



4. Results

80
0 

s/
m

m
2

50
 s

/m
m

2
80

0 
s/

m
m

2
50

 s
/m

m
2

Motion Average
(No MoCo)

Motion-Compensated DWI (MoCo DWI)

b 
= 

50
 s

/m
m

2
b 

= 
80

0 
s/

m
m

2
End-Exhale End-Inhale

M
ag

ni
fic

at
io

n 
A

No MoCo MoCo DWI
E.-Exhale E.-Inhale

M
ag

ni
fic

at
io

n 
B

Figure 4.5.: Volunteer V8 (female, 51 yr, 50 s/mm2 and 800 s/mm2), in-plane view as in Fig-
ure 4.4. Motion blurring is clearly visible at the liver-lung interface (Magnification
A) and close to the kidney (Magnification B).
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Figure 4.6.: Volunteer V4 (male, 66 yr, 50 s/mm2 and 400 s/mm2). Windowing adopted to the
shown area and b-value. (Magnification A) Due to motion blurring fine structures
were extended in motion average images and (Magnification B) the edge of the
spleen was blurred. MoCo DWI does not show these artifacts.
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Figure 4.7.: Motion-compensated diffusion-weighted imaging (MoCo DWI) results for vol-
unteer V2. The motion averaged images show motion blurring, and undulating
edges between neighboring slices (arrows). Both could be solved with MoCo
DWI.
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4.4.2. Edge Response

For quantitative evaluation the spread of edges in several organs was evaluated (method
described in Section 3.3.1). In all following evaluations the end-exhale phase in retrospectively
gated DWI and MoCo DWI is used. The line profiles were examined at the interface of lung
to liver (Figure 4.8), the right kidney’s tip (Figure A.5) and the interface of the gall bladder to
the liver (Figure A.4)

The liver-lung interface in MoCo DWI was at least as sharp as in imaging without motion
handling in 9 of 11 volunteers (Figure 4.9a). In this regard, changes of about 1.5mm were in
the range of the resolution and thus considered unchanged (V3, V7, V5). Only in V1 and V6
a decrease of sharpness by MoCo DWI was observed.

The other line profiles were (potentially) positioned diagonally. So the resolution was
reduced up to 2.5mm (pixel diagonal). Taking this into consideration MoCo DWI was often
similar (8 cases) or superior (3 cases) to No MoCo at the gall bladder-liver interfaces. The
sharpness of the right kidney’s tip showed mixed changes.

The measurement was evaluated using the Wilcoxon-Signed Rank test. It indicated an
improvement of sharpness of line profiles by MoCo DWI. However, the number of volunteers
measured was not large enough to statistically confirm the hypothesis that MoCo DWI
shows an improvement for clinical application (p-values > 0.05, Table 4.3).

4.4.3. Noise Evaluation

Noise is a major concern in MRI and especially in DWI. To test for changes of noise caused
by MoCo DWI an ROI (Section 3.3.2) in the liver was evaluated at parts where homogeneity
is expected (Figure 4.10). The ROIs contained at least 11 766 voxels, except for the retro-
spectively gated volumes where the ROIs could contain less voxels due to gaps. However,
the lowest valid ROI contained 2298 voxels and in two volunteers (V2 𝑏 = 50 s/mm2 and V6
𝑏 = 400 s/mm2) no data at all were available because no slice of retrospective gating in the
end-exhale phase was in the ROI. On average the ROIs contained (20 449 ± 5047) voxels

Position Number of Profiles Wilcoxon Signed-Rank p-Value

Liver dome 33 192 < 0.06
Gall bladder 30 181 < 0.15
Kidney Right 33 249 < 0.29

Table 4.3.: One sided Wilcoxon signed-rank test for sharpness improvements of selected
edges.
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(a) 𝑏 = 50 s/mm2

(b) 𝑏 = 400 s/mm2

(c) 𝑏 = 800 s/mm2

Figure 4.8.: Representative line profiles of the liver-lung interface for different b-values and
the post-processing algorithms. The images show the motion averaged slices
which were used for positioning of the profiles. In all cases the MoCo DWI shows
a sharper increase than the motion averaged (No MoCo) images, indicating an
improved sharpness. The sharpest edge is observed in the retrospective gating
(only in (a), due to gaps in the other retrospectively gated volumes).
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(b) Right Kidney’s Tip
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(c) Gallbladder-Liver Interface
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Figure 4.9.: Change of edge response (sharpness) by the use of motion-compensated diffusion-
weighted imaging in different organs of 11 volunteers.
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for No MoCo and MoCo DWI. The average in the retrospectively gated volumes was
(15 493 ± 7359) voxels.

The median signal of the MoCo DWI was equal to the motion averaged DWI within the
uncertainty. In 10 of 11 volunteers the noise measured as IQR as well as 1.5 × IQR was
reduced by MoCo DWI (the outlier was volunteer 4). The retrospectively gated volumes
showed increased noise in all used quantities, even though they could contain less voxels.

4.4.4. Sources of Errors

In the previous sections some volunteers have shown lower quality. This is analyzed in
more detail in this section. The potential distortion between the GRE sequence for the
motion estimation and DWI sequence was explained before and is thus not repeated here
(Section 2.3.3).

Incorrect Gating

The decreased sharpness after the application of MoCo DWI in volunteer 1 can also be
verified by the images themselves (Figure A.6a). Further investigations showed that the
respiratory belt signal, which was used as basis for the gating, shows plateaus and only short
breathing phases (Figure 4.11). Also several quick reflections were visible. Compared with
the self-gating signal (where this was available) the breathing was also faster and remained
in end-exhale and end-inhale phases longer (Figure A.6b). Correspondingly, the correlation
coefficient between self-gating signal and cushion signal is as low as 0.68.

The retrospectively gated volume showed unexpected behavior (Figure 4.12). While
between several motion phases nearly no motion of the liver or kidney was observable,
another phase showed a deep inhaled motion state (Figure 4.12a). However, the same motion
state was exhaled in the other b-values (Figure 4.12b).

Incorrect Motion Estimation

Another deterioration of sharpness was observed at the kidney’s tip in volunteer 10. In
this case the joint-MoCo-HDTV showed a warping artifact in the kidney in the end-inhale
respiratorymotion phase (Figure 4.13). The classification as artifact was proofed by comparing
with the previousmotion phases and the retrospectively gated slice of the same phase. In these
images the shape differed from the result presented by the joint-MoCo-HDTV. Furthermore
was observed that the position of the artifact also the contrast in the retrospectively gated
volume was low and impaired by streak artifacts, especially in motion phase 5.
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Figure 4.10.: Validation of signal and noise in the ROI of the upper liver. The median of DWI
and MoCo DWI agree for all volunteers. The IQR and 1.5 × IQR are lower in
MoCo DWI in 10 of 11 volunteers. 65
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Figure 4.11.: Excerpt of the respiratory surrogate signals for V1. For comparison an interval
was selected in which also the self-gating signal was available and can be used as
ground truth. The cushion signal diverged from that self-gating signal, especially
notable by the plateaus (left two arrows) and high frequency deviations (right
two arrows). Both patterns repeated at different points in time.

(a) 𝑏 = 400 s/mm2 for motion phases 1, 2, 3 and 9. The first three available motion phases for this
slice show nearly no motion. However, the last one shows a significantly different, inhaled
motion state.

(b) Near end-exhale (Phase 9) for all b-values 50 s/mm2, 400 s/mm2 and 800 s/mm2. Clearly visible
is the different, inhaled, respiration state of the 𝑏 = 400 s/mm2 slice, even if the PMU suggest
the same motion phase.

Figure 4.12.: Retrospectively gated volumes for V1 where MoCo DWI caused images with
reduced sharpness.
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Figure 4.13.: Volunteer 10, joint-MoCo-HDTV reconstruction of the GRE sequence. In this
case the right kidney was not plausibly deformed in the end-inhale phase
(arrows). Also the shape does not fit to the retrospectively gated image. Most
prominent is the blurring of the liver-kidney interface which is clearly visible in
the motion phases 1 and 4. At the same position the retrospectively gated images
(upper row) show low contrast and deterioration from (streak) artifacts. This
indicates the streak artifacts may be the reason for the incorrect deformation.
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4.4.5. Apparent Diffusion Coefficient (ADC)

The apparent diffusion coefficient (ADC) is an important tool for diagnostics and especially
vulnerable tomotion. In this studymotion artifacts in themotion averaged ADC andGaussian
blurring ADC (Section 3.3.4) most prominently manifested as hypointense areas near edges
(Figures 4.14a and 4.14b). It was possible to safely classify them as artifacts because the ADC
in the liver and spleen are expected to be homogeneous in healthy volunteers. Also, the
artifacts do not occur in all slices, especially not in neighboring slices. These artifacts are
slightly reduced in Gaussian blurring ADC. With MoCo DWI, however, these artifacts are
removed or clearly reduced.

The evaluation of the ADC in the ROI of the liver showed a reduction of noise, measured as
decrease of IQR and 1.5×IQR (Figure 4.15). Themedian ADC values of Gaussian blurring ADC
and MoCo DWI agree within the IQR of the ADC from the motion average reconstruction.
A trend in a specific direction (increase or decrease) was not observed. In any case the ADC
with prior Gaussian blurring showed less noise regarding both quantities and compared to
both other post-processing algorithms.

In one volunteer (V9) negative values for ADC occurred. They were caused by insufficient
coil normalization by the scanner causing high noise. This noise can lead to incorrectly low
signal intensities in images of low b-values in some voxels.
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Figure 4.14.: Comparison of the three algorithms motion average (No MoCo), Gaussian
blurring ADC and MoCo DWI for the end-exhale phase in two volunteers, one
slice each. The artifacts are visible as dark areas (arrows) in the No MoCo.
These artifacts are also visible in the Gaussian blurring ADC to a smaller extend.
Whereas they do not appear in the MoCo DWI images.
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Figure 4.15.: Comparison of the ADC in the upper liver ROI for the three algorithms motion
average (DWI), Gaussian blurring ADC and MoCo DWI. Within the errors, the
ADC matches in all three post-processing algorithms. The noise (measured as
IQR and 1.5×IQR) is lower in Gaussian blurring ADC andMoCo DWI compared
to DWI. Notably the Gaussian blurring ADC shows even lower noise in the ROI
than both other methods.
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In this chapter MoCo DWI is critically discussed. Not only to interpret the results but also to
show potential limitations to improve the planning of potential, following clinical studies.

Therefore, this chapter is divided into five sections. The first two sections discuss the
partially preexisting methods used for MoCo DWI. Section 5.3 discusses the results of the
in vivo scans. This includes the discussion of the ADC-maps which is recommended as
most important section in this chapter (Section 5.3.5). Section 5.4 puts MoCo DWI into the
context of other DWI studies for respiratory motion control. Finally, this chapter ends with
an outlook with recommendations for further development.

5.1. Joint-MoCo-HDTV as Source for Motion Vector
Fields

The joint-MoCo-HDTV algorithm was used as source for the motion vector fields which
were independent of the DWI measurement. As described, it was used in ten peer-reviewed
publications before (Table 3.3). Thereof six used it for transferring motion information to
other imaging techniques than MRI. This makes joint-MoCo-HDTV a recommendable choice
to deliver the estimation of the respiratory motion in the form of motion vector fields for
MoCo DWI.

Being a core part of MoCoDWI, joint-MoCo-HDTV is essential for the quality and accuracy
of the motion-compensated diffusion-weighted-images. Thus, an additional discussion is re-
quired to asses potential errors and their influence on the reconstruction and post-processing.
For a full discussion of this algorithm Rank (2016) and Appendix B are recommended.

A reduced motion in areas of low contrast was observed, while the same organ’s upper
and lower edges move more, especially in the liver. This was expected because the used
Demons algorithm requires intensity changes for motion estimation. As a consequence it
can be concluded that the motion estimation is not accurate in these areas.

Accordingly, it was observed that after applying the motion vector fields the motion was
not fully removed. There are several reasons which can cause this underestimation. A
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potential cause are the application of the cyclic concatenated DVF, the cyclic constraint and
the temporal total variation (HDTV). However, all are also used to reduce errors and hence
cannot be eliminated.

The reconstruction duration of the joint-MoCo-HDTV, despite the significant improve-
ments achieved in this work, are rather long with over 1 h. However, the used implementation
is focused on research and thus not optimized.

Improving these concerns regarding the registration algorithm is beyond the scope of
this work. The benefit of the joint-MoCo-HDTV — the use of the fully deformable (and
thus non-rigid) Demons registration algorithm — persists. Also the GRE sequence could
be acquired in optimal configuration for motion estimation (especially the high resolution
in sagittal orientation and high temporal resolution). The described potential sources of
errors anticipate a conservative estimation of motion. For this reason full compensation of
motion is not expected. However, this full compensation is neither required nor possible,
independent of the registration algorithm used. For this reason, the conclusion drawn from
this study regarding MoCo DWI is not limited. Because the results of this work would be a
lower border of possible improvements (assuming a better registration algorithm exists or
will be developed).

5.2. Retrospective Gating for DWI

The retrospective gated DWI showed low SNR with increasing b-value and the volume is
not fully sampled but contains gaps. Signal voids were frequently observed. Even though
retrospective gating removed or reduced motion blurring compared to the motion averaged
volumes, the low SNR (especially in acquisitions with b-values above 50 s/mm2) makes this
method inconsiderable for diagnostic use. The SNR varied between (even neighboring) slices
and motion phases is some cases. This SNR variation was caused by varying numbers of
averages which were sorted into each motion phase. Even the volumes with low b-values —
despite high SNR — are unsuitable for image registration due to the gaps.

This is even more considerable in the axial protocol, where the resolution in the main
motion direction (cranial-caudal) is low compared with the respiratory motion amplitude.
In this study the slice thickness was 5mm with 1mm spacing between them (inter-slice
spacing). However, if the respiratory motion cannot be resolved, registration algorithms
cannot detect that motion. An improvement by reducing the slice thickness is not expected
because it would decrease the low SNR of the volumes furthermore.

The gaps themselves are inevitable because the slices with 𝑏 = 50 s/mm2 and 400 s/mm2
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are acquired with 8 averages but gated into more, 10, motion phases. The numbers of motion
phases could be reduced, but then an increase of motion blurring can be expected (Grimm
et al. 2015). Also hysteresis effects were observed (in accordance with Deng et al. 2016). Thus,
it is not simply possible to remove the distinction between inhaling and exhaling (halving
the number of motion phases).

For this reason the drawbacks of retrospective gating are not solved yet (without extending
the acquisition duration, cf. Section 5.4). Still, the retrospectively gated DWI is a good basis
for further processing using MoCo DWI because all described problems do not influence the
further processing.

5.3. Motion-Compensated Diffusion-Weighted Imaging
(MoCo DWI)

5.3.1. General Remarks

Evaluating motion compensation algorithms is challenging, not only for DWI. Especially due
to the lack of ground truth data. Therefore, this is an ongoing issue in the scientific community.
Methods to gather a ground truth could be the use of phantoms. However, physical phantoms
which offer ground truth data do not offer the same complexity of respiratory motion as
in vivo studies. For instance phantoms are typically of low complexity, simulate unnatural
motion and present sharp borders. This simplifies the situation for the registration algorithm
artificially. The results gathered in this way do not allow to derive information for in vivo
studies. Thus, natural, in vivo motion is preferable since the registration algorithm is a crucial
part of MoCo DWI.

Alternatively, the ground truth could be generated by extending the measurement time
until enough data is acquired to allow retrospective gating without reducing image quality.
This time emerged to be unfeasible long. So, previous studies measured the same volunteer
twice (with up to several days in between) to allow comparisons of ADC between the two
examinations, assuming constant ADC over time. This assumption is of risk for neglecting
other factors (e.g nutrition or natural variation) which may eclipse effects of the respiratory
motion. For this reason, in this work, parts of the evaluation was done using a measurement
with sagittal plane orientation.

The selection of volunteers is crucial for the results of in vivo studies. Admittedly, the
cohort of healthy and experienced volunteers may show different abdominal motion than
potential (nervous) patients. On the other hand the volunteers in this study were well spread
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in age and physique for a proof-of-concept study. Other studies with motion compensation
were successfully performed with more homogeneous cohorts, smaller cohorts or did not
contain information about the volunteer population (cf. Y. Liu et al. 2016; Nguyen et al. 2014;
Ragheb et al. 2015; Sanz-Estébanez et al. 2018; van de Lindt et al. 2018).

5.3.2. Qualitative Observations, Sharpness and Noise

The sagittal plane orientation is not of interest in clinical use for abdominal imaging. However,
they are well suited for quality control because the high resolution in the main motion
direction (cranial-caudal) reduces partial volume effects. This is important because more
precise analysis of the sharpness-improvement became possible. This, the sagittal acquisitions
are used for quality control of MoCo DWI. For this purpose the volumes of each b-value are
considered separately.

Qualitative observations show reduction of motion blurring compared to the motion
averaged volumes. The upper edge of liver benefits most, because there the highest motion
occurs. Changes in imaging of blood vessels caused by MoCo DWI are not easily evaluated.
This is caused by the slice thickness of 5mm, which is likely larger than typical vessels. So
the vessels’ orientation relative to the acquisition grid determine its sharpness — even if no
motion occurs (Figure 5.1). Anyway, in some volunteers an improvement of small structures
could be proofed. This is of high interest as they work as surrogates for structures of clinical
relevance.

Many motion-averaged slices show low or even no motion blurring. In these cases MoCo
DWI cannot provide a benefit if images of single b-values are accessed. This indicates that
MoCo DWI is a technique to increase robustness of DWI measurements and prevent outliers.

This is also supported by the evaluation of the sharpness (measured via the edge response).
An improvement for volunteers in general cannot be proofed with statistical significance.
Nevertheless, this does not mean there is no effect (cf. Amrhein, Greenland, and McShane
2019). Quite the reverse is observable; the sharpness of the liver-lung interface and gall
bladder-liver interface profit from MoCo DWI in some volunteers. Admittedly, in a clinical
trail the number of test cases has to be increased for a reliable statistical analysis.

The mean values in the ROI did not show deviations between motion averaged volumes
and MoCo DWI. Also, the noise (IQR and 1.5 × IQR) agrees in these two quantities with a
small tendency for reduced noise in MoCo DWI. This demonstrates that MoCo DWI and its
introduced weight factors (Equation (3.8)) fulfill their purpose. This is of special importance
because these volumes are used to calculate the ADC-maps. A reduction of noise by MoCo
DWI is expected because motion compensation algorithms have a tendency for intrinsic
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Figure 5.1.: Partial volume effects in volumes with anistotrop resolution. The exemplary
object (blue) would be affected by partial volume effects in several voxels (orange).
The low resolution in y-direction causes partial volume effects even in x-direction
which has an higher resolution.

blurring which are caused by imperfect motion vector fields and the required interpolations
during warping.

In this evaluation large ROIs with more than 11 000 voxels are used. The benefit is the
reproducible and non-biased selection. The huge number of voxels ensures that small
structures (e.g. blood vessels or lesions) do not influence the result inadequately. This
robustness is furthermore supported by the use of IQR (or 1.5 × IQR) to compare noise.
Other studies assume a specific noise distributions, typically a Rician distribution for the
noise of magnitude images (Gudbjartsson and Patz 1995). Instead, these distributions are
not applicable for MoCo DWI anymore because of the voxel and motion phase dependent
weight factors used.

Transfer of DVF Between Modalities

MoCo DWI transfers the motion of one time frame — the GRE measurement — to another
— the DWI measurement. Of course this requires an unchanged breathing pattern of the
subject during this time period. This assumption is widely established and used in PET/MR
(Section 2.7) and also in alternative methods to MoCo DWI (Section 5.4, cf. Chun et al. 2012;
Dolde, Dávid, et al. 2019; Dolde et al. 2018; Grimm et al. 2015 and many others). The joint-
MoCo-HDTV — which is used in this study — was successfully tested in a similar scenario
by transferring the DVF to PET of the lung (Asif et al. 2013; Rank, Heußer, Wetscherek, et al.
2016).

As shown, the contrast in the T1-weighted GRE sequence which is used to generate the
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motion estimation, and the T2-weighted DWI sequence partially differ. Only the motion
which is visible in the GRE can be well compensated1. As discussed before, the DWI
measurement itself is not suitable for motion estimation due to several reasons. Moreover,
the split allows to optimize the GRE sequence for motion estimation. For example shorter
repetition time and the radial k-space readout are thus possible.

In any case perfect DVFs are not even required, because any estimation that is better than
ignoring motion at all, will improve the images. In Section 5.5 methods to further improve
the DVFs and the transfer to DWI are suggested.

5.3.3. Sources of Errors

This study revealed that not all images acquired with volunteers were improved by MoCo
DWI. Here the respiratory cushion (PMU) presented itself as a possible point of failure. In
Section 5.5 methods are presented to eliminate these errors. A benefit of the respiratory belt
is its wide availability and it is well tolerated (even by childern, cf. Caldiroli and Minati 2007).

A major issues is that PMU signal did not represent the volunteers’ respiratory motion
in all cases. Logical the retrospectively gated volumes were corrupted and showed motion
blurring. Unavoidably this blurring persists in the following processing steps of MoCo DWI
and hence lead to deteriorated images. The reasons are diverse. Possible causes are non
optimal positioning of the cushion, variation of the breathing pattern after positioning —
e.g. due to relaxing or stress of the volunteer. This change may lead to over- or underflow
of the measurement scale of the ADC for the PMU. Also displacement of the cushion, the
belonging belt or the weighting receive coil can cause corruption of the belt signal.

Outliers which may be caused by coughing can only cause effects in isolated slices. The
PMU signal would be deteriorated at these time points. Nevertheless, the signal should
normalize quickly (if the cough did not cause a displacement of the cushion). The used
normalization is designed to be robust against such outliers. Hence, they do not affect the
signal in general.

Another potential issue is the already described distortion between EPI (used for DWI) and
GRE sequences. In this study the generalized autocalibrating partially parallel acquisition
factor was increased from the common value of 2 to 3. This allowed faster image acquisition
which reduced the EPI distortion. Also, vendor-provided distortion correction was used.
Despite these improvements, remaining distortion was proven in this study. Alternatively
the use of a separate EPI sequence optimized for motion estimation could be considered to
acquire the volume with similar distortion. This requires a different k-space acquisition (e.g.

1Due the algorithm used in this work, the motion has to be visible in the magnitude images of the GRE.
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stack-of-stars as in the GRE) to prevent the discussed holes. This suggests different distortion
as in the dw EPI.

The distortion due to the EPI sequence occurs in phase-encoding direction. But, for the
clinical, axial protocol the respiratory motion (and the resolution of the DVF) in that direction
is low. Thus, displacement by distortion is inherently reduced in this case.

5.3.4. MoCo DWI Algorithm

The used method of averaging in the retrospectively gated volumes and the recombination of
the motion phases after motion compensation changes the weighting of the acquired voxel.
For motion averaged images the weight of each acquired voxel influences the final voxel by
1/#avg (#acq number of averages for the considered b-value). Thus, if one slice is impaired by
artifacts — for example signal voids — its effect in the final image is lower than 1/#avg.

This is different in MoCo DWI. Due to the averaging in the retrospectively gated volumes
several slices can be combined. Afterwards, MoCo DWI combines these motion phases
again with a voxel and motion phase dependent weighting factor w (Equation (3.8)). This
is necessary to ensure consistent intensity values which are essential for ADC calculation.
However, this factor is independent of the number of slices averaged in the retrospectively
gated volume. For this reason in MoCo DWI each measured voxel is weighted differently
in the final volume. Instead, motion phases are weighted similarly. Deviations from equal
weighting of motion phases are possible due to holes and warping. As a result an artifact
occurring in one slice before recombination, may be (randomly) increased or weakened.

Nevertheless, this behavior of the algorithm is beneficially. Volunteers in supine position
stay longer in end-exhale phase than other motion phases. Thus, end-exhale motion phases
are weighted higher if all slices are weighted equally. As a result, motion blurring can
apparently be reduced (this effect was also observed in context of Dávid, Behl, et al. 2019).
This risks that not the motion compensation is evaluated but the breathing pattern. Therefore,
this effect has to be reduced, to test if the motion compensation by transferring the DVF is
the improving effect. Given the above, the used, equal weight of motion phases is beneficial
for the evaluation of MoCo DWI. This is not required in clinical use where equal weighting
of each slice is favorable to prevent over-weighted influence of artifacts (as signal voids).

5.3.5. Apparent Diffusion Coefficient (ADC)

Without motion compensation the ADC maps showed artifacts in several slices. They
manifested most prominent in the form of areas with reduced ADC along edges in cranial-
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caudal direction. MoCo DWI, instead, could remove or reduce these artifacts.
Generally motion compensation can cause intrinsic blurring. To prove that the observed

artifact reduction is caused by the motion compensation and not by this blurring, a test with
the Gaussian blurred ADC was performed. In the results the artifacts were indeed reduced
by Gaussian blurring ADC compared with motion average volumes. Nonetheless, they are
not reduced/removed as clearly as in MoCo DWI. On the other hand, the noise was reduced
significantly compared to the ADC gained from motion averaged DWI and MoCo DWI. This
suggests that the blurring effect of the Gaussian blurring ADC is higher than any potential
blurring caused by MoCo DWI. To summarize, Gaussian blurring ADC shows more artifacts
and higher blurring at the same time. This suggests that the artifact reducing effect of MoCo
DWI is caused by the motion compensation — and not any concomitant blurring effect.

The results also show that the respiratory motion causes artifacts especially in the derived
quantity ADC, which is congruent with Ragheb et al. (2015). For this reason the main benefit
of MoCo DWI is the increased reproducibility of the respiratory motion states between
b-values. It is most likely that the desirable benefits of MoCo DWI can be transferred to
other derived quantities like kurtosis or even diffusion tensor imaging.

5.4. Comparison to Existing Methods

Several methods to reduce respiratory-motion induced artifacts were suggested before
(Section 3.2.5). In this chapter MoCo DWI is compared with these methods. Different
features of the methods are briefly compared in Table 5.1.

5.4.1. Prospective Methods

Breath-hold, a clinical technique, offers less configuration options than MoCo DWI, making
MoCo DWI beneficial. Also the patient comfort is increased in MoCo DWI because the
breath-hold is completely omitted. The limited configuration options are caused by the length
and number of repetitions of breath-holds per patient (if possible at all). Shenoy-Bhangle
et al. (2017) recommend 40 s to 60 s with two breath-holds, Chandarana and Taouli (2010) rec-
ommend acquisitions quicker than 23 swith a single breath-hold (similarly Schmid‐Tannwald
et al. 2013). Also patients fatigue in their capability to hold their breath (Jahnke et al. 2006).
This requires to reduce the measurement time, by using fewer slices, b-values or repetitions
than possible in MoCo DWI (or some of the other methods described in this chapter).

Thus, the current gold-standard, including clinical diagnosis, to compare to are the motion
average (No MoCo) and triggered sequences (Chandarana and Taouli 2010). In this work was
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shown that motion averaging can lead to motion induced artifacts. Therefore, MoCo DWI is
superior because it reduces or removes these artifacts. The advantage of motion averaging
on the other hand are its low complexity during measurement as well as reconstruction.
Also, the additional GRE for motion estimation is not required. However, if the artifacts
impair the diagnostic value of the images, a second scan might be required. In these cases
MoCo DWI saves time despite the GRE sequence.

Beneficial is the possibility to combine motion averaged imaging with MoCo DWI. The
measurement sequences are equal, only the reconstruction differs. Thus, a physician can use
both reconstructions without additional measurements.

Similarly to motion averaging, triggered methods (including semi-triggered methods like
Y. Liu et al. 2017) require only limited patient support; shallow breathing. An improvement
of SNR and contrast-to-noise ratio compared to motion averaging was shown in previous
studies (Kandpal et al. 2009). However, the measurement time increased at least 2.5-fold
(Taouli et al. 2009), or more (Shenoy-Bhangle et al. 2017). MoCo DWI also increased the
measurement time by adding the GRE sequence, but only by a factor of 2.

In the context of PET/MRmeasurements, the GRE sequence is even commonly used anyway.
Thus, in this context, the required measurement time is comparable to motion averaging.
Furthermore, the measurement time of less than 5min is only used to be comparable to
current clinical PET/MR protocols. Rank, Heußer, Wetscherek, et al. (2016) have shown that
— at least in the lungs — even measurement times as short as 1min are sufficient to estimate
the motion vector fields. To summarize, the added measurement time for the GRE sequence
is of minor concern in many cases.

5.4.2. Retrospective Methods

Several other retrospective methods for motion compensation in DWIwere recently proposed
(cf. Section 3.2.5). MoCo DWI is outstanding from them due to the used, fully-deformable
registration — the demons algorithm. Additionally, the image registration is also independent
from the image quality of the DWI.

Thus it is possible to use clinically accepted and wide spread dw EPI sequences. Also for
that reason, low SNR and artifacts which occur often in DWI, or the underling EPI sequence,
do not affect the motion estimation. Furthermore, the (cylic) image registration profits from
spatial and temporal resolution of the GRE sequence which is high in the main motion
direction compared to the DWI. The disadvantage of this two-sequence approach are the
possible, differences in distortion and contrast as well as potentially longer measurement
times (cf. Section 5.4.1).
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5. Discussion
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Motion average (No MoCo) ~ ✘ ✘ ✘ ✘ ✔
Breath-hold ✘ ✘ ✔ ✘ ✘ ✘
Prospective triggering ~ ✘ ✔ ✘ ✘ ✘
Y. Liu et al. (2017) ✔ ✔ ~ ✔ ✘ ✘
van de Lindt et al. (2018) ✔ ✔ ~ ✔ ✘ ✘
Mazaheri et al. (2012) ✔ ✘ ✘ ✔ r ✔
Ragheb et al. (2015) ✔ ✘ ✘ ✔ r ~
Guyader et al. (2015) ✔ ✘ ~ ✘ b ✔
Sanz-Estébanez et al. (2018) ✔ ✘ ✘ ✘ b ✔
MoCo DWI ✔ ✔ ✔ ✔ d ✔

Table 5.1.: Comparison of features offered by several motion compensation algorithms for
DWI. (✔: yes, ✘: no, ~: limited, r: rigid motion, b: b-spline registration, d: demons
algorithm)

MoCo DWI is the only motion compensation algorithm with non-rigid registration which
allows to select a predefined target motion phase. Thus an extension to 4D DWI is possible,
as done by Y. Liu et al. (2017). This is not possible with Guyader et al. (2015) due to the used
groupwise registration and also not by Sanz-Estébanez et al. (2018) which has no possibility
to select a meaningful target phase.

Alternative motion compensation algorithms use (semi-)rigid registration (Mazaheri et al.
2012; Ragheb et al. 2015) or a b-spline based MoCo with few control points in the main
motion direction (Guyader et al. 2015; Sanz-Estébanez et al. 2018). However, it was shown
that the liver is compressed by respiration (Blackall et al. 2001; Hu et al. 2017; Rohlfing et al.
2001, 2004). Thus, rigid registration is not able to compensate the motion correctly. It is also
questionable if a b-spline interpolation with only three control points, as in the previous
studies, is able to do so. On the other hand, the few control points ensure motion even
in areas of low contrast. To answer this further studies are required which compare the
algorithms using images which show (pathological) symptoms.
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5.5. Outlook

5.5. Outlook

Further development should target to reduce the sources of errors described before (Sec-
tion 5.3.3), to enable MoCo DWI for a wider range of patients. Benefit could be achieved
by more robust detection of respiratory motion phases during the DWI sequence. Several
respiratory motion estimation methods for scientific purposes were suggested (cf. Fahmi,
Simonis, and Abayazid 2018). Küstner et al. (2017) proposed the integration of the electrocar-
diogram signal for improved detection of respiratory motion. In van de Lindt et al. (2018) an
image-based self-sorting signal was proposed. However, it is unclear to the author how this
self-sorting signal should work in the presence of signal voids and high b-values.

Of special interest is the pilot ton (Vahle et al. 2020). This technique uses an additional
radio frequency signal which is detected by the default receive coils during the measurement.
By transversing the breathing patient, the originally constant radio frequency is altered.
From these changes a respiratory signal similar to the self-gating signal (Section 2.5.2) can
be deduced.

Another improvement of the retrospectively gated DWI could be achieved by the detection
of outliers (e.g. ones caused by coughing). This would reduce SNR in favor of reduced motion
blurring.

Distortion and signal voids are common and known issues in DWI. An advantage of
MoCo DWI is that the motion estimation is independent from these artifacts. This allows
to use previously developed correction methods for both artifact types. The detection of
signal voids could be done before recombination (eg. Chang, Jones, and Pierpaoli 2005). For
distortion detection, image based corrections are promising (Holland, Kuperman, and Dale
2010; Nketiah et al. 2018; Treiber et al. 2016).

Also in addition to using the estimated motion vector fields from the GRE-sequence, the
gated DWI could be used for further improvements. Here previously presented methods
are possible (e.g. Guyader et al. 2015; Sanz-Estébanez et al. 2018). This can also mitigate the
distortion effect between dw EPI and the GRE sequences. At the same time the improved
resolution of the GRE sequence is utilized.

In this work an improved image quality due to MoCo DWI was shown for several volun-
teers. However, from a clinical point of view the improvement of the diagnostic value is of
interest. This means that the improved image quality also translates into more diagnostic
insight. For this clinical studies with a significantly increased number of cases and with real
pathological changes are required.
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6. Conclusion

Respiratory motion was identified as a main source of artifacts for DWI before. This leads
potentially to measurements with reduced or insufficient diagnostic value. Thus, even
repetitions of patient measurements can be necessary.

In this proof-of-concept study a newly developed method to remove respiration-induced
motion blurring in DWI was presented and successfully validated: MoCo DWI. MoCo DWI
is the first method to allow fully deformable motion compensation for DWI. To achieve this,
two MR sequences were used consecutively; a golden-angle, stack-of-stars GRE sequence for
the motion estimation and the DWI. The GRE sequence was configured for optimal motion
estimation regarding spatial and temporal resolution. The DWI on the other hand was used
in a configuration of clinical interest — independently configured from motion compensation
requirements or the GRE sequence. Thus, the DWI sequence can be used without MoCo
DWI but with common reconstruction techniques instead.

The method was tested with eleven healthy volunteers, each with two different protocols
(33 years to 79 years, body mass index 19 kg/m2 to 34 kg/m2, 5 female). In test measurements
of high resolution in cranial-caudal direction (saggital protocol) MoCoDWI could successfully
reduce motion blurring in 6 of 11 volunteers (liver-lung interface, 3 showed no significant
changes). In the clinically-oriented, axial configurations, motion blurring was only significant
in some cases, even without motion compensation. However, without motion compensation
clear artifacts could be observed in several ADC-maps. With MoCo DWI is was possible
to reduce or even remove these motion-induced artifacts. Here was also assured, that this
desired effect was caused by the motion compensation and not by the unavoidable blurring
accompanied by this motion compensation.

After all, this is the first proof-of-concept study. Regarding the volunteers where no im-
provement could be achieved, several sources of issues were identified; insufficient detection
of respiration phases by the cushion-based PMU, distortion and limits in the estimation of
motion vector fields. It was also observed that in many cases the (common) averaging and
coarse resolution in the axial protocol reduced the perceptible respiration-induced motion
blurring in many cases. Here MoCo DWI is beneficial because no change of the DWI se-
quence is required which allows to use both techniques without repeated measurements.
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6. Conclusion

Thus, the reconstruction technique for diagnosis can be selected after the measurement.
MoCo DWI allows flexible configuration of the DWI sequence. This potentially allows to
combine MoCo DWI with other available correction methods to overcome these issues.

The expected advantage of MoCo DWI are more robust measurements in regards to
respiration-induced blurring artifacts. At the same time patient comfort is high because no
breath-holds are required. Also the measurement time is not increased as long as in triggered
measurements. In PET/MR the GRE measurement for motion compensation is common
anyway thus the measurement time is not even changed here.

These advantages are expected to reduce the number of measurements of insufficient
diagnostic value and thus less repetitions of (costly) measurements. Especially the calculation
of ADC-maps (and thus potentially further derived quantities, eg. kurtosis or IVIM) benefit
from MoCo DWI.
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A. Additional Images

(a) T1-weighted gradient echo sequence
(GRE)

(b) T2-weighted diffusion-weighted imaging
(DWI) (𝑏 = 50 s/mm2)

Figure A.1.: Example for contrast differences between (a) 𝑇1 and (b) 𝑇2 weighted images
of a volunteer with comparable spatial resolution. The EPI-sequence used for
DWI is inherently 𝑇2-weighted, while the GRE sequence used in this study is 𝑇1
weighted for fastest image acquisition. This leads to different contrasts. Most
notable is that in 𝑇1 images the kidneys have similar intensities as the liver while
they appear hyperintense in the 𝑇2 images (right arrow). Other structures may
show improved contrast changes to surrounding tissue in one of the volumes
(middle arrow). This is important while transferring the DVF as the motion
detection works best at contrast changes.

85



A. Additional Images
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Figure A.2.: Example for hysteresis curve between the self-gating and cushion signal during
the GRE sequence. Consequently the distinction between inhale and exhale is
used for motion estimation.
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(a) Image Acquisition

(b) Image Reconstruction
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Respiratory Cushion
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Figure A.3.: Scheme of the MoCo DWI workflow extended to PET/MR measurements with
motion compensated PET imaging (grey). Themotion estimation (dashed orange)
is not only used for the motion-compensated DWI but also motion-compensated
PET reconstructions. In both cases the GRE images with high quality are used
to estimate the respiratory motion. This workflow is important because the GRE
for motion estimation and DWI are common in PET/MR studies.
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A. Additional Images

(a) 𝑏 = 50 s/mm2

(b) 𝑏 = 400 s/mm2

(c) 𝑏 = 800 s/mm2

Figure A.4.: Representative line profiles of the interface between gall bladder and liver in
volunteer V10. The marker show the border used to determine the edge’s length
(10% to 90% of the intensity).
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(a) 𝑏 = 50 s/mm2

(b) 𝑏 = 400 s/mm2

(c) 𝑏 = 800 s/mm2

Figure A.5.: Representative line profiles of the right kidney’s tip in volunteer V10. The
marker show the border used to determine the edge’s length (10% to 90% of the
intensity).
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A. Additional Images
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(a) Exemplary slice used to determine the line profile where MoCo DWI caused
an deterioration of the image quality.
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(b) Scatter plot of self-gating signal and the cushion signal during the GRE sequence. In an
optimal signal a linar correlation between both signals is expected. In contrast to that, two
flat plateaus connected by steap increase are present. Several outliers are observable.

Figure A.6.: Volunteer V1 in which the sharpness in MoCo DWI is reduced due to incorrect
retrospective gating with the cushion signal.
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B. Discussion of Joint-MoCo-HDTV

In this chapter several aspects of the joint-MoCo-HDTV algorithm are discussed. They are
based on the experience gained during this work but not essential part of MoCo DWI. As
described before the change of the registration algorithm to estimate the motion is beyond
the scope of this work and also ineffective for evaluation of MoCo DWI.

The DVFs estimated using joint-MoCo-HDTV show reduced motion inside the organs,
especially the liver (Section 5.1). Three reasons for this effect were observed during this
study: the cylic registration, the cyclic constraint and the use of the HDTV regularization in
phases of low resolution.

The cyclic registration is of benefit to prevent incorrect motion estimation. Because the
registration algorithm has to estimate small displacements only, misinterpretation is less
likely and promises improved robustness (small motion assumption, Brehm et al. 2012).
However, the warping of motion phases which are not neighbors but further apart, require
(multiple) concatenation of these estimations which accumulates errors. In the setting of
motion which has a magnitude in the order of the image resolution it is questionable which
of the two described effects has higher influence on the correctness of the DVF.

A benefit of the cyclic registration is the ability to use the cyclic constraint. This ensures
that after concatenation of all DVFs from one motion phase to the same motion phase no
displacement occurs. This repetitive and reproducible motion is a main assumption of many
motion-compensation algorithms, including MoCo DWI. For this reason the cyclic constraint
suggests itself to reduce inevitable errors. However, the realization of this constraint can
lead to reduced magnitudes of the DVFs. However, the registration algorithm tends to
underestimate motion already, so the cyclic constraint may increase this trend additionally.

The HDTV contains a voxel-dependent weight for the total variation constraint between
adjacent motion phases ( ( ̄𝑣𝑥,𝑦,𝑧)−1 see Eq. (2.21)). This weight factor depends on the velocity
the registration algorithm determines at the specific voxel position 𝑥, 𝑦, 𝑧. If the velocity is
low, this utilizes the opportunity for higher smoothing in temporal direction. If the velocity
is high, this could lead to blurring and is thus omitted.

This introduces a chicken-and-egg situation where the image reconstruction requires the
image registration which itself requires the image reconstruction in the first place. The
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B. Discussion of Joint-MoCo-HDTV

joint-MoCo-HDTV solves this by using multiple resolution levels. In low resolution levels
streak artifacts are of low concern and thus the regularization in temporal direction can
be low by default. Then the registration algorithm is used and thus the estimated velocity
is available in the next resolution level. However, here the risk is introduced that moving
but small structures (e.g. blood vessels) are not visible in low resolution levels. This risk is
increased because the HDTV regularization causes a spatial smoothing which can suppress
these small intensity changes. In the next, higher resolution level the structures and its
motion may become more prominent. Then the velocity depending, temporal weighting in
the HDTV is increased and thus may suppress the motion but cause motion blurring instead.

To prevent the resulting holes the DVFs are smoothed. This is well suited to remove small
areas of mediocre motion estimation. On the other hand to intensive smoothing causes
incorrect estimation at tissue borders. Most prominent artifacts introduced are deformed
bones, e.g. the spine, if they are close to actually moved organs.

Beneficial of joint-MoCo-HDTV is that is uses a multi-resolution approach for the motion
estimationwhich utilizes the advantages of reconstruction from k-space. Themulti-resolution
approach is widely used for image registration. However, lower resolution levels are typically
achieved by down sampling the volume from its final size. Instead, joint-MoCo-HDTV directly
transforms the k-space into the desired (low) resolution level1. For this reason the images
can show low streak artifacts. On the contrary the volume in its finals size — which is
undersampled in k-space — shows severe streak artifacts. The down sampled volume would
be impaired by them, too.

To summarize the positive effect of joint-MoCo-HDTV over other registration algorithms
is not fully understood, yet. Several procedures, the cylic registration and constraint, HDTV,
and smoothing of DVF and the combination of HDTV reconstruction and MoCo influence
the final joint-MoCo-HDTV result. Future studies could evaluate which steps cause the
improvement and foster these even more. The use of joint-MoCo-HDTV for MoCo DWI is
justified because it was used for similar tasks before. Additionally, in the presented work the
main goal was to evaluate MoCo DWI. If it works with joint-MoCo-HDTV, it will work with
any better registration algorithm as well – if such an algorithm exists.

1The joint-MoCo-HDTV additionally uses a multi-resoulution motion estimation with down sampling in each
here described resolution level.
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