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Abstract

Positron emission tomography (PET) is an imaging technique that uses short lived
radioactive labelled molecules to visualise and measure physiological activities. Dy-
namic PET acquisition requires a long scan time, and movement of the subject
during this time cannot be fully avoided. Motion of organs due to breathing, heart-
beat, etc. is continuous, but there are also bulk motions of body regions to consider
which may occur if the subject has difficulty laying still. Motion of subjects dur-
ing a PET scan is an important factor that degrades image resolution and quality,
and thereby limits its potential to provide accurate readouts. Therefore, this study

aimed to implement an approach for motion correction of a dynamic whole-body
hybrid PET/MR dataset.

The method consisted of utilising a deformable image registration in a post-reconstr-
uction approach on the MR images to find optimal displacement fields, and then
applying these on the PET images. The registration method used in this study
was fast graph-cut based optimisation, which was evaluated with Dice score and
properties of the displacement field. The transformed PET images were evaluated
with Patlak modelling and visualised with segmentations.

Results regarding the image registration part show an improvement in terms of Dice
score and reasonable properties of the displacement fields. For the motion corrected
PET images there is a visual difference for images containing considerable motion.
There is also a decrease in error of the Patlak slope fit in the Patlak modelling,
indicating an improvement of the correct localisation of the segments over time. The
conclusion is that the used method gives promising results for the studied dataset,
however further research is needed with larger datasets that also contain a wider
range of movements.

Keywords: "PET/MR", "Motion Correction’, "Image registration", "Whole-Body",
"Dynamic PET".
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1

Introduction

Positron emission tomography (PET) is an imaging technique that uses short lived
radioactive labelled molecules, so called radiotracers, to visualise and measure phys-
iological activities. Dynamic PET provides a time series of 3D images that contain
information of the activity distribution of the radiotracer. For accurate dynamic
measurements, the PET data is acquired over a period of time suitable for the ra-
diotracer in question, and quantified using modelling. During the long scan time
for dynamic PET, movement of the subject cannot be fully avoided. Motion due to
respiratory motion, cardiac contraction or motion of internal organs are naturally
occurring, but there is also bulk motions of body regions (e.g. head, arms, legs and
torso). These bulk motions may occur if the subject has difficulty laying still during
the long scan time.

Motion of subjects in PET is an important factor that degrades image resolution and
quality, and thereby limiting its potential of accurate readouts. Motion can cause
false readouts, a voxel that previously represented a specific point in the anatomy,
might not represent the same location throughout the time series. Movements could
then cause a decrease in the accuracy of the results, by complicating the analysis of
tissues when they are not in the same location over time. PET is usually combined
with computed tomography (CT), but there are also hybrid PET/MR (magnetic
resonance) cameras. The information is used for attenuation correction, anatomical
reference and also to estimate motion. By applying a motion correction algorithm
to a dynamic dataset, the effect of motion could potentially decrease and lead to
improved image quality. [1]

Image registration is an image processing technique where two or more images are
aligned into spatial correspondence. Fast graph-cut based optimisation for practical
dense deformable registration of volume images, has been introduced as a method
which can achieve a significant reduction in computational time [2]. This makes
graph-cut based deformable registration of large volume images feasible. The pre-
sented method is shown to work well for large medical volume images, specifically
whole-body MR images. In regards of whole-body imaging, it provides possibili-
ties to assess physiological functions and diseases spread in the whole-body, e.g. to
evaluate metastatic disease or the effect of treatment in drug development [3][4].

There are other motion correction methods that has been implemented in PET /MR
datasets, such as rigid motion correction [5]. It has been implemented for head
motion and shows promising results. However, the assumption of a rigid body may
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not work as well for other parts of the body, such as soft tissue. Moreover, other
studies have implemented motion correction before or during reconstruction [6][7].
Although, for already reconstructed datasets without access to the the raw data,
only methods that apply motion correction post-reconstruction is applicable.

This study aims to investigate potential approaches for motion correction and evalu-
ate them. Implementation will be done on dynamic whole-body PET /MR datasets
that has been previously acquired. The study is based on a published method of
acquiring dynamic whole-body PET /MR datasets to evaluate insulin mediated glu-
cose flux in tissues, using 8F-FDG (fludeoxyglucose) as radiotracer and the Patlak
model [8]. The Patlak model is an example of a graphical analysis technique for
PET modelling, to extract the net influx rate of irreversible uptake of a radiotracer
[9][3]. In the dataset used for the implementation, a simultaneous MR imaging is
performed at the same time as PET, for five repeated times over the course of the
FDG accumulation. This allows to utilise these MR images to compensate for the
motion during this total scan time, and apply the same coordinate and transfor-
mations to PET. During the circa one hour long protocol for these datasets, there
were body movements occurring. These movements are difficult to compensate for
manually and may affect the image quantification by kinetic modelling.

1.1 Aims

The project aims to implement an approach for motion correction of a dynamic
whole-body PET /MR dataset, using image registration of sequentially acquired MR
images. To achieve this aim, a method to evaluate the accuracy will also be investi-
gated and implemented. The second objective is to evaluate image registration and
how motion correction affects the result of the quantitative endpoint in the PET
quantification. More specifically, how the Patlak parameters influx flow and good-
ness of fit are affected in tissues with observed motion. Furthermore, the result may
also provide clarity on how motion correction impacts the results of dynamic PET
modelling.

1.2 Scope

The scope of this study is limited to methods that can be applied to datasets acquired
with hybrid PET/MR imaging and a dynamic protocol. More specifically it is
limited to the methods of applying motion correction to the MR datasets and then
using it on the corresponding PET images. It is also limited to post-reconstruction
motion correction. Furthermore, the implementation of this study will focus on
correcting for bulk motion of body regions. However, motion due to respiratory,
cardiac contraction or motion of internal organs, are covered briefly in the theory
and discussion.

There have been previous studies on motion correction for PET /MR, mostly regard-
ing periodic motions such as respiratory and cardiac, but also for brain with rigid
transformation [1]. What separates this work from others is the unique dataset it

2
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will be applied on and the type of motion this study aims to correct. Dynamic whole-
body PET/MR is a relatively new method and no commercial solution is readily
available for motion correction of bulk motions for these types of datasets.
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Theory

This chapter is dedicated to give an understanding of relevant parts of medical
imaging, types of motion occurring during data acquisitions and image registration.

2.1 Medical Imaging

The term "medical imaging" covers the techniques that allow us to view the interior
of the body [10]. It can be used for clinical analysis as well as for research purposes.
This section will present the imaging modalities relevant to this study, more specifi-

cally PET, MR and hybrid PET/MR. Furthermore, it will present the Patlak model
used for graphical analysis of dynamic PET.

2.1.1 MR

Magnetic resonance (MR) imaging is an imaging method based on nuclear magnetic
resonance. In strong magnetic fields, protons aligns with the field. Since the body
consists of a large number of hydrogen atoms, and therefore protons, the body
becomes magnetised in strong magnetic fields. With a radiofrequency (RF) pulse, it
is possible to excite many of the protons to align against the magnetic field. After
the pulse, the protons realigns with the magnetic field of the MR through relaxation
processes, and also emits RF energy. The emitted signals are measured by an
antenna in the MR device. The frequency information in the signals is reconstructed
to intensity levels with Fourier transforms, and are displayed as shades of gray in
the image. Different types of images can be created by varying the sequence of RF
pulses applied and measured. [11]

Tissues can be characterised by different relaxation times. The longitudinal relax-
ation time (T1) is the recovery of the longitudinal magnetisation back to its initial
value, and is caused by the spins transferring energy to the surrounding. Transverse
relaxation time (T2) is caused by perturbations in the magnetic field due to other
nearby spins, leading to rephrasing of the transverse magnetisation. The proton
density in the tissue therefore affect these relaxation times. [11]

The most common MR sequences are T1-weighted and T2-weighted scans. They
are produced using different repetition and echo times between the RF pulse. For
example, fat appears bright (high signal intensity) on T1 weighted images and dark

5



2. Theory

on T2-weighted images. It is the opposite for water and fluids. Therefore, T1-
weighted images are used to visualise normal soft-tissue anatomy and fat, whereas
T2-weighted images are better at visualising fluid and abnormalities. In practice,
both types are used to complement each other. Besides the T1 and T2 scans, there
are other MR protocols, for example Dixon techniques used to separate fat and water
[12]. However, there exists challenges when separating fat and water, for example
so called fat-water swaps may occur [13].

Unlike many other imaging modalities, no radiation is produced during an MR exam.
Compared to computed tomography (CT), MR produces images of better soft tissue
contrast.

2.1.2 PET

Positron emission tomography (PET) is an imaging modality that involves injection
of radioactive substances (radiotracers) into the body. When a PET-radiotracer
decays it emits positrons, positively charged particles. These positrons travel a short
distance in the body and then collide with negatively charged electrons, annihilation
produces two gamma rays that are emitted in opposite directions. The PET scanner
detects these gamma rays and uses computer algorithms to create detailed images of
the radiotracer distribution in the body. A PET scan involves, unlike MR imaging,
exposure to radiation. [11]

PET is used to diagnose and stage a wide range of diseases, including cancer, heart
disease, and neurological disorders, as well as to monitor the effectiveness of treat-
ment. Furthermore, it can provide insights into the function and metabolism of
tissues and cells. Radiotracers are designed to target specific tissues or targets in
the body, or to follow blood flow.

PET imaging is typically performed to generate static images containing only one
time point. The method involves intravenous injection of PET tracers, and imaging
is performed after tracer has distributed to targets and cleared out from blood, in
a so called static scan. The generated data can be analysed visually, or used to
calculate for example standardised uptake value. [14]

In dynamic protocols PET data is acquired over a period of time, starting from the
injection of the PET tracer, instead of a single time point. The time interval depends
on which radiotracer is used and which metabolic or physiological process is studied.
Dynamic PET acquisition is generally confined to a single bed-position, where the
scanner’s axial extent limits the field of view to typically 15-25 cm. However, there
are methods for dynamic whole-body PET imaging. The combination of dynamic
PET and whole-body imaging provides possibilities to assess physiological functions
and diseases spread in the whole-body. [3]

Dynamic whole-body PET data is acquired with multi-bed, non-continuous (sparse)
scanning over time. The sparse data acquisition can result in the generation of
noisy images, but with current PET scanners it is now possible to acquire high
quality images with frame durations down to 30 s/bed. Therefore, it is possible to
generate dynamic whole-body PET data in reasonable scan times. An illustration

6



2. Theory

of an example of whole-body PET acquisition is shown in figure 2.1. In the figure,
seven different bed positions, moved in a cranio-caudal direction, are used to create
one whole-body image. The process can then be repeated to create a whole-body
set. The same acquisition method can be used for sequential MR imaging. [3]

ey ) »,
edq f \ f\
LSO N \
SO U T
Bed F T
Bed 6 -
|_| LI Bed 7

Figure 2.1: Acquisition of one whole-body image.

Before the whole-body scan, as shown in figure 2.1 and also the whole acquisition
process in figure 2.3, an initial single-bed dynamic scan over the cardiac region is
performed for around 10 minutes [8]. The dynamic cardiac scan is used to extract
the early tracer dynamics in the blood plasma [3]. Blood samples are taken between
the following whole body scans to measure the activity in the plasma. The data
acquired from this protocol can be modelled with Patlak, further explained in section
2.1.3.

Radiotracer FDG

8F fludeoxyglucose (FDG) is a commonly used radiotracer. It is a glucose molecule
where one of the hydroxyl groups has been substituted by a Fluorine-18 atom [15].
Similarly to glucose, FDG is also taken up by the cells when they consume glucose.
It undergoes an initial metabolic transformation (phosphorylation), that prevents it
from leaving the cell again. The second step of glucolysis (or, utilisation of glucose
for energy) is prevented in FDG by the fluorine in the position. Therefore, the FDG-
molecule (FDG-6-F) remains trapped in the cell, together with other FDG-molecules.
This accumulates the radiolabelled substance and the radioactive signal increases.
The uptake of FDG in the tissues can be illustrated in a two-tissue compartmental
model, shown in figure 2.2 [3]. The FDG partly gets eliminated via the urinary tract.
Normally the (static) PET scan is made around 60 minutes after injection to allow
the tracer to be absorbed by the tissues, and thereby receive better tissue to blood
contrast. [16].

Ky k3
ﬁ . ﬁ
Reversible uptake
< FDG in Tissue

ky

Figure 2.2: Two-tissue compartment model for FDG.

FDG is injected intravenously, normally with a dose of about 350 MBq [15]. All
cells that consume glucose will trap the FDG-molecules. Some of the organs that

7



2. Theory

can be seen when using FDG are the brain, the heart and the muscles. In addition,
tumours and their metastases can also be distinguished because of their rapid growth
and proliferation. From the dynamic course of the *F-FDG, spatial distribution in
the tissues may reveal useful clinical information on tissue’s metabolic properties
[17]. For example, the metabolic rate of glucose uptake can provide information of
physiology or patient groups.

2.1.3 Patlak Model

Glucose uptake in tissues can be estimated by calculating kinetic rate of FDG in the
tissues using the model introduced by Patlak. [9][3]. The Patlak model is applicable
for irreversible binding of a two compartment model, which is shown in figure 2.2. As
the figure shows, there has to be at least one irreversible step where the radiotracer
is trapped [18]. An illustration of how the Patlak model is applied on the raw data
acquired from the scanning protocol is shown in figure 2.3. Before steady-state is
reached there are initially sharp concentration changes, shown in the time activity
curve in figure 2.3. When the steady-state is reached, the Patlak plot becomes linear
and the Patlak slope and intercept are estimated for every region or voxel of interest,
shown in the bottom of figure 2.3.

The radiotracer concentration at time ¢ in a tissue region or voxel of interest can
be denoted as Cr(t) and radiotracer concentration in the plasma (input function)
as Cp(t). These are the curves in the middle graph in figure 2.3. The Patlak plot
is calculated from the linearity between the normalised tissue concentration and
normalised integral of C'p(t) after the time of steady-state t* is reached. The linear

formulation is
fot Cp (T)dT

Cr(t) _ g

Co(t) Co(t)
where K, the slope, is the radiotracer influx or uptake rate constant [18]. V, the
Patlak intercept, can be referred to as the total blood plasma distribution volume.
The data can then be plotted from

+V (>t (2.1)

v = G (22)
and 11Oy
o) = (2.3)

for each time point, and fit the data using equation 2.1. Linear regression is then
used to estimate the slope K; and the intercept V [19]. To determine the accuracy
of the model, the standard error of K;, K;_, and the relative standard error (RSE)
can be used. The K; _ can be formulated as

o

K, =— 24

se \/ﬁ ( )

where o is the standard deviation and n is the sample size (i.e. the number of time
points). Further, the RSE then can be described as

K
E==k 2.
RSE = Z2= 100 (2.5)
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where 100 is multiplied for the results to be in percent. Since the RSE is divided by
K it is easier to use when comparing different sets.

Scanning
protocol
Dynamic PET
Whole-body PET 2
Whole-body PET 3
Whole-body PET 4

n
—
w
a
>
©
o
2
g
o
=

X Tissue data
Plasma data

— Dynamic
plasma data

Raw data
Time activity curve
Radioactivity [kBg/cc]

t=0 Time after tracer injection [min] t=60

L

Plasma integral / plasma activity concentration

= Patlak fit (net
influx constant)
X Data points

o0
=
[0
©

o

S
A
A
)

[
o

Tissue activity concentration /
plasma activity concentration

Figure 2.3: An illustration of Patlak modelling and how it is calculated from the
whole-body scanning protocol. The illustration is to show the general concept of
modelling with Patlak.

2.1.4 PET/MR

Hybrid PET/MR is a growing imaging modality for both clinical and research appli-
cations [20][21][22]. Simultaneous acquiring of PET/MR combines the strengths of
each modality, enabling imaging of physiology with the high molecular sensitivity of
PET, complemented with the high resolution anatomical information of MR imag-
ing. Another advantage of hybrid imaging is the possibility to receive the anatomical
reference for attenuation correction for PET, due to most of the emitted photons
being attenuated (absorbed) in the body.

The first clinical whole-body PET /MR systems were installed in 2010, although the
current standard PET modality is PET/CT, but the number of PET/MR is also
growing [23]. Compared to CT, MR imaging provides superior soft-tissue contrast,
as well as lower radiation exposure, which is an advantage especially for pediatric

9



2. Theory

applications and protocols that require serial imaging (e.g. dynamic whole-body).
Simultaneous PET /MR offers opportunities to quantify physiological processes that
otherwise would be difficult to assay with either modality alone.

2.2 Types of Motion

When scanning a living subject for a long period of time, motion of the subject is
inevitable. This is a considerable problem in PET studies, where long acquisition
times are required for acquiring a large number of coincidence events, and thereby
reconstructing good quality images [24]. Motions such as physiological (motion of
vital organs) or spontaneous (movements of body regions), both affects the quality of
the acquired data [1]. The displacement due to motion, compared to the resolution
of the current PET imaging, can substantially affect the diagnostic and quantitative
accuracy. Motion is inevitable and gets more noticeable when the scan time is
extensive [1]. The following sections clarifies for the different types of motion that
may occur during a scan.

2.2.1 Bulk Motions

Bulk motions of body regions include movement of head, arms, legs, shoulders and
torso. Movement of these regions may occur due to discomfort. This may also give
a shift of the internal organs. A common occurring motion is movement of the
head, which can give a considerable displacement. For patients with neurodegener-
ative diseases or non-anaesthetised children, the displacement may be even larger.
There is also movement of the jaw and tongue, which can be complex to correct
for. Movements of the limbs are to some extent restricted during PET/MR, be-
cause of the coils surrounding the body. However, even with the coils, subjects with
claustrophobia tend to move during substantial acquisition time. [1]

2.2.2 Cardiac Contraction

Cardiovascular contraction can considerably affect the quality of acquired data re-
garding the heart and the vascular system. That is motion from the ventricles,
making blood pump throughout the circulatory system. Even though these motions
are quite periodic, it is still challenging to correct because of the complexity of the
contraction itself. To minimise the effect of cardiac motions can its periodicity be
utilised. This is known as cardiac gating, which is a technique that controls the
image acquisition by electrical signals, monitoring the cardiac cycle. This enables to
acquire images from the same part in the cardiac cycle. However, modelling cardiac
motion gets even more complex together with respiratory motion. [1]

2.2.3 Respiratory Motion

Respiration is a common source of motion, which displaces and deforms surrounding
organs. Correcting for respiratory motion is difficult since it is not periodic and how
the surrounding organs displace and deform differ. It can also affect organs that are
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far away by causing a repetitive motion due to the respiration. The displacement
of the diaphragm during shallow breathing estimates to 15 — 20 mm, which may
give blurring and distortions in the images [1]. For short acquisition in MR imaging,
subjects are then often asked to hold their breath to minimise distortions.

2.2.4 Motion of Other Internal Organs

A living subject has a constant flow of fluids within the body. Swallowing, peristalsis,
filling of the bladder during the data acquisition and displacement of gas pockets
in the intestinal tract, all generate movements [24]. These motions are not that
substantial in respect to the PET resolution for short static scans, but more profound
for more extensive acquisitions and may then affect the imaging of these organs and
their surroundings [1].

2.3 Image Registration

Image registration is of importance in numerous aspects of medical image analysis
[25]. The process of image registration is to bring two or more images into spatial
correspondence [26]. With the focus of pairwise registration, one of the images is
often chosen as reference and the other as moving image. The moving image is
then registered against the reference image. The goal of the registration is to find
the optimal transformation that aligns the two images [26]. Finding the optimal
transformation is done with respect to some similarity metric. The following sections
describes the three main components of image registration, which are transformation
models, similarity metrics and optimisation strategy. Then there is also a section
regarding motion correction.

2.3.1 Transformation Models

Regarding the success of a registration algorithm, the choice of transformation model
is of high importance and highly dependent on the characteristics of the data used
[27]. Interpolation in image registration is where a point is mapped from one image
space to another by a transformation [27]. The new position is generally not bound
by the image grid, and therefore an evaluation of the image intensity at the new
position is needed. The interpolation solution can affect the accuracy and speed of
the registration process, and thus a simpler interpolation algorithm is often used
in the optimisation step [27]. Nearest neighbour and linear interpolation are two
examples of such algorithms. This section describes some transformation models
relevant for this study, which are rigid, affine and deformable transformation.

Rigid Transformation

The rigid transformation model is one of the simplest forms of transformation, re-
garding image registration [25]. The model consists of aligning two images by finding
the rotations and translations that optimise some similarity metric of the images.
Translation moves the set of points for some fixed distance and rotation is done by
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rotating the set of points with respect to the origin [28]. Figure 2.4 shows the con-
cept of a rigid transformation, with some rotation . In medical image registration,
rigid transformation models are mainly used in either registration of rigid structures
(e.g. bones) or in pre-registration before a more complex transform is applied [27].

Figure 2.4: The concept of rigid transformation.

Affine Transformation

The affine transformation is a non-rigid model that allows translation, rotation,
scaling and shear [27]. The function of scaling is to scale the set of points in each
dimension respectively and shear offsets the set of points through a certain distance
proportional to coordinates [28]. Figure 2.5 shows the concept of an affine transfor-
mation, with some rotation 6 and scaling of the image. Regarding medical image
analysis affine transformation is quite uncommon to use for the final image registra-
tion part, but as for with rigid transformation, it can be used in pre-registration of
images [27].

Figure 2.5: The concept of affine transformation.

Deformable Transformation

Medical image registration approaches are mostly based on curved transformations,
as deformable transformation. This because almost all anatomical parts and organs
of the human body are deformable structures [27].

To determine the deformation, many deformation models uses a grid of control
points, which are considered as parameterised deformation models [27]. These points
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are moved individually in the direction that optimises some similarity metric, defin-
ing local deformations. The transformation between control points is then propa-
gated by interpolation. Then, there is also non-parameterised, or so called dense
deformation methods. When utilising dense deformation can each point in the mov-
ing image be displaced arbitrarily. This implies that there is a separate displacement
vector stored for each voxel in the image [2]. In the case of deformable registration
where the transformation is defined in the most general case, the transformation
T at every voxel position z is given as the addition of the identity mapping and a
displacement field u [29][2],

T(z) =x+ u(x). (2.6)

Figure 2.6 shows the concept of a non-parameterised deformable transformation,
with arrows showing the deformation.

Figure 2.6: The concept of non-parameterised deformable transformation.

It is of importance to preserve the topology of the structures represented in the
images to be registered [27]. The geometric transformation needs to be a invertible
and differentiable mapping with differentiable inverse, which is a diffeomorphism [30].
Diffeomorphic image registration methodologies are know as those methodologies
that use diffeomorphic transformations [27].

2.3.2 Similarity Metrics

The purpose of similarity metrics is to measure the similarity between images in
the image registration process [28]. The higher the similarity after registration, the
better the registration method performs. The sum of squared distances (SSD) is one
metric which involves computation of the squared differences of the corresponding
pixels in the two registered images [28]. The goal using SSD is to minimise its value,
to achieve the best alignment between images. The SSD can be formulated as,

SSD = Z ‘R(U) — MT(v) ?

veEVR

2.7)

where R is the reference image, M moving image, T' transform and v corresponds
to a voxel in the image space Vp [2]. Mutual information (MI) is another metric
which is a basic concept from information theory [31]. MI in image registration is
used to measure the amount of information that one image contains about the other
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[31][32]. In contrast to SSD, the MI should be maximised, and when MI is maximal
the images are optimally aligned. Additionally there is cross-correlation (CC), which
estimates to which degree two images are correlated [33]. For the reference image
R, moving image M and its transformed image M’, the CC can be formulated as,

CC(R, M/) _ ZZ(R(U) __R)(M,(U) — MI)_ (28)

VEi(R(v) — R)2S,(M(v) — M)?
where v is the voxel in the image where v € Vi and R and M’ corresponds to mean
values [33]. It is based on the assumption that there is a linear relation between
the intensities of the corresponding structures in both images [27]. Consequently,
the larger the cross-correlation is between reference and transformed image, the
better the registration is. Then there is normalised cross-correlation (NCC) which
originates from CC but where both the template and the image neighbourhood are
suitably normalised [34].

2.3.3 Optimisation

The optimum regarding image registration corresponds to the transform that opti-
mally registers the two input images [27]. The goal for the optimisation algorithm
used is to search for the maximum or minimum value of a similarity metric, de-
pending on which metric used. The similarity metrics are often defined so that the
optimal registration is reached when their value is minimised [27]. It should be noted
that for registration, there is no finite optimal solution. The registration problem
can then be described as to find the transformation that optimises some similarity
measure.

A coordinate mapping that relates two images is found using an iterative optimi-
sation procedure [35]. The method of gradient descent optimisation is based on
gradients and which assumes that the gradients can be calculated precisely. Gradi-
ent descent takes, with some step size, steps in the direction of the negative gradient
of a function, the similarity metric.

Another approach for optimisation in image registration is to use move-making algo-
rithms, which can for example be formulated as a discrete labelling problem [2]. The
move-making algorithms starts with an initial solution, and then iteratively seeks
to find better solutions. For each iteration, the algorithms are limited to a subset of
the combinatorial search space, the move-space, and selects the one that gives the
largest reduction to some objective function. The objective function f often consists
of a data term and a regularisation term. It can be formulated as,

flu)=(1—-a)D+aR (2.9)

where u is the displacement field, a regularisation weight, D data term and R regular-
isation weight [2]. The data term corresponds to a measure of resemblance between
the two registered images, which is the similarity metric, and the regularisation term
enforces the smoothness of the deformation field itself. The regularisation term, or
penalty, imposes a cost on the optimisation function, to make the optimal solution

14



2. Theory

unique. The iterative method is terminated when the algorithm no longer can find
an improving solution. This can be described as when,

f) < f(u)+e (2.10)

where u is the displacement field, «’ is the updated displacement field and € is the
block energy. The iterative method is stopped when there is no solution u' that
gives a decrease in the objective function. The block energy is some small value that
is used for tolerance within the optimisation. The move-making algorithms will con-
verge in a finite number of steps, as long as the move-space holds the current solution.
This gives that the resulting solution is guaranteed to be locally optimal, while there
is no better solution existing within the move-space of the current solution.

The task of the registration algorithm is to estimate the optimal displacement field
given the reference and moving image, where the optimisation problem can be de-
scribed as,

v = argminf(u) (2.11)

where u corresponds to the displacement field and f is the objective function [29].

An example of a move-making algorithm is the iterated conditional modes (ICM)
method. It seeks to improve the current solution by iteratively changing the label of
a single element at a time, while keeping all others fixed [2]. This means a small move-
space, which makes the ICM prone to getting stuck in poor local minima. Another
example of a move-making algorithm is a-expansion, which is used in graph-cut
based optimisation. The algorithm selects a label «, and takes into consideration
the available moves that allow all elements to either keep their current label or
change label to « [36]. This algorithm has a much larger move-space, compared to
the ICM method and then less prone to getting stuck in local minima [2]. The ICM
seeks the local optimum per voxel, while the a-expansion with graph-cuts finds the
global optimum for the whole image space. The disadvantage of using a-expansion
however, is the high computational cost, which also increases non-linearly with image
size and limits the use of a-expansion of large volume images.

Optimisation algorithms that are iterative are often implemented with a multi-
resolution or pyramidal strategy [27]. This approach is initiated by registering the
larger coarse structures and then transitions to the smaller details of the images. By
defining a pair of image pyramids that are used to down-sample the reference and
moving image, it registers the images from the lower to the higher resolution images.
For each step, the transformation found in the previous step is used as a new initial
registration. In comparison to methods that only uses the original images, this ap-
proach has some advantages with higher convergence radius, more robust to local
optimums and is often faster [27].

Figure 2.7 shows a flow chart of a optimisation approach within the image registra-
tion process. For each iteration, the moving image is transformed and then compared
to the reference image by the similarity metric. Then, the transformation model is
updated by chosen optimisation approach and then the process starts over for the
next iteration.
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Figure 2.7: Flow chart for the optimisation process of image registration used in
this method.

2.3.4 Fast Graph-Cut Based Optimisation

A method that implements deformable transformation is fast graph-cut based op-
timisation for practical dense deformable registration of volume images [2]. The
presented method is formulated as a discrete labelling problem, with the focus on
the optimisation methods of move-making algorithms. More specifically, dividing
image space into overlapping sub-regions and restricting a-expansion moves to a
single sub-region at a time [2]. By dividing the image into smaller sub-regions and
then only modifying the displacement vectors within one region at a time, the com-
putational cost can be reduced drastically [37]. The process per sub-region includes,
constructing the graph by computing a voxelwise matching criterion and determines
the optimal move by solving a minimal graph cut problem. This has been shown
to only give a small decrease in quality of the solution. The presented method is
specifically shown to work well for whole-body MR images [2].

2.3.5 Evaluation Metrics

Evaluation of the image registration is an important step for any use of image
registration process. It is essential for evaluating different methods and parameters
to understand how the registration and transformation affect the images, and if
the methods are suitable for the task. However, the evaluation process comes with
challenges since no ground truth of the transformed images exists.

Three important measures related to image registration are accuracy, reliability, and
speed. Determining the accuracy requires that the results produced by the software
are compared with true results. In this case, there is no known ground-truth, so
for this reason intermediary metrics has to be used in an attempt to quantify the
accuracy. One way to evaluate the accuracy is to use spatial overlapping metrics,
further described in the next section. Reliability measures the software’s ability to
register images with varying degrees of noise, geometry and intensity. Lastly, speed
is related to the computational load and the time it takes to perform the registration,
which is of high importance for large scale analysis. [38]
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Spatial Overlap Metric

The Dice Similarity Coefficient (DSC) is a spatial overlap based metric that is com-
monly used for medical image segmentation [27][32][39]. Dice measures the overlap
between two sets and is calculated using the following equation,

2|AN B|
Al +[B]

where A and B are two sets of images that are compared. Possible Dice values
range from zero to one, where one represents a total overlap and zero no overlap.
The Dice is only for the regions being measured, for example the fat and water
masks. Therefore, regions outside of the mask do not effect the evaluation, even
though they might effect the transformation. Further, Dice is very dependent on
the size of the regions, meaning a single voxel error can have a huge error for a
smaller region. [40]

DSC = (2.12)

Transformation Evaluation

The transforms can also be used for evaluation of the image registration. To comple-
ment the overlap metrics various calculations can be made on the displacement field.
Two examples are to calculate the magnitude and Jacobian determinant (or so called
Jacobian) of the displacement field. The Jacobian can be described as the voxelwise
change of the volume as an effect of the transformation. Plots of these calculations
can then be observed to see if they appear realistic and where the transformation
has found motion.

An additional way to evaluate the transformation is to determine whether it is dif-
feomorphic, previously explained in section 2.3.1. The Jacobian of the displacement
field can be used for this, where a negative value indicates so called foldings in the
displacement field. By calculating the number of voxels with values below zero, it
can therefore be evaluated how diffeomorphic the transformation is [30]. Figure 2.8
shows two examples of a displacement field, where the one to the left shows a smooth
transform and the right shows a folding. [30]
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Figure 2.8: Mlustration of folding in the Jacobian determinant in the right image,
and a smooth displacement field to the left.

2.3.6 Motion Correction

Motion correction is applied to compensate for movements that has occurred during
a scan. Correctly implemented motion correction can improve image quality and
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information accuracy. Motion correction can be implemented at different stages in
the data processing, such as during or after image reconstruction. The correction
can focus on different types of motion, where some were introduced in section 2.2.
[1]

The development of hybrid PET/MR scanners has opened for the possibility to
measure motion with both PET and MR imaging simultaneously. A previous motion
correction method that has been implemented in PET /MR, datasets is rigid-body
motion correction [5]. It has been implemented for head motion and shows promising
results. However, the assumption of a rigid-body motion may not work as well for
other parts of the body. Moreover, other studies have implemented motion correction
before or during reconstruction [6][7].

Motion correction for bulk motions have also been introduced in total-body PET/CT
[41]. The method parameterise motion fields in-between neighbouring frames. The
method was implemented in PET/CT and showed effective reduction of random
body movements. A total-body PET/CT often provides the anatomical reference
CT image once, compared to PET/MR where the PET and MR are acquired simul-
taneously.

Although, for already reconstructed datasets without access to the the raw data,
only methods that apply motion correction post-reconstruction is applicable. There
are also methods applying motion correction using only PET data [24]. However,
then there is no anatomical reference such as when using MR or CT, and the PET
scanner also provides limited spatial resolution. Furthermore, motion correction
with only PET is also complicated due to the small amount of measured data from
each position [1].
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Methods

In the following chapter, the hybrid PET /MR dataset is introduced and the method
is described. This regards both image registration of MR images, transforming PET
images and modelling with Patlak. All experiments and evaluation were done using
Python version 3.8. The general idea of the method is shown in figure 3.1. The
motion is estimated between the MR images, to get a transformation, which then is
applied to the corresponding PET images.

4 )
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image estimation image
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Figure 3.1: General flow chart of method.

3.1 Hybrid PET/MR Dataset

The dataset used in this study consists of 32 sets of dynamic whole-body PET and
MR images. The protocol for the original dataset was initialised with a 10 min
dynamic PET scan of the thorax. The protocol was continued with five whole-body
PET/MR scans, with 30 s/bed, starting at average 15 min after FDG injection.
The whole-body PET /MR scans was completed at average 60 min after FDG injec-
tion. This study uses the five time points with whole-body PET /MR images. The
acquired MR images are of both water and fat, separately. The MR images are
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MR-based Attenuation Correction (MRAC), meaning they have a lower resolution
compared to normal MR imaging. The 32 different sets are of 16 subjects, with two
visits each.

The dataset was already reconstructed and in DICOM format, pseudonymised and
randomly sorted. All metadata unrelated to the quantification of PET was removed.
It was known that the dataset contains movements between the time points, by
varying degrees. The dataset was divided into training and test datasets, where
22 sets were randomly chosen for training and the remaining ten sets for testing.
This is to prevent overfitting of the data. A good result for training data does not
guarantee the success of the method on other data. The division allowed for an
accurate evaluation of the method by testing it on the designated test data. Of the
five time points per set, the fifth time point was chosen as the reference image and
the rest are referred to as moving images. Note that the term moving image refers
to the image that is compared to the reference image, and not that the image itself
is moving. It should also be noted that the segmentations for water and fat were
made on the reference images.

3.1.1 Ethical, Ecological and Social Aspects

Regarding the ethical aspects of this study, the used material is from a previous clin-
ical study that was approved with an ethical permit and informed consent from all
participants involved. No new dataset was acquired. The dataset used is anonymised
and secured to remain integrity of the participants, following the policies of Good
Clinical Practice (GCP). Mandatory training for GCP and personal data protection
was required prior to access and analysis of the clinical datasets.

For the ecological aspects, as previously stated, this study uses already existing data
which does not have any ecological impact. For the social aspects, this work will be
carried out in a healthcare area and the solution found via this work could potentially
improve future studies that use this type of methodology. Further, more accurate
measurements could decrease the number of subjects that is needed in clinical trials
using this type of methods, and thereby fewer subjects exposed to radiation.

3.2 Implementation of Registration Method

In this section the different steps in the used registration method is presented. This
regards pre-processing of data, pre-registering images and the main part of the
method with deformable image registration. Note that the implementation of the
registration method is done on the MR images, and optimisation of the parameter
settings was only done on the training data.

3.2.1 Pre-Processing

The MR images in the dataset was initially converted from DICOM to NRRD format.
Pre-processing of the images was then firstly done by clamping data to 0.01 and 0.99
percentiles, to reduce noise. Then it was normalised to 0 — 1.
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3.2.2 Pre-Registration

After pre-processing of data, a pre-registration was performed on the images. It
was done with an internal tool that uses SimpleITK v2.2.1 in python [42]. This
was done by utilising a two step process with an initial rigid registration followed
by an affine registration. Note that the affine registration was optional and some
tests were done using only rigid transformation. Other parameters used in the pre-
registration were set as default. The registration was performed between the four
moving images in each set to its reference image separately. In the pre-registration,
a mutual information similarity metric was used along with gradient decent for
optimisation.

3.2.3 Deformable Registration

The main part of the image registration method was done with deformable image
registration. With the pydeform package in python, fast graph-cut based opti-
misation was utilised for the registration [2][43]. Optimisation with move-making
algorithms and the similarity metric used was normalised cross correlation. All de-
formable registration was done with the use of GPU. Fixed parameter settings used
which are suitable for large volume MR images are presented in table 3.1 [2]. Up-
date rule regards the update of the displacement field, and an additive update rule
gives that the displacement is added for each iteration. The parameter called block
is the size of the sub-region and block energy corresponds to the limit for accepted
solution within the optimisation step. The registration was then performed, as in
pre-registration, between the four moving images in each set to its reference image
separately.

Table 3.1: Fixed parameter settings for deformable registration.

’ Parameter \ Setting ‘

Update rule additive
Block [16, 16, 16]

Block energy | e =1le — 7

3.3 Evaluation of Image Registration Method

The image registration was evaluated in multiple steps, such as applying segmenta-
tions and using evaluation metrics (introduced in section 2.3.5), and is described in
the following section.

3.3.1 Segmentations

A part of the image registration evaluation process was to create fat and water
segmentations of the MR data. Note that these segmentations are not the same as
the tissue segmentations used for the PET images. The water and fat segmentations
were used to calculate the Dice score for the them separately, and also for merged
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segmentations. Automatic segmentations of fat and water was previously performed
with an internal software based on a fuzzy c-means clustering method [44]. The
segmentations were then manually adjusted in SmartPaint [45]. The segmentations
were made to the reference MR images of all sets in the dataset. The adjustments
included the removal of artifacts and the arms, starting from a straight line up from
the armpit. The arms were removed due to the datasets’ inconsistency of how much
of the arms were in the images. For some images there were only some parts of the
arms visible. Other adjustments to the segmentations were the removal of medical
equipment, such as intravenous tubes.

3.3.2 Phase 1

An initial evaluation was performed to understand how the parameters interact.
For this phase where the parameter settings set to cover a relatively wide range
of combinations. The main evaluation metrics used in this phase was Dice score
and computational time, with the aim to find the most promising setup range of
parameters. This regards minimum level of pyramid, number of iterations, step size,
regularisation weight and choice of of transformation in pre-registration.

The start of phase 1 was to evaluate the minimum pyramid level as well as using affine
or rigid transformation in the pre-registration. Testing with rigid transformation
were only performed on settings with 20 iterations and minimum pyramid level set
to 1, otherwise all possible combinations were tested, which are shown in table 3.2.
Furthermore, for the tests with rigid transformation was only image 1 and 3 in
every set to shorten run time. In total, 36 different affine transformation parameter
combinations and 9 rigid transformation parameter combinations were tested for
this phase.

Table 3.2: Parameter setting options for initial testing.

’ Parameter ‘ Settings ‘

Transformation (pre-reg.) Rigid, Affine
Minimum pyramid level 1 (only affine), 2
Number of iterations 10 (only affine), 20
Step size 0.1, 0.3, 0.5
Regularisation weight 0.05, 0.15, 0.25

3.3.3 Phase 2

For this phase, the main focus was on the interaction between step size and regu-
larisation weight. The parameter setups for this phase were chosen after evaluating
the more promising parameter settings from phase 1. The parameter values chosen
are shown in table 3.3 and all possible combinations of these were tested, resulting
in 20 combinations. The main evaluation metrics were Dice score and the ratio of
zeros in the Jacobian determinant, as well as visualisation of the magnitude of the
displacement field to investigate outliers.
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Table 3.3: Parameter setting options for first optimisation.

’ Parameter \ Settings
Transformation (pre-reg.) Affine
Minimum pyramid level 1
Number of iterations 10
Step size 0.05, 0.075, 0.1, 0.15
Regularisation weight 0.01, 0.03, 0.05, 0.07, 0.1

3.3.4 Phase 3

This phase was performed to investigate an increased number of iterations for the
smaller step sizes and regularisation weights. Similarly to the previous phase, the
evaluation metrics used were Dice score and the ratio of zeros in the Jacobian deter-
minant. The chosen parameter values are presented in table 3.4.

Table 3.4: Parameter setting options for second optimisation.

’ Parameter ‘ Settings ‘
Transformation (pre-reg.) Affine
Minimum pyramid level 1
Number of iterations 10, 20
Step size 0.05, 0.075, 0.1
Regularisation weight 0.01, 0.03, 0.05

3.4 Validation of Image Registration Method

The validation of the image registration method was done after the optimisation on
the training dataset was concluded. Running registration for the test data was done
with a range of the most promising parameter setups from phase 2, which are shown
in table 3.5. Note that no optimisation of parameters was based on the results from
the test data. A range of parameter settings was wanted rather than one single
specific setting. This, due to the fact that the dataset is relatively small and the
most optimal parameter setup may vary to some extent between different datasets.

Table 3.5: Parameter setting options for validation.

’ Parameter \ Settings ‘
Transformation (pre-reg.) Affine
Minimum pyramid level 1
Number of iterations 10
Step size 0.05, 0.075, 0.1
Regularisation weight 0.05, 0.07, 0.1

23



3. Methods

3.5 Motion Correction on PET Data

The motion correction was performed by applying transformations on the PET im-
ages, where the transformations where the result from the method of image regis-
tration with the MR images. To analyse the effect of motion correction on the PET
readouts, multiple segmentations of different tissues were used. The segmentations
of tissues were created prior to this work, using an in house developed and validated
semi-automated segmentation programme and the PMOD software v4.204 (PMOD
Technologies LLC, Zurich, Switzerland). This was done for each PET reference im-
age (the last time point) of all sets in the dataset. The segmentations made were
brain, liver, pancreas (panc), left quadriceps femoris muscle (lquad), right quadri-
ceps femoris muscle (rquad), myocardium (myoc), subcutaneous adipose tissue (sat)
and visceral adipose tissue (vat). Figure 3.2 shows an overview of the different
segmentations, with a coronal slice of a fused PET and MR image.

The parameter settings of the transformations used for motion correction of the
PET images were the same as the ones presented in table 3.5. A transformation
was applied on the first four PET images in each set and then evaluated with the
different segmentations.

3.5.1 Evaluation of Motion Correction

For the evaluation of motion correction on the PET data, the data set was divided
into two groups, sets with and without motion in the segmented areas. The division
was decided based on original fat and water Dice score for the MR data. Sets with
either fat or water Dice score lower than 0.56 were chosen for manual inspection of
the motion. These are shown in table A.1 in appendix A.1. The sets with artifacts
affecting the Dice score, or motion in areas outside of the PET segmentations (e.g.
feet) were placed in the group without motion. The remaining sets with low Dice
score were placed in the group of sets with motion. There were twelve sets with Dice
below 0.56, whereof four with artifacts, three with motion outside of segmentations
and then five left for the group with motion.

To evaluate the effect on the PET readouts, the Patlak model was used to calculate
the K; values and its RSE (the goodness of the Patlak fit) for all segmentations in
each set. These calculations were also made on all sets without transformation, to
use as reference. This was used to evaluate the possible difference between sets with
and without motion, as well as for the effect in different segmentations. Besides the
calculations from the Patlak modelling, visual evaluation was also used to observe
the effect on different segmentations.
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Tissue Segmentations
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Figure 3.2: Overview of tissue segmentations, brain, liver, pancreas (panc), left
quadriceps femoris muscle (lquad), right quadriceps femoris muscle (rquad), my-
ocardium (myoc), subcutaneous adipose tissue (sat) och visceral adipose tissue (vat).
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Results

In the following chapter, the results are presented for image registration of MR
images and the impact onto the PET readout of the motion corrected PET images.
The image registration part consists of the results from implementation of fast graph-
cut optimisation in terms of Dice scores, zeros in Jacobians and magnitude plots.
Regarding applying motion correction on the PET data, it was done with the more
promising parameter setups from the image registration part. These results consists
of K; values from Patlak plots along with RSE values.

4.1 Image Registration of MR Images

The following section is divided into training data and test data, where the evaluation
is presented respectively. The results regarding training and test data is presented
with scatter plots, heatmaps and box plots. Tables with all mean scores as well as
standard deviation is also presented. Furthermore, this part of the results is finalised
with a section regarding the visual interpretation.

4.1.1 Training Data

The results of the training data is presented for each phase, 1, 2 and 3. Phase 1
presents the results of setting options for choice of pre-registration transformation,
pyramid levels and also for different number of iterations, step sizes and regularisa-
tion weights. For phase 2 and 3, the pre-registration transformation and pyramid
levels were fixed and presents results for varying step sizes and regularisation weights.
Note that the number of iterations was fixed for phase 2, but not for phase 3.

Phase 1

For the choice of pre-registration transformation, evaluation comparing rigid and
affine transformation was performed. A scatter plot with the mean Dice score and
run time regarding the parameter combinations (presented in table 3.2) is shown in
figure 4.1. Each point corresponds to the mean dice and run time for all sets in the
training data, for one parameter setting. Note that only time point 1 and 3 for every
set are used in this plot. The figure shows that rigid and affine performs similarly
in regards to both Dice score and run time. The mean run time is the mean time
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for registering and creating a transformation for one time point in a set, and does
not include additional processing of the produced transform.
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Figure 4.1: Scatter plot comparing rigid and affine transformation, used in pre-
registration. For parameter setting options in phase 1.

Figure 4.2 shows a comparison of pyramid level and number of iterations. Each
point corresponds to the mean dice and run time for all sets and all time points in
the training data, for one parameter setting. Four clusters can be identified from
the figure, related to the four combinations of these two parameters. Minimum
pyramid level 1 results in higher Dice score than level 2, but also shows longer run
times. Regarding number of iterations, it can be seen that both 10 and 20 iterations
results in similar Dice score. However, 20 iterations results in a longer run time,
where the difference is larger for minimum pyramid level 1 than level 2.
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Phase 1: Pyramid Levels & Number of lterations
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Figure 4.2: Scatter plot comparing pyramid levels and number of iterations. For
parameter setting options in phase 1.

Mean Dice scores and run times for phase 1 is shown in table 4.1, which regards
all pyramid levels, number of iterations, step sizes and regularisation weights. Note
that the values presented in the table is for affine transformation in pre-registration.
Now, with pyramid level set to (1,6), 10 iterations and affine transformation in pre-
registration, results for different step sizes and regularisation weights is shown in
figure 4.3 and 4.4. The first, presenting a heatmap of mean Dice scores for the
different parameter setups for MR water images and the second for MR fat images.
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Figure 4.3: Heatmap of mean Dice scores for MR water images. Pyramid levels
(1,6), 10 iterations, affine transformation i pre-registration.
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Phase 1: Mean Dice Scores Fat
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Figure 4.4: Heatmap of mean Dice scores for MR fat images. Pyramid levels (1,6),
10 iterations, affine transformation i pre-registration.
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Table 4.1: Dice scores for water, fat and merged, all for segmented images. Dice
scores for the original images are for water 0.6693, fat 0.6408 and merged 0.7685.

Parameter Setup Run Dice Scores
Affine pre-reg. Time Mean std

Pyr. | Iter. | Step. | Weig. | Mean [s] | W F M W F M

(1,6) | 10 0.1 0.05 74 0.807 | 0.799 | 0.868 | 0.061 | 0.074 | 0.035
(1,6) | 10 0.1 0.15 69 0.804 | 0.795 | 0.865 | 0.061 | 0.076 | 0.036
(1,6) | 10 0.1 0.25 68 0.801 | 0.791 | 0.863 | 0.061 | 0.077 | 0.036
(1,6) | 10 0.3 0.05 69 0.806 | 0.798 | 0.867 | 0.061 | 0.074 | 0.035
(1,6) | 10 0.3 0.15 66 0.803 | 0.793 | 0.864 | 0.061 | 0.076 | 0.035
(1,6) | 10 0.3 0.25 66 0.800 | 0.790 | 0.862 | 0.061 | 0.077 | 0.035
(1,6) | 10 0.5 0.05 67 0.804 | 0.795 | 0.866 | 0.061 | 0.074 | 0.035
(1,6) | 10 0.5 0.15 65 0.800 | 0.789 | 0.862 | 0.061 | 0.076 | 0.035
(1,6) | 10 0.5 0.25 65 0.796 | 0.784 | 0.859 | 0.061 | 0.078 | 0.035
(1,6) | 20 0.1 0.05 141 0.808 | 0.800 | 0.868 | 0.061 | 0.074 | 0.035
(1,6) | 20 0.1 0.15 129 0.804 | 0.795 | 0.865 | 0.061 | 0.076 | 0.035
(1,6) | 20 0.1 0.25 129 0.802 | 0.792 | 0.863 | 0.061 | 0.077 | 0.036
(1,6) | 20 0.3 0.05 132 0.807 | 0.798 | 0.868 | 0.061 | 0.074 | 0.035
(1,6) | 20 0.3 0.15 125 0.803 | 0.793 | 0.864 | 0.061 | 0.076 | 0.035
(1,6) | 20 0.3 0.25 122 0.800 | 0.790 | 0.862 | 0.061 | 0.077 | 0.035
(1,6) | 20 0.5 0.05 128 0.804 | 0.795 | 0.866 | 0.061 | 0.074 | 0.035
(1,6) | 20 0.5 0.15 120 0.800 | 0.789 | 0.862 | 0.061 | 0.076 | 0.035
(1,6) | 20 0.5 0.25 116 0.796 | 0.784 | 0.859 | 0.061 | 0.078 | 0.035
(2,6) | 10 0.1 0.05 24 0.789 | 0.770 | 0.851 | 0.060 | 0.084 | 0.037
(2,6) | 10 0.1 0.15 23 0.785 | 0.764 | 0.848 | 0.060 | 0.088 | 0.037
(2,6) | 10 0.1 0.25 22 0.781 | 0.759 | 0.846 | 0.059 | 0.091 | 0.036
(2,6) | 10 0.3 0.05 21 0.786 | 0.765 | 0.849 | 0.060 | 0.087 | 0.036
(2,6) | 10 0.3 0.15 19 0.782 | 0.759 | 0.846 | 0.060 | 0.091 | 0.036
(2,6) | 10 0.3 0.25 18 0.778 | 0.754 | 0.843 | 0.059 | 0.092 | 0.036
(2,6) | 10 0.5 0.05 19 0.781 | 0.758 | 0.845 | 0.059 | 0.089 | 0.036
(2,6) | 10 0.5 0.15 18 0.775 1 0.752 | 0.841 | 0.060 | 0.091 | 0.037
(2,6) | 10 0.5 0.25 16 0.771 1 0.746 | 0.837 | 0.058 | 0.093 | 0.037
(2,6) | 20 0.1 0.05 43 0.789 | 0.770 | 0.851 | 0.060 | 0.084 | 0.037
(2,6) | 20 0.1 0.15 39 0.785 | 0.764 | 0.848 | 0.060 | 0.088 | 0.037
(2,6) | 20 0.1 0.25 37 0.781 | 0.759 | 0.846 | 0.059 | 0.091 | 0.036
(2,6) | 20 0.3 0.05 35 0.786 | 0.765 | 0.849 | 0.060 | 0.087 | 0.036
(2,6) | 20 0.3 0.15 32 0.782 | 0.759 | 0.846 | 0.060 | 0.091 | 0.036
(2,6) | 20 0.3 0.25 27 0.778 | 0.754 | 0.843 | 0.059 | 0.092 | 0.036
(2,6) | 20 0.5 0.05 31 0.781 | 0.758 | 0.845 | 0.059 | 0.089 | 0.036
(2,6) | 20 0.5 0.15 24 0.775 | 0.752 | 0.841 | 0.060 | 0.091 | 0.037
(2,6) | 20 0.5 0.25 19 0.771 | 0.746 | 0.837 | 0.058 | 0.093 | 0.037

Regarding parameter setup, Pyr. = pyramid, Iter.= number of iterations, Step. = step

size and Weig. = regularisation weight. Regarding Dice scores, W = segmented water, F

= segmented fat and M = merged segmentations of water and fat.
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Phase 2

All mean Dice scores and run times for phase 2 is shown in table 4.2. Mean Dice
scores is also shown in heatmaps for water and fat MR images in figure 4.5 and 4.6.
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Figure 4.5: Heatmap of mean Dice scores for MR water images. Pyramid levels
(1,6), 10 iterations, affine transformation i pre-registration.

Phase 2: Mean Dice Scores Fat
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Figure 4.6: Heatmap of mean Dice scores for MR fat images. Pyramid levels (1,6),
10 iterations, affine transformation i pre-registration.
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Table 4.2: Dice scores for water, fat and merged, all for segmented images. Dice
scores for the original images are for water 0.6693, fat 0.6408 and merged 0.7685.
Number of iterations 10, pyramid levels (1,6) and affine transformation in pre-
registration.

Parameter Run Dice Scores
Setup Time Mean std

Step. | Weig. | Mean [s] | W F M W F M

0.05 | 0.01 76 0.806 | 0.798 | 0.867 | 0.062 | 0.074 | 0.036
0.05 | 0.03 76 0.806 | 0.797 | 0.867 | 0.062 | 0.075 | 0.036
0.05 | 0.05 76 0.805 | 0.797 | 0.866 | 0.062 | 0.075 | 0.036
0.05 | 0.07 75 0.805 | 0.796 | 0.866 | 0.062 | 0.075 | 0.036
0.05 |0.1 74 0.804 | 0.795 | 0.865 | 0.062 | 0.076 | 0.036
0.075 | 0.01 76 0.808 | 0.800 | 0.868 | 0.061 | 0.073 | 0.035
0.075 | 0.03 75 0.807 | 0.799 | 0.868 | 0.061 | 0.074 | 0.036
0.075 | 0.05 74 0.807 | 0.798 | 0.867 | 0.062 | 0.074 | 0.036
0.075 | 0.07 74 0.806 | 0.797 | 0.867 | 0.062 | 0.075 | 0.036
0.075 | 0.1 73 0.805 | 0.796 | 0.866 | 0.062 | 0.075 | 0.036
0.1 0.01 75 0.808 | 0.800 | 0.869 | 0.061 | 0.073 | 0.035
0.1 0.03 75 0.808 | 0.800 | 0.868 | 0.061 | 0.074 | 0.035
0.1 0.05 74 0.807 | 0.799 | 0.868 | 0.061 | 0.074 | 0.035
0.1 0.07 73 0.806 | 0.798 | 0.867 | 0.061 | 0.075 | 0.035
0.1 0.1 71 0.805 | 0.797 | 0.866 | 0.061 | 0.075 | 0.035
0.15 | 0.01 75 0.809 | 0.801 | 0.869 | 0.061 | 0.073 | 0.035
0.15 | 0.03 74 0.808 | 0.800 | 0.869 | 0.061 | 0.074 | 0.035
0.15 | 0.05 72 0.807 | 0.799 | 0.868 | 0.061 | 0.074 | 0.035
0.15 | 0.07 71 0.806 | 0.798 | 0.867 | 0.061 | 0.074 | 0.035
0.15 | 0.1 69 0.805 | 0.797 | 0.866 | 0.061 | 0.075 | 0.035

Regarding parameters, Step. = step size and Weig. = regularisation weight. Regarding
Dice scores, W = segmented water, F' = segmented fat and M = merged segmentations
of water and fat.
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Regarding evaluation of the deformation field, a heatmap for mean zeros in Jacobian
ratio is shown in figure 4.7. All values regarding the Jacobian is shown in table 4.3.

Phase 2: Mean Zeros in Jacobian Ratio
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Figure 4.7: Heatmap of mean zeros in Jacobian ratio, with pyramid (1,6), 10 itera-
tions and affine transformation in pre-registration.

A box plot for the zeros in Jacobian ratio of phase 2 is shown in figure 4.8. Reg-
ularisation weight 0.01 shows the largest amount of zeros for all step sizes. Some
distinctive outliers can be identified.
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Figure 4.8: Box plot of the ratio of zeros in the Jacobian determinant, for the
different parameter settings in phase 2.
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Table 4.3: Scores for evaluating Jacobians. Number of iterations 10, pyramid levels
(1,6) and affine transformation in pre-registration.

Parameters Jacobian

Step. | Weig. | Mean zero ratio [%]| | Mean Jacobian
0.05 | 0.01 0.02925 0.14510
0.05 | 0.03 0.00557 0.14511
0.05 | 0.05 0.00132 0.14512
0.05 | 0.07 0.00036 0.14512
0.05 | 0.1 0.00008 0.14511
0.075 | 0.01 0.06648 0.14511
0.075 | 0.03 0.01260 0.14512
0.075 | 0.05 0.00371 0.14512
0.075 | 0.07 0.00119 0.14511
0.075 | 0.1 0.00053 0.14510
0.1 0.01 0.11364 0.14511
0.1 0.03 0.02430 0.14512
0.1 0.05 0.00823 0.14512
0.1 0.07 0.00344 0.14511
0.1 0.1 0.00098 0.14510
0.15 | 0.01 0.19854 0.14512
0.15 | 0.03 0.04345 0.14513
0.15 | 0.05 0.01511 0.14512
0.15 | 0.07 0.00593 0.14511
0.15 | 0.1 0.00166 0.14508

Step. = step size and Weig. = regularisation weight.
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Phase 3

All mean Dice scores and run times for phase 3 is shown in table 4.4. Mean Dice
scores is also shown in heatmaps for water and fat MR images in figure 4.9 and 4.10.

Phase 3: Mean Dice Scores Water

-0.815
o
=]
0.810
0.805
Y
w2 g
o o 0.800 &
Yo
w
0.795
2 0.8055 0.790
(=]
0.785
0.01 0.03 0.05
Regularisation Weight Mean Dice original: 0.6883

Figure 4.9: Heatmap of mean Dice scores for MR water images. Pyramid levels
(1,6), 10 iterations, affine transformation i pre-registration.

Phase 3: Mean Dice Scores Fat
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Figure 4.10: Heatmap of mean Dice scores for MR fat images. Pyramid levels (1,6),
10 iterations, affine transformation i pre-registration.
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Table 4.4: Dice scores for water, fat and merged, all for segmented images. Dice
scores for the original images are for water 0.6693, fat 0.6408 and merged 0.7685.
Pyramid levels (1,6) and affine transformation in pre-registration.

Parameter Run Dice Scores
Setup Time Mean std

Iter. | Step. | Weig. | Mean [s] | W F M W F M

10 1 0.05 |0.01 76 0.806 | 0.798 | 0.867 | 0.062 | 0.074 | 0.036
10 | 0.05 | 0.03 76 0.806 | 0.797 | 0.867 | 0.062 | 0.075 | 0.036
10 | 0.05 | 0.05 76 0.805 | 0.797 | 0.866 | 0.062 | 0.075 | 0.036
10 ] 0.075 | 0.01 76 0.808 | 0.800 | 0.868 | 0.061 | 0.073 | 0.035
10 | 0.075 | 0.03 75 0.807 | 0.799 | 0.868 | 0.061 | 0.074 | 0.036
10 | 0.075 | 0.05 74 0.807 | 0.798 | 0.867 | 0.062 | 0.074 | 0.036
10 | 0.1 0.01 75 0.808 | 0.800 | 0.869 | 0.061 | 0.073 | 0.035
10 | 0.1 0.03 75 0.808 | 0.800 | 0.868 | 0.061 | 0.074 | 0.035
10 | 0.1 0.05 74 0.807 | 0.799 | 0.868 | 0.061 | 0.074 | 0.035
20 | 0.05 |0.01 148 0.809 | 0.801 | 0.869 | 0.061 | 0.073 | 0.035
20 1 0.05 |0.03 147 0.808 | 0.800 | 0.868 | 0.061 | 0.074 | 0.035
20 1 0.05 |0.05 145 0.807 | 0.799 | 0.868 | 0.061 | 0.074 | 0.035
20 1 0.075 | 0.01 146 0.809 | 0.802 | 0.869 | 0.061 | 0.073 | 0.035
20 1 0.075 | 0.03 146 0.808 | 0.801 | 0.869 | 0.061 | 0.074 | 0.035
20 | 0.075 | 0.05 143 0.808 | 0.800 | 0.868 | 0.061 | 0.074 | 0.035
20 | 0.1 0.01 145 0.809 | 0.802 | 0.870 | 0.061 | 0.073 | 0.035
20 | 0.1 0.03 144 0.809 | 0.801 | 0.869 | 0.061 | 0.073 | 0.035
20 | 0.1 0.05 141 0.808 | 0.800 | 0.868 | 0.061 | 0.074 | 0.035

Regarding parameters, Iter. = number of iterations, Step. = step size and Weig. =
regularisation weight. Regarding Dice scores, W = segmented water, F = segmented fat
and M = merged segmentations of water and fat.
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Regarding evaluation of the deformation field, a heatmap for mean zeros in Jacobian
ratio is shown in figure 4.11. Values regarding the Jacobian is shown in table 4.5.
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Figure 4.11: Heatmap of mean zeros in Jacobian ratio, with pyramid (1,6), 20
iterations and affine transformation in pre-registration.
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Table 4.5: Scores for evaluating Jacobians. Pyramid levels (1,6) and affine transfor-
mation in pre-registration.

Parameters Jacobian
Iter. | Step. | Weig. | Mean zero ratio [%] | Mean Jacobian
10 1 0.05 | 0.01 0.02925 0.14510
10 | 0.05 | 0.03 0.00557 0.14511
10 1 0.05 | 0.05 0.00132 0.14512
10 | 0.075 | 0.01 0.06648 0.14511
10 | 0.075 | 0.03 0.01260 0.14512
10 | 0.075 | 0.05 0.00371 0.14512
10 | 0.1 0.01 0.11364 0.14511
10 | 0.1 0.03 0.02430 0.14512
10 | 0.1 0.05 0.00823 0.14512
20 1 0.05 |0.01 0.11435 0.14511
20 1 0.05 |0.03 0.02392 0.14512
20 | 0.05 |0.05 0.00743 0.14512
20 | 0.075 | 0.01 0.19509 0.14512
20 | 0.075 | 0.03 0.04248 0.14512
20 1 0.075 | 0.05 0.01479 0.14512
20 | 0.1 0.01 0.25710 0.14512
20 0.1 0.03 0.05715 0.14513
20 0.1 0.05 0.02028 0.14511

Iter. = number of iterations, Step. = step size and Weig. = regularisation weight.
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4.1.2 Test Data

In this section the registration results regarding the test data is presented. Figure
4.12 and 4.13 shows a heatmap of mean Dice scores for water and fat MR images.
All mean Dice scores and run times for the test data is shown in table 4.6.

Test Data: Mean Dice Scores Water
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Figure 4.12: Heatmap of mean Dice scores for MR water images. Pyramid levels
(1,6), 10 iterations, affine transformation i pre-registration.

Test Data: Mean Dice Scores Fat
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Figure 4.13: Heatmap of mean Dice scores for MR fat images. Pyramid levels (1,6),
10 iterations, affine transformation i pre-registration.
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Table 4.6: Dice scores for water, fat and merged, all for segmented images. Dice
scores for the original images are for water 0.6693, fat 0.6408 and merged 0.7685.
Pyramid levels (1,6), 10 iterations and affine transformation in pre-registration.

Parameter Run Dice Scores
Setup Time Mean std

Step. | Weig. | Mean [s] | W F M W F M

0.05 | 0.05 76 0.798 | 0.815 | 0.873 | 0.056 | 0.077 | 0.035
0.05 |0.07 75 0.798 | 0.814 | 0.873 | 0.057 | 0.078 | 0.036
0.05 | 0.1 75 0.796 | 0.813 | 0.872 | 0.057 | 0.078 | 0.036
0.075 | 0.05 75 0.800 | 0.816 | 0.874 | 0.055 | 0.076 | 0.035
0.075 | 0.07 74 0.799 | 0.815 | 0.874 | 0.056 | 0.076 | 0.035
0.075 | 0.1 73 0.798 | 0.814 | 0.873 | 0.056 | 0.077 | 0.035
0.1 0.05 74 0.800 | 0.817 | 0.875 | 0.055 | 0.075 | 0.034
0.1 0.07 72 0.799 | 0.816 | 0.874 | 0.055 | 0.076 | 0.034
0.1 0.1 72 0.798 | 0.815 | 0.873 | 0.056 | 0.077 | 0.035

Regarding parameters, Iter. = number of iterations, Step. = step size and Weig. =
regularisation weight. W = segmented water, F = segmented fat and M = merged
segmentations of water and fat.

Regarding evaluation of the deformation field, a heatmap for mean zeros in Jacobian
ratio is shown in figure 4.14. All values regarding the Jacobian is shown in table

4.7.
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Figure 4.14: Heatmap of mean zeros in Jacobian ratio, with pyramid (1,6), 10

iterations and affine transformation in pre-registration.

A box plot of the zeros in Jacobian ratio of the test data is shown in figure 4.15.
Some distinctive outliers can be identified.
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Figure 4.15: Box plot of the ratio of zeros in the Jacobian determinant, for the
different parameter settings for test data.

Table 4.7: Scores for evaluating Jacobians. Pyramid levels (1,6) and 10 iterations.

Parameters Jacobian
Step. | Weigh. | Zeros in Jacobian ratio [%] | Jacobian mean
0.05 | 0.05 0.00078 0.14635
0.05 | 0.07 0.00023 0.14635
0.05 |0.1 0.00006 0.14635
0.075 | 0.05 0.00343 0.14635
0.075 | 0.07 0.00109 0.14635
0.075 | 0.1 0.00028 0.14634
0.1 0.05 0.00831 0.14635
0.1 0.07 0.00302 0.14635
0.1 0.1 0.00080 0.14634

Iter. = number of iterations, Step. = step size and Weig. = regularisation weight.

4.1.3 Visual Evaluation

Firstly, two examples of sets with and without motion is presented. Figure 4.16
presents the magnitude of the displacement field of a set. The magnitude is low for
all four time points, indicating no considerable difference between the time points
and the reference image in the transformation. However, the area around the heart
shows a higher magnitude for the majority of the time points.
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Magnitude of a Displacement Field
Time point 1 Time point 2 Time point 3 Time point 4 [mm]25

0

Figure 4.16: Magnitude of displacement field of a set without movement, with param-
eter settings pyramid (1,6), 10 iterations, step size 0.05, and regularisation weight
0.1.

Figure 4.17 presents another set, and shows a larger magnitude for the first three
time points, indicating a motion between time point 3 and 4.

Magnitude of a Displacement Field
Time point 1 Time point 2 Time point 3 Time point 4 [mm]25

A A A A

0

Figure 4.17: Magnitude of displacement field of a set with movement, with parameter
settings pyramid (1,6), 10 iterations, step size 0.05, and regularisation weight 0.1.

43



4. Results

In the box plot of zero ratio in Jacobian of the test data, in figure 4.15, some outliers
could be identified. The most distinctive outliers were found to be time point 1 and
2 in one of the sets. When studying both the MR images and the magnitude of the
displacement field of this set, it could be seen that there had been a large movement
between time point 2 and 3. This is shown in figure 4.18, where the magnitude is
large for the first and second time point, and small for the two later time points.
Notice the change in value for the grey scale compared to the previous magnitude
plots (a maximum of 90 mm compared to a previous maximum of 25 mm), indicating
a greater motion with an increased maximum value.

Magnitude of a Displacement Field
Time point 1 Time point 2 Time point 3 Time point 4 [mm]90

80
70
60
50
40

30

117 -

—Lo

Figure 4.18: Magnitude of displacement field of a set with large movement, with
parameter settings pyramid (1,6), 10 iterations, step size 0.05, and regularisation
weight 0.1.

Multiple subjects with artifacts were observed in the MR data. In the box plot
showing the zero ratio in Jacobian in phase 2, in figure 4.8, several outliers could
be identified. The most distinctive outlier was found to be time point 4 in one of
the sets. When studying these fat and water MR images, a swap in fat and water
could be identified in the leg area above the knee. This was further investigated
with a magnitude plot of the displacement field, shown in figure 4.19. The figure
shows a large magnitude in this specific area, and the other time points are shown
for reference.
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Magnitude of a Displacement Field
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Figure 4.19: Magnitude of displacement field of a set with an artifact, with parameter
settings pyramid (1,6), 10 iterations, step size 0.05, and regularisation weight 0.1.
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4.2 Applying Motion Correction to PET Data

The following section presents the results regarding the PET modelling. First, the
overall result for the Patlak modelling is presented, followed by more detailed results
regarding unique subjects and segmentations.

4.2.1 General Patlak Results

The initial results for the PET modelling includes the overall mean for the relative
standard error (RSE) of fitted K;. The result for the different transforms is presented
in figure 4.20, for all subjects and all tissue segmentations except pancreas. The
pancreas was excluded from all results due to poor quality of these segmentations.
The figure shows that the modelling for the transformed data is slightly varying, in
degrees of error compared to the non transformed data. The transformed data also
shows smaller error than the non transformed.

%0 Mean RSE For All Segmentations

8.8
8.6

8.4

Mean RSE [%)]

82

8.0

‘\
S
Ly
o
7
o5
N
7
%
o
7

Transform settings [Step Size, Reg Weight]

Figure 4.20: Mean results for Patlak RSE for all tissue segmentations except pan-
creas. Parameter settings pyramid (1,6) and 10 iterations, step size and regularisa-
tion weight as shown in figure.

4.2.2 Patlak for Individual Tissue Segmentations

The mean RSE values of the fitted K; of the tissue segmentations were evaluated
for the groups with and without motion. Figure 4.21 shows the result for the sets
without motion, excluding the segmentation for pancreas. The bar plot shows that
the RSE is similar with and without transformation for most of the segmentations.
The exeptions are myocardium where the RSE increase with transformation, and
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vat where the RSE decrease with transformation. Overall, it can also be observed
that vat shows the highest RSE value, and brain, lquad and rquad shows the lowest.

Mean RSE for Sets Without Motion

mmm Non transformed
25 mmm Transformed

20
10
o I. | |
sat vat

brain liver lquad myoc rquad
Segmentation

Mean RSE [%]
&

Figure 4.21: Mean Patlak RSE for different segmentations for all sets without motion.
Parameter settings pyramid (1,6), 10 iterations, step size 0.05, and regularisation
weight 0.1.

For the sets with motion, figure 4.22 shows the mean RSE for different segmentations.
The figure shows that the mean RSE decrease with transformation compared to
without transformation, for most of the segmentations. The largest decrease can be
observed with the vat segmentation. The mean RSE value of the liver segmentation
is the only one that increase with transformation.
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Mean RSE for Sets With Motion

mmm Non transformed
25 wmm Transformed
20
=
15
o
=
m
[1F]
=
10
o I - M=
brain liver lquad myoc muad sat vat
Segmentation

Figure 4.22: Mean Patlak RSE for different segmentations for all sets with motion.
Parameter settings pyramid (1,6), 10 iterations, step size 0.05, and regularisation
weight 0.1.

Similarly to the mean RSE values in the previous plots, the mean K; values were
also calculated and is presented in table 4.8. The dataset was divided into the same
groups as before, and is presented separately as with and without motion. Both are
compared to values for transformed and non transformed data. A difference in mean
K; value can be observed between the sets with and without motion. It is only a
small difference between transformed and non transformed data within the groups.

Table 4.8: Mean K; for sets with and without motion.

Mean K; [ml/cm?/min]
Segmentation Without motion With motion
Non trans. | Trans. | Non trans. | Trans.

brain 0.02082 0.02080 0.01720 0.01688
liver 0.004638 | 0.004650 | 0.004134 | 0.003972
lquad 0.007595 | 0.007587 | 0.008733 | 0.008692
rquad 0.007378 | 0.007367 | 0.008046 | 0.008036
myoc 0.05105 0.05135 0.05102 0.04882
sat 0.001638 | 0.001632 | 0.001668 | 0.001740
vat 0.001626 | 0.001746 | 0.001536 | 0.001734

Trans. = transformed.
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4.2.3 Visual Evaluation

Figure 4.23 shows fused PET /MR images, of a representative slice of a 3D volume,
with segmentations for brain, liver, rquad and lquad. The moving image corresponds
to the first image in a set containing considerable motion and the reference is the
fifth image of the same set. The transformed image is the result from applying a
transformation on the moving image. Here the parameter setup of the transform
was pyramid (1,6), 10 iterations, step size 0.05, and regularisation weight 0.1, with
affine transform in pre-registration. Note that no signal was removed, but since the
figure only shows one slice, a part of the signal could have been moved to another
slice.
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Moving Reference Transformed

Figure 4.23: Fused PET/MR images, of a representative slice of a 3D volume, with
marked segmentations for brain, liver, lquad and rquad, for the moving, reference
and transformed image.
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Discussion

In the following chapter, the results regarding both image registration on MR images
and PET modelling are discussed, along with recommendations for future studies.
As there is limited research regarding motion correction of bulk motions for dynamic
whole-body PET /MR datasets post-reconstruction, the discussion focuses on aspects
regarding the implemented method, rather than comparing alternative methods.

The dataset used in this study is unique and with its five anatomical reference images
it gives opportunities for motion correction that for example PET/CT data with only
one anatomical reference image does not have. It also implies that this method is
not suitable for data with only one reference image. However, the motion correction
method that has been introduced for a study using PET/CT could possibly be
implemented for this type of dataset, where the motion is estimated from a dynamic
PET data [41]. Further, the introduced method using rigid motion correction is
implemented on PET/MR images and was shown to work well for head motions
[5]. However, the assumption of a rigid body does not hold for this study of whole-
body images with a considerable amount of soft tissue. Then there are multiple
studies made for motion correction before or during reconstruction, but these are
not applicable for this already reconstructed dataset [6][7].

5.1 Image Registration of MR Images

The method of using fast graph-cut based optimisation as image registration method
shows promising results for this dataset of large volume medical MR images. There
is an increase in terms of Dice score overall, which implies improved overlap of the
images after the transformation is applied. However, evaluating the ratio of zeros
in the Jacobian, there are some parameter setups that seems more promising than
others. It should be noted that the optimisation of parameters is specific for this
dataset and may vary to some extent for other datasets. Specifically regarding
datasets with other types of motion, or varying degree of motion.

5.1.1 Optimisation

As results show, the Dice scores for water and fat segmentations follows the same
trends between the different parameter setups. Therefore will the result be discussed
more generally regarding the Dice scores. Starting with phase 1, it was seen that
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rigid and affine transformation in the pre-registration step worked equally in terms
of both Dice score and run time, as seen in figure 4.1. The choice of then continuing
using only affine was made since it could be more suitable for non-rigid structures,
which is the case for whole-body images. Regarding pyramid level it was clear in
figure 4.2 that using pyramid levels (1,6) gave a better result in terms of Dice than
(2,6). There was however an increase in run time for (1,6), which could be seen as
a drawback. Then, there might also be an increased risk of folds when using the
lower levels of the pyramid. The lowest levels registers details in the image, where
there is more noise generally and the search-space is larger, thereof grater risk of
folds. In figure 4.2 it was also seen that ten iterations should be enough to reach
convergence, which then was proceeded with to reduce run time. Regarding step size
and regularisation weight, it could be seen in figure 4.3 and 4.4 that there was an
overall improvement of Dice score for all setups. However, the biggest improvement
was seen for lower step sizes and regularisation weights, so these were the ones to
be investigated further in the following phases.

For phase 2 there where also a considerable improvement of Dice score for all tested
parameter setups, as seen in figure 4.5 and 4.6. However, looking at the zero ratio
in the Jacobians there is a significant difference between the different setups, which
is seen in figure 4.7. A too low regularisation weight gives a relatively high ratio
of zeros in the Jacobian. This implies foldings, which gets more considerate with
increased step size for the low regularisation weights. A step size of 0.05 and a
regularisation weight around 0.1 seemed the most promising for this phase with
regards to the zero ratio in the Jacobian.

Phase 3 was done to investigate whether or not an increased number of iterations
was needed for the smaller step sizes and regularisation weights. It was seen in figure
4.9, 4.10 and 4.11 that it was not, and seems to converge within ten iterations. Since
the Dice scores were similar to those in phase 2 and that there were no improvement
in zero ratio, there were no further investigation from phase 3.

5.1.2 Validation

A part of the dataset was used for validation, due to the used dataset being relatively
small and the number of sets with considerable motion were few. After the dataset
was randomly divided into training and testing it was checked that both included
sets with known motion. This to not optimise for no subjects with considerable
motion or to optimise for them all and not to have any to validate with. Validation
of the method with the test data showed similar behaviour regarding both Dice
scores and zero ratio in the Jacobian.

It should be noted when discussing considerable motion it is not specified which
type, and sets with known motion varied mostly between head, legs and whole
upper-body. Another implication of having a relatively small dataset is that it is
not extensive enough for statistical evaluation. Hence the image registration part is
limited to evaluating with overlap metrics and evaluation of the displacement fields,
along with visual evaluation.
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5.1.3 The Quality of Fat and Water Segmentations

The segmentations that were made to evaluate the registration could be a source of
error. The automatic segmentations did include objects in the image space which
was not a part of the imaged body. This included intravenous tubes and bags of
water under the feet to increase signal, among other things. These were manually
removed. Then, there were cases were the arms were not covered by the image
space. Since this varied a lot between sets it was decided to remove them manually
as well. This may have caused some errors, but are believed to be equivalent for all
sets and should therefore not affect the overall result. Since the MR images were
MRAC-based, their resolution is relatively low and could also be an source of error
for the accuracy of the segmentations.

5.1.4 Evaluation Metrics and Effect of Artifacts

A drawback of using Dice score as an evaluation metric is that it is highly dependent
on the size of the regions. An error for a single voxel can give a considerate error
for small regions. Regarding the dataset used in this study, there is a variety in
size between the subjects and thereby variety in size of the segmentations used for
the evaluation with Dice. However, the segmentations are all of whole-body (arms
excluded) and in the same order in terms of number of voxels in each segmentation.
A limitation of using Dice on whole-body segmentations is that it is a relatively
rough evaluation. It would be more preferable to do per organ, as like the ones used
in the PET part, but this would be much more costly regarding computational time.

The goal with using the zero ratio in the Jacobian as an evaluation metric is to
find those with < 0 number of zeros, since zeros imply impossible physical transfor-
mations. However, there are some aspects in this study that makes it a bit more
complex than only choosing the ones with no zeros. In the dataset there are multiple
MR images where there has been fat-water swaps for some parts of the image. These
parts are relatively small compared to the whole image, but within these parts it
will try to register structures that does not correspond to the reference image. Con-
sequently registering fat against water or vice versa. Then, the assumptions of the
signal regarding the similarity metric does not hold in these regions. Note that this
study uses the already reconstructed images, with no possibility of changing the
signals correctly. So the aim was then to find a transformation that gives significant
improvement in terms of Dice and a small ratio of zeros for all the sets in the dataset.
It should be noted that the figures showing the ratio of zeros are mean values, for
the whole training or test set. It could in many cases be seen that the zero ratio for
an individual image was zero, but for some it was not. The images with artifacts
such as fat-water swaps were often represented in those with zeros, which was seen
in the box plot in figure 4.8. It should also be noted that it was not the objective of
this study to further investigate additional registration parameters that gives best
result in terms of the zero ratio in the Jacobian.

Regarding the magnitude plots shown in section 4.1.3 it can be seen that they vary
considerably between the presented sets. This is likely because of the varying degree
and type of motion between the sets, but also because of the artifacts from switched
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signals. As previously mentioned, no correspondence between the structures for
the parts with swapped signal, which is not reasonable to register. This is clearly
shown in the magnitude plot in figure 4.19. With the magnitude plots it is also
clear between which time points the movement has occurred. As seen in figure 4.18,
there has been considerable motion between time point two and three. It should also
be noted that the magnitude plots generally looks reasonable regarding the whole
dataset.

5.2 Applying Motion Correction to PET Data

The result of applying motion correction to the PET data showed promising differ-
ences on the sets with motion, and had less effect on those without. Evaluating
the overall mean RSE for all segmentations showed a decrease in RSE for all pa-
rameter setups, presented in figure 4.20. Note that this is an overall decrease and
does not show improvement for any organ specifically. It does however indicate an
improvement of the localisation of the segments with motion correction.

The transform setting chosen for evaluating individual organs and visual evaluation
of the motion correction on PET was based on the most promising results on phase
2. Since the Dice score was similar for the different transformations in phase 2, the
chosen transformation was based on minimising the ratio of zeros in the Jacobian.
The optimisation was made on the MR data since it is a better reference of the
anatomy. However, the performance of the transform can differ when used on the
PET data since that is a different problem. Therefore, the optimal parameter set-
tings in regards to the PET data may need further investigation. Additionally, the
optimal parameter settings can differ to other datasets.

5.2.1 Motion Correction on Segmented Tissues

The affect of motion correction was visually presented in figure 4.23. In the fig-
ure, the segmentations for brain, liver, and right respectively left quadriceps femoris
muscle shows an improved alignment. This is shown when comparing the reference
image to the moving and transformed image respectively. Therefore the motion
correction seems to improve the location of these segmentations in sets with motion.
For a small dataset like in this study, it would be possible to primarily use visual
inspection in the evaluation. However, for studies with much larger number of sub-
jects/scans, a visual inspection of all images would be considerably time consuming.

The result from the PET evaluation is dependent on the division of the dataset. The
dataset was divided into groups with and without motion based on Dice score from
the MR data. Multiple sets with low Dice score was found to be due to artifacts,
or movement in areas outside of the PET segmentations. Manual inspection was
therefore needed as well. There is no easy way to determine specific movements
based on Dice score, other methods could therefore be more suitable. Furthermore,
only five of the 32 sets were found to have considerable motion in the segmented
areas, leading to difficulty using statistical methods in the evaluation. However,
some trends could be identified.

o4



5. Discussion

Regarding the sets without motion, the mean RSE values were similar for the non
transformed and transformed data, shown in figure 4.21. The result is desirable
since there are no considerable movements, hence no motion correction is needed.
The exceptions were the segmentations for myocardium and visceral adipose tissue,
where the mean RSE value increased respectively decreased. The increased mean
RSE value for myocardium may be explained by its strong signal and both cardiac
and respiratory motion effects that were not possible to correct in this dataset.
The decreased mean RSE value for visceral adipose tissue may be explained by the
natural movement of intestines, and potential improvement for fat localisation to
match the reference image created segmentation.

In regards of the sets with motion, the mean RSE value decreased for almost all
segments, as shown in figure 4.22. The results indicates an improvement in the
Patlak slope fit, hence possibly a potential of more accurate readouts from the PET
data. Only exception was the liver, where an increase in the mean RSE was observed.
This may be explained by the breathing motion and the risk of spillover signal from
the myocardium. Another aspect when interpreting these results is the fact that
it is the mean RSE value for the two groups, and it can therefore differ for the
individual sets. A larger amount of sets in both groups, and especially the group
with considerable motion, could lower the effect of these variations.

The results on uptake rate Kj;, in table 4.8, show similar difference as the mean
RSE differs in figure 4.21 and 4.22, for non transformed and transformed data with
and without motion. The observation is reasonable since the segments unaffected
of movement should keep the same net influx rate regardless if motion correction is
applied or not. When comparing the calculated K; values to the results from the
original study, it also shows similar values [8].

5.2.2 Quality and Localisation of Tissue Segmentations

The quality and correct localisation of the tissue segmentations used have an effect
on the PET kinetic readout. The evaluation (of motion correction) was performed
on previously defined tissue segments, relevant for the clinical study. The eight
segmentations were introduced in figure 3.2. However, the results from the pancreas
segmentation were discarded from the results due to its poor anatomical reference
on the MRAC images. One reason for the deficient anatomical localisation of the
pancreas segmentation is that there is no true reference for this tissue in the MR
images.

In order to fully evaluate the performance of the motion correction, more segments
could have been added, which can be seen as future work. Some of the movements in
the sets were identified in the feet, but since there were no available segmentations
for that part of the anatomy, these sets were seen as without motion. Furthermore,
regarding the sets with motion, the location of the movements varied. The range of
possible bulk motion also decreased since the arms were removed from this dataset.

An alternative approach for evaluating K; could involve a fully manual analysis, i.e.
no motion correction but segment every time point separately. It may be a method
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for the most accurate readouts, but that would require considerably accurate work
regarding the segmentations and would also be costly overall.

5.3 Future Work

In order to test this method further, it would be important to study a larger dataset,
including sets with a wider range of bulk motions. This could give a better under-
standing of which parameter setups are efficient for bulk motions specifically. Also,
using a more extensive dataset would give the opportunity of statistical evaluation.

More specifically regarding the image registration method there are some aspects
that could be evaluated further. Using an additional evaluation metric such as
inverse consistency could be an improvement. This in terms of ensuring that the
transformations corresponds to a consistent and unique mapping between the two
registered images. Future studies could also evaluate for which parameter setups
gives the best result in terms of zero ratio in the Jacobians.

Regarding PET, creating more accurate tissue segmentations could improve the
quantification of the motion correction. The segmentations could then be created
in areas where there is better tissue contrast, such as the heart and liver. Further
investigation of the optimal parameter settings for the transformation could improve
the motion correction performance. Additional evaluation metrics could also be
useful for this optimisation. The location of the available PET segmentations also
limited the investigation of bulk motions in this study. Future work could therefore
involve PET segmentations covering a wider range of bulk motions, which depends
on what is clinically relevant for the specific study.
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Conclusion

This study implemented an approach for bulk motion correction of a dynamic whole-
body PET/MR dataset with promising results. The dataset allowed motion correc-
tion over time and estimation of the motion first on the MR and also to PET
readouts. The MR registration was evaluated with Dice score and zero ratio in the
Jacobian, which were used to find the more promising parameter setups. The motion
correction applied to PET data was evaluated and sets with distinctive bulk motion
showed improved alignment with its corresponding reference image, as well as de-
creased error in the Patlak slope fit. Furthermore, the motion correction seemed to
not have a negative influence on the sets without major bulk motion overall.
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A

Appendix

A.1 Selection of Sets with Motion in MR Dataset

For the evaluation of applying motion correction to the PET data, selection of sets
with motion was based on Dice score of the MR data. Table A.1 presents the sets,
with fat and/or water Dice score lower than 0.56, and the observations found relating
to the low spatial overlap score. Only the time point with the lowest Dice score for
the respective set is presented.

Table A.1: Sets with low Dice score in MR dataset. Presenting original Dice score
for water and fat, and type of movement or artifact and its location.

Dice Score Observation
Water | Fat Type Location
0.187 | 0.199 | Movement | Whole body
0.480 | 0.200 | Movement | Legs, head
0.625 | 0.313 | Movement | Feet
0.609 | 0.355 | Artifact Lower leg, feet
0.385 | 0.475 | Movement | Legs, feet, head
0.683 | 0.478 | Movement | Upper body, part of legs
0.480 | 0.639 | Movement | Feet
0.503 | 0.577 | Artifact Knee
0.508 | 0.638 | Artifact Lower leg
0.545 | 0.733 | Movement | Lower legs
0.548 | 0.554 | Movement | Legs
0.550 | 0.577 | Artifact Knees
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