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The task is not so much to see what no one has yet seen;
but to think what nobody has yet thought,
about that which everybody sees.

—Arthur Schopenhauer






Abstract

Magnetic Resonance Imaging (MRI) is a well-established imaging
modality in modern medicine, yet the common practice of discarding
raw k-Space data after image reconstruction represents significant
underutilization of valuable information. This k-Space, the Fourier-
domain representation of the MR signal, inherently contains richer
information than the final magnitude image alone, including crucial
phase data. The focus on image-domain processing means this addi-
tional information is frequently lost. We hypothesize, that with this
loss of information, the potential for more efficient or deeper insights
into diagnostic tasks is often not realized.

This thesis confronts this challenge by proposing and investigat-
ing different hypotheses centered around the untapped potential of
the k-Space. First, we hypothesize that it is not only feasible but
advantageous to perform clinical tasks directly on complex-valued
k-Space data, leveraging the richer information it contains. These
clinical tasks include segmentations as well as classifications. Second,
we hypothesize that the critical bottleneck of data scarcity in raw
MRI deep learning can be addressed through the development of
generative models that synthesize realistic MRI raw data.

To test these hypotheses, this thesis presents a cycle of intercon-
nected projects. The first hypothesis is validated through "k-Strip", a
novel complex-valued U-Net for direct k-Space segmentation. Applied
to skull-stripping, it achieves competitive performance while enabling
direct anonymization on non-human-readable data, while preserving
valuable phase information. This is extended to clinical classification,
where a model leveraging k-Space data for prostate cancer likelihood
estimation demonstrates improved prediction accuracy, particularly
under accelerated acquisition scenarios, promising faster and more
robust diagnostic pathways.

To overcome the second hypothesis regarding data scarcity, which
is slowing innovation in raw MRI deep learning, a novel complex-
valued generative diffusion model named "PhaseGen" is developed.
PhaseGen successfully synthesizes realistic MRI raw data, specifi-
cally generating phase information conditioned on readily available
magnitude images, thereby enabling the creation of extensive syn-
thetic datasets for pretraining. Its efficacy is validated through the
improved generalization of k-Strip on real-world raw MRI data and
by demonstrating that MRI reconstruction models can achieve perfor-
mance comparable to full real-data training when augmented with
PhaseGen-synthesized data, even with severely limited real-data avail-
ability (10-15%).

Finally, these methodologies are synergistically integrated into
a publicly available de-identification tool. This software uniquely
extends anonymization protocols to raw MRI data, encompassing both



ii

metadata cleansing and k-Space domain feature removal using the
PhaseGen-trained k-Strip model, thus facilitating safer data sharing
and collaborative research.

Collectively, by confirming these hypotheses, this work provides
a foundational framework and practical tools for harnessing the full
potential of MRI k-Space through complex-valued deep learning,
paving the way for more efficient and insightful medical imaging.



Kurzfassung

Die Magnetresonanztomographie (MRT) ist ein etabliertes bildgeben-
des Verfahren in der modernen Medizin, jedoch fiihrt die gingige
Praxis, Rohdaten aus dem k-Raum nach der Bildrekonstruktion zu ver-
werfen, zu einer erheblichen Unterausnutzung wertvoller Informatio-
nen. Dieser k-Raum, die Darstellung des MR-Signals im Fourier-Raum,
enthélt von Natur aus reichhaltigere Informationen als das reine Mag-
nitudenbild, einschlief8lich entscheidender Phasendaten. Durch den
Fokus auf die Verarbeitung in der Bilddoméne gehen diese zusét-
zlichen Informationen haufig verloren. Wir stellen die Hypothese auf,
dass durch diesen Informationsverlust das Potenzial fiir effizientere
oder tiefgreifendere diagnostische Einblicke oft nicht realisiert wird.

Diese Dissertation stellt sich dieser Herausforderung, indem sie
verschiedene Hypothesen zum ungenutzten Potenzial des k-Raums
aufstellt und untersucht. Erstens postulieren wir, dass es nicht nur
machbar, sondern auch vorteilhaft ist, klinische Aufgaben wie Segmen-
tierungen und Klassifikationen direkt an komplexwertigen k-Raum-
Daten durchzufithren, um deren reichhaltigeren Informationsgehalt
zu nutzen. Zweitens wird die Hypothese aufgestellt, dass der kri-
tische Engpass der Datenknappheit im Bereich des Deep Learning
mit MRT-Rohdaten durch die Entwicklung generativer Modelle zur
Synthese realistischer MRT-Rohdaten {iberwunden werden kann.

Zur Uberpriifung dieser Hypothesen prisentiert diese Arbeit einen
Zyklus von miteinander verbundenen Projekten. Die erste Hypothese
wird durch k-Strip validiert, einer neuartigen komplexwertigen U-Net-
Architektur fiir die direkte Segmentierung im k-Raum. Angewendet
auf das Skull-Stripping, erreicht diese Architektur eine mit etablierten
Methoden in der Bilddoméne vergleichbare Leistung, bewahrt dabei
wertvolle Phasendaten und ermoglicht durch die Verarbeitung nicht-
menschenlesbarer Daten eine direkte Anonymisierung. Die Unter-
suchung wird auf die klinische Klassifikation ausgeweitet, bei der ein
Modell, das k-Raum-Daten zur Schitzung der Wahrscheinlichkeit von
Prostatakrebs nutzt, eine verbesserte Vorhersagegenauigkeit zeigt, ins-
besondere unter beschleunigten Akquisitionsszenarien, was schnellere
und robustere diagnostische Wege verspricht.

Um die zweite Hypothese beziiglich der Datenknappheit anzuge-
hen, die Innovationen im Bereich des Deep Learning mit MRT-Rohdaten
verlangsamt, wird ein neuartiges komplexwertiges generatives Dif-
fusionsmodell namens PhaseGen entwickelt. PhaseGen synthetisiert
erfolgreich realistische MRT-Rohdaten, indem es spezifisch Phasen-
informationen basierend auf leicht verfiigbaren Magnitudenbildern
generiert und so die Erstellung umfangreicher synthetischer Daten-
sétze fiir das Vortraining erméglicht. Seine Wirksamkeit wird durch
die verbesserte Generalisierung von k-Strip auf realen MRT-Rohdaten
validiert und es wird gezeigt, dass MRT-Rekonstruktionsmodelle eine

iii
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mit dem Training auf vollstdndigen realen Daten vergleichbare Leis-
tung erzielen konnen, wenn sie mit PhaseGen-synthetisierten Daten
angereichert werden, selbst bei stark begrenzter Verfiigbarkeit realer
Daten (10-15%).

Schliellich werden diese Methoden synergistisch in ein 6ffentlich
verfiigbares De-Identifizierungswerkzeug integriert. Diese Software
erweitert Anonymisierungsprotokolle einzigartig auf MRT-Rohdaten
und umfasst sowohl die Bereinigung von Metadaten als auch die
Entfernung von Merkmalen im k-Raum mithilfe des mit PhaseGen
trainierten k-Strip-Modells, was einen sichereren Datenaustausch und
eine kollaborative Forschung erleichtert.

Zusammenfassend liefert diese Arbeit durch die Bestétigung der
aufgestellten Hypothesen ein grundlegendes Rahmenwerk und prak-
tische Werkzeuge, um das volle Potenzial des MRT-k-Raums mittels
komplexwertigem Deep Learning auszuschopfen und so den Weg fiir
eine effizientere und erkenntnisreichere medizinische Bildgebung zu
ebnen.
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Introduction

Noninvasive imaging techniques have been a milestone in the field
of medicine. By enabling the visualization of the body’s internal
structures without surgery, these techniques revolutionized the way
diseases are diagnosed and treated. With the discovery of X-rays,
or also known as Rontgen radiation, in 1895 by Wilhelm Conrad
Rontgen!, the field of medical imaging was born [1]. By taking
advantage of the varying absorption of different anatomies, two-
dimensional images could be produced by detecting X-rays behind
a subject. In 1967, computed tomography (CT) was introduced by
Godfrey Hounsfield and Allan Cormack?, which allowed for the first
time to visualize the internal structures of the human body in three
dimensions [2].

Parallel to the advancements of CT, magnetic resonance imaging
(MRI) was developed in the 1970s. Different to CT, MRI is based
on the magnetic properties of the human body. Felix Bloch and
Edward Purcell both formulated the concept of nuclear magnetic
resonance (NMR) separately in 1946° [3]. Based on this discovery,
Paul Lauterbur released the first NMR image in 1973, which was a
two-dimensional image of a test tube filled with water* [4]. In 1977,
Raymond Damadian published the first MRI image of a human body
[5]. MRI has since then become a widely used imaging technique in
the field of medicine. While MRI scans take significantly longer than
CT scans, they provide a higher soft-tissue contrast and do not expose
the patient to ionizing radiation.

With the increasing demand for MRI scans, the limited availability
of MRI scanners and clinical personnel has created a significant bottle-

neck [6, 7, 8], with waiting times of up to several months, depending

INobel Prize in Physics, 1901

2Nobel Prize in Physiology or Medicine,
1979

3Nobel Prize in Physics, 1952

“Nobel Prize in Physiology or Medicine,
2001



2 INTRODUCTION

5We will take a closer look at these related
works in the corresponding chapters.

on the country. While the radiology workforce in the UK only grew
by 6.4% in 2023, the rate of conducted CT and MRI scans grew by
11% [9], showing that this situation is only going to get worse. Long
waiting times can lead to delayed diagnosis and treatment, as well as
increased costs for the healthcare system [10]. In order to cope with
the increasing demand, the field of medical imaging is undergoing
a transformation. The introduction of artificial intelligence (AI) and
deep learning (DL) techniques is revolutionizing the field of medical
imaging. These techniques are being used to automate and enhance
many tasks in the field of radiology, such as image segmentation,
classification, and reconstruction [11]. However, even with the in-
troduction of these techniques, the demand for MRI scans still vastly
exceeds the available capacity. The field of medical imaging is still in
need of new techniques to improve the efficiency and effectiveness of
MRI scans.

Tasks such as image segmentation or classification rely on the
quality and amount of information of the underlying data. While
the final reconstructed MRI is an image that humans can interpret,
the raw data - commonly referred to as "k-Space" - contains more
information than the final image. This information is commonly lost
during the image reconstruction process. This data can potentially
be used to improve the quality of downstream tasks and diagnosis.
Nevertheless, despite the potential benefits, the raw data is rarely
used in practice. A look at the current literature at the point of writing
this thesis emphasizes the current lack of research on this topic. Only
a few, but promising works can be found besides the ones presented
in this thesis [12, 13, 14, 15]°.

In this thesis, we will rethink the way we use MRI data. Do we
need to rely solely on the final image, reconstructed for humans, or
can machines interpret the raw data in a more efficient way? We will
show that the raw data can be used for other downstream tasks than
just image reconstruction. We will present a variety of methods to
utilize the raw data for different tasks. Different applications and
methods to utilize the raw data of MRI scans will be presented. This
work shows the feasibility and potential of combining complex-valued
deep learning with raw MRI data to fully leverage the information
therein. The thesis is structured as follows: To begin our journey, the
basic concepts of MRI and the raw data will be discussed in chapter
2. Afterwards each individual project will be presented, including a

background section, the methods used, the results and a discussion.



The order of projects follows the order of their development. The
first project, "k-Strip", in chapter 3 presents a framework for the
task of skullstripping directly in the k-Space. The next clinical task
leveraged with k-Space information is the prostate cancer classification
in chapter 4. Chapter 5 presents a framework for the generation of
artificial raw data, called PhaseGen, followed by an anonymization
tool that can be used to anonymize MRI raw data in chapter 6. Finally,
this thesis will be concluded with a summary of the results and an

outlook on future work in chapter 7. The intuition behind the projects

1. k-Strip
3. Anonymization

anongmize @ predict
S ) &
segment classify

Raw Data Export 2. Prostate Cancer

Classification

fine-tune ° e .. Y : generate new
ADC j data

4. PhaseGen

FIGURE 1.1: The project cycle of the thesis. The projects are numbered in the order of their
development.

will be presented in each chapter, but the overall project cycle is shown
in Fig. 1.1. We can see that the projects are not solely connected
by the common theme of using raw data. For example, we realized
after the two first projects that there is even less available public data
to train deep learning models of MRI raw data than we expected.
This led to the development of PhaseGen, a framework to generate
artificial raw data, with which we are able to solve that issue. With
this tool at hand we could then revisit the first project and improve
the model, which we then were able to implement in a clinical setting,
the anonymization tool.

With this let us start our journey into the world of MRI raw data.
Let us explore the possibilities of using this valuable and yet underex-
plored data.

INTRODUCTION 3






2.1

2.1.1

Background

In the following sections we will build the theoretical foundation
to understand the concepts and techniques, as well as potential ap-
plication of the presented works. We will start by introducing the
physical concepts of magnetic resonance imaging (MRI), followed by
an overview of machine learning algorithms relevant for this work.
Specific theoretical backgrounds needed for the individual projects

will be introduced before the respective chapters.

MAGNETIC RESONANCE IMAGING

MRI allows a non-invasive high quality imaging without the radiation
exposure of X-ray imaging. In comparison to CT, soft tissue can be
better distinguished in MRI. This imaging technique is based on the
nuclear magnetic resonance (NMR) phenomenon discovered by Felix
Bloch and Edward Purcell in 1946. NMR occurs when atomic nuclei
are placed in a magnetic field and exposed to a second oscillating
magnetic field. The nuclei absorb energy from the oscillating field
and emit it again when the field is turned off. The emitted energy can

be detected and used to create an image of the body.

Nuclear Magnetic Resonance

NMR is based on the magnetic properties of atomic nuclei'. When
introduced to an external magnetic field, EO, atomic nuclei align with
this field. In the case of hydrogen, the nucleus is a single proton.
The magnetic dipole moment, fi, of a nucleus is proportional to its
angular momentum, L, (i.e., u = yL), where y is the gyromagnetic

ratio. When aligned with B, the dynamic magnetic moment m is

1In MRI we usually use hydrogen nuclei,
which constitute approximately 64% of all
atoms in water.
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2which is why these two states are also
called "parallel” and "anti-parallel".

FIGURE 2.1: Precession and Larmor fre-

quency w of a nucleus around the magentic
field Bj.

given as

-

AT =y S = 1 x By). 2.1)
The atoms will precess around the magnetic field with the Larmor
frequency wy = —yB,, as visualized in Fig. 2.1. This movement can
happen in two different states, "spin-up" or "spin-down", describing if
the magnetic moment is aligned with or against the magnetic field
2. The energy difference between these two states is given by the
Zeeman effect [16] as

AE = yhB,, (2.2)

where F is the reduced Planck constant. The distribution of states can

be described with the Boltzmann distribution

]ﬁ ~1 YfiBo

N, kT

> (2.3)

with Ny and N| being the number of nuclei in the two states, k the
Boltzmann constant and T the temperature. In a magnetic field of
1.5T and a temperature of 300K, this ratio is about 10 parts per
million (ppm) [17]. The net magnetization M, along the field B,

(z-direction) can then be calculated as

YzthONs

) 2.4
4kgT * (24)

M, = %Yﬁ(NT —NyJe, =
If a second magnetic field B}, perpendicular to By is applied with a
frequency w, the protons will absorb energy (the AE) and flip their
spin. The frequency w is chosen to be the Larmor frequency w, of
the nuclei. The excitation of the nuclei is done with a pulse sequence,
which is the basis of MRI. The flip-angle 65 of the nuclei induced by
the RF-pulse can be controlled by the strength of B; and the duration
of the pulse tgr, described by the equation

O = YB1tgg- (2.5)

This flip leads to a transverse magnetization M,,,, reaching its max-
imum when the flip angle is 90° (M, = M,). To detect a signal,
the RF-pulse is now turned off and the nuclei relax back into their
equilibrium state. Described by the Faraday law, changing magnetic
fields inside a receiver coil induces a voltage. The change of the
transverse magnetization M, induces a signal in the receiver colil,
following a sinusoidal shape, the Free Induction Decay (FID). The
nuclei are realligning with the magnetic field By, until the longitudi-

nal magnetization M, is restored. The time constant of this process
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FIGURE 2.2: Visualization of the relaxation processes T; and T,. (a) The longitudinal magneti-
zation M, relaxes back to its equilibrium state. (b) The FID signal decays over time, based on
the T; and T,.

is called the spin-lattice relaxation time T;. It describes the time it
takes the M, magnetization to reach 67% of its initial value. Small
phase incoherences lead to differencies of precession frequencies of

the nuclei, which results in a decay of M, ,, described by the spin-spin

y)
relaxation time T,. The time constant T, is defined as the time until
M, reaches 37% of its initial value right after the RF-pulse 3. These
relaxations are visualized in Fig. 2.2. The depicted process can be

approximated by the Bloch equations [19]:

M

d Mx 0 YBZ _YBy Mx T_X
2 M, |=|-yB, O vB, M, |- T—Zy (2.6)
M,—~M
Mz }’By —}/Bx 0 Mz T—lo

Image Formation

To now utilize these magnetic effects to create an image, different
spatial encodings have to be applied to localize the signal: slice
selection, frequency and phase encoding, defining z, x and y location
respectively. These different steps will be explained at the example of
the gradient-echo-sequence, one of the simplest MRI sequences. This
sequence is based on the principle of cross-sectional imaging. The
volumetric data results from multiple 2D images acquired sequentially.
The sequence is shown in Fig. 2.3(a).

The slice selection is done by applying a gradient in the z-direction
(G,), which leads to a linear change of the Larmor frequency in the
z-axis. This gradient leads to different rotational frequencies along
the plane. The RF-pulse is then applied with a specific Larmor fre-
quency, only exciting the corresponding nuclei in the slice region®*.
The resulting flip of this excitation can be between 10° and 80°. The
thickness of the slice can be influenced by the gradient strength and

the duration of the RF-pulse. The stronger the gradient, the steeper

MAGNETIC RESONANCE IMAGING 7

3In general, T; is always longer than or
equal T, [18].

“In a perfect world, this excitation would
look like a step function. In reality, neigh-
bouring nuclei will also be excited.
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5This sequence is then called a "spin-echo".
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FIGURE 2.3: (a) Gradient echo sequence. The RF-pulse is applied, followed by the slice selection
gradient G,. The phase encoding gradient G, is then applied, followed by the frequency
encoding gradient G,. The signal is then measured. (b) The k-Space data is filled by repeating
the sequence.

the frequency slope, the thinner the slice. The spins now start to de-
phase due to the gradient-induced frequency differences. To refocus
the spins, the gradient G, is inverted, leading to a rephasing of the
spins. This can also be done by applying a second RF-pulse in the
opposite direction, flipping the spins by 180°°. During the rephasing
process, the gradient G, is applied, also called the phase encoding
gradient. This gradient leads to a linear change of the precession
frequency in the y-direction. The spins are now precessing with dif-
ferent frequencies in the y-direction, leading to a phase difference
between the spins. During the time a gradient is applied, the spins
will change their phase. The phase of a spin depending on the time t
in a magnetic field gradient G(t) is given by the equation
t
G(t") - x(tHdt,

p(t)= YBofJFYJ 2.7

0
with x(t) being the position of the spin. The phase encoding gradient
is then turned off and the frequency encoding gradient G, is applied,
which leads to a linear change of the precession frequency in the x-
direction. The spins are now precessing with different frequencies in
the x-direction, leading to a frequency difference between the spins.
Both gradients G, and G, are visualized in Fig. 2.4. By inverting
the gradient G, the spins are refocusing again, inducing a signal in
the receiver coil. This complex-valued signal is stored in the so-called
"k-Space". This complex-valued space is explored in the following

chapter.

Complex Numbers

Before we can continue with the main topic of this work, the k-Space,

we need to introduce the concept of complex numbers. A complex
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FIGURE 2.4: (a) Slice selection. G, is applied to select the slice. The RF-pulse is then applied
to excite the nuclei with the correct Larmor frequency in the slice. (b) Frequency and phase
encoding. G, is applied to create a linear change of the Larmor frequency in the x-direction.
G, is applied to create a linear change of the phase of the protons.

number z is defined as z = a + ib, with a and b being the real
and imaginary part respectively (Pi(z), J(z)). The need for complex
numbers arises as soon as polynomial functions cannot be solved with
real numbers, an example being the simple equation x2+3 = —1. With
the property i2 = —1, the solution is easily found as x = v/—4 = 2i.
The pair of real numbers (a, b) can be represented as a point in a two-
dimensional complex plane6 as shown in Fig. 2.5(a). The magnitude
r of the complex number describes the distance from the origin to
the point (a, b), while the phase ¢, or argument, describes the angle
between the i-axis and the line connecting the origin with the point

(a, b), see Fig. 2.5(b). Magnitude and phase can be calculated as
r=|z|l=va2+ b2, = arg(z) = arctan2 (é) (2.8)
a

The phase ¢ is usually given in radians and is defined in the range

(—m, ], while the magnitude r can take on any positive value.

(@) (b)

< S z=a+ib
0 z=a+ib 0
b
b
4 a R
¢ n
A - r -b
a R Z=a-ib

FIGURE 2.5: (a) Argand diagram of a complex number z = a + ib. (b) z and its complex
conjugate Z = a —ib of z, with magnitude r and phase ¢.

For later calculations, we will now discuss some basic operations
with complex numbers. The addition of two complex numbers z; =

a; +ib; and 2, = a, +ib, is given by

Zq +22 = (a1 + az) + l(bl + bz), (29)

MAGNETIC RESONANCE IMAGING 9

5The Argand diagram.
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while a subtraction is given by
%, — 29 = (a; —ay) +i(by — by). (2.10)
The multiplication of two complex numbers z; and z, is given by
2129 = (a; +iby)(ay+ib,y) = (ayay—b by) +i(a;by+asby). (2.11)

We can calculate the complex conjugate of a complex number z =
a+ibasz=a—ib.

Especially when working with sinusoidal signals, the exponential
form of complex numbers can be useful. Via the Euler formula, we

can write the complex number z in its exponential form as
z = r(cos(¢) +isin(p)) =re'?. (2.12)

We will mostly see the form of Eq. 2.12 in the following chapters.
Now that we have introduced the concept of complex numbers,
we can continue the discussion of MRI signals. In the following, we

will discuss the k-Space, the central object of this work.

k-Space: The final frontier

The resulting signals are used to fill the k-Space, or raw data domain.

By applying the inverse Fourier transformation

S(x,y)=J f S(ky, ke 2t dk (2.13)

the data can be translated into the image domain. This process is
fully reversible by applying the Fourier transformation to bring the

image domain data back into the k-Space:

o0 oo
S(ky,ky) = J f s(x, y)e 2l tky Y g xd y. (2.14)
—00 J—00

The k-Space is a matrix with the phase and frequency information of
the nuclei, with the center of the matrix containing the low frequency
information and the edges the high frequency information. This
acquisition process in the k-Space at the example of the gradient-echo
explained above is visualized in Fig. 2.3(b). After the RF-pulse is
applied, the slice selection gradient G, is turned on, followed by the
phase encoding gradient G, selecting the y position in the acquired k-
Space. The frequency encoding gradient G, is then applied, selecting
the x position in the k-Space. The signal is measured and the process

is repeated until the k-Space is filled.



The name "k-Space" can be derived from the wavenumber k = 1/A,
A being the wavelength. k thus represents the number of cycles per
unit distance. The center of the now filled k-Space contains the low
frequency information (contrasts in the image), while the peripheral

7 contain high frequency information (fine details) of the

regions
image. The resolution of the image can be influenced by the strength
of gradients or the gradient duration T, filling datapoints further in
the periphery of the k-Space. Sampling a finer grid in the k-Space
leads to a bigger field of view of the final image. The k-Space locations

can be calculated by the equations
k, = myG, AT, k, =nyAG,T, . (2.15)

The acquired raw data is complex-valued, consisting of magnitude
and phase or real (in-phase) and imaginary (out-of-phase) parts.
The k-Space inherits a conjugate symmetry, meaning that the data is
symmetric around the center of the k-Space. Thus, the signal at two

opposite locations can be described as
S(ky, ky) = S*(ky,—ky ), (2.16)

where S* is the complex conjugate of S. This symmetry can be used
to reduce the amount of data needed to reconstruct the image. The
described conjugate symmetry of the k-Space can be used to speed
up the acquisition process. By scanning either only half of the phase
encoding lines or only half of the frequency encoding lines, the ac-
quisition time can be reduced by half. Due to phase errors in the
data, this approach can lead to artifacts in the image, which is why in
practice at least 60% of the k-Space is filled. This is called the partial
Fourier technique [20].

By scanning the k-Space more densely, the field of view (FOV) in
the image domain can be increased (Ak = 1/FOV), while a wider
k-Space increases the resolution of the image (Aw = 1/kggy, w being
the pixel width). This relationship also explains one of the most
common artifacts in MRI, the aliasing artifact. If the k-Space is not
sampled dense enough, we call it undersampled, a wrap-around effect
will occur in the image domain. The edges of the image will wrap
around to the other side of the image.

In clinical practice, solely the magnitude image is used for most
applications. The phase information can be used for additional in-
formation, like susceptibility imaging, flow quantification or for the

detection of thrombosis. The k-Space data, however is until today only

MAGNETIC RESONANCE IMAGING 11

7Center: Low wavenumber—less cycles
per unit distance.
Periphery: High wavenumber—more cy-
cles per unit distance.
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used for the reconstruction of the final image domain data, mainly
because of the non-interpretable nature of this data for humans.
The k-Space data is usually acquired in a Cartesian grid, but
can also be acquired in a non-Cartesian grid, like radial or spiral
sampling. While these alternative sampling techniques can lead to
faster acquisition and are less prone to motion artifacts, they are
also more complex to reconstruct. In this work, we will focus on the
Cartesian sampling, as this is the most common sampling technique

in clinical practice.

Weighted Imaging and Other Contrast Mechanisms

Due to varying physical and biological properties, different tissues will
have different relaxation times T; and T,. This leads to different con-
trasts in the image. Tissues with more free water (e.g. cerebrospinal
fluid, CSF) will have a longer T; and T, time, leading to a brighter
image, while tissues with tightly bound water (e.g. fat) will have a
shorter T; and T, time. An overview of some important relaxation

time values of different tissues is shown in Tab. 2.1.

Tissue T, [ms] T, [ms]
Fat 200-300 50-100
Muscle 800-1200 30-50

Water 3000-4000 200-300
Blood 1500-2000 200-300
CSF 4000-5000 200-300
Cartilage 2000-3000 50-100

TABLE 2.1: Overview of approximate T; and T, values of different tissues at 1.5T [21].

The contrast in the image can be influenced by the choice of
the sequence parameters, like the repetition time Tz and echo time
Tg. The repetition time Ty is the time between two RF-pulses, while
the echo time T} is the time between the RF-pulse and the signal
acquisition. During the Ty, the longitudinal magnetization M, is
allowed to recover, while during the T, the transverse magnetization
My,
decays will be different. If a tissue did not relax completely, the signal

is allowed to decay. Depending on the tissue properties, these

will be weaker, leading to a darker image. This can be used to create
different contrasts in the image. The most common contrasts are
T;-weighted and T,-weighted images.

To create a T;-weighted image, the repetition times Tz and T
are chosen to be short. This leads to tissues with short T; times, such
as fat, to have a stronger signal and appear brighter in the image.

Tissues with long T; times, such as water, will have a weaker signal



and appear darker. T,-weighted images are created by choosing a
long Ty and Ty. Only tissues with long T, will give a signal, as the
transverse magnetization M,, will decay more rapidly for short T,
times. Water and fat appear bright in T,-weighted images, while
muscle and cartilage appear darker.

Another weighted imaging technique is the Diffusion Weighted
Imaging (DWI). This technique is used to visualize the diffusion of
water molecules in the tissue, which is dependent on the microenvi-
ronment of the tissue, possibly indicating a variety of pathologies or
lesions, such as acute ischemic strokes [22, 23]. As shown in Eq. 2.7,
the location of a spin can be calculated over time, based on the applied
gradient. In case of no motion in the tissue, the spins will precess
with a constant frequency and thus giving no contrast in the resulting
image. In case of diffusion, meaning the spins are moving inside the
tissue, random phase shifts will occur. These phase shifts will lead to
a signal decay, which can be measured. The resulting reduction in

the signal can be described by the Stejskal-Tanner equation [24]:
S =8ye P, (2.17)

where S is the measured signal, S is the signal without diffusion
weighting, b is the b-value and D is the diffusion coefficient. The

b-value describes the strength and duration of the applied gradient:
53
b =1y2G%52 (A—?), (2.18)

where G is the gradient strength, 6 is the duration of the gradient and
A is the time between the two gradients. The b-value is measured
in smm™2. By varying the b-value, different images can be acquired.
Higher b-values lead to stronger diffusion weighting, but also intro-
duce more noise in the image. Commonly used in clinical practice
are values between 0 and 1000. The b-value b, is the reference
value, meaning no diffusion weighting is applied. Based on different
acquired b-value measurements, the apparent diffusion coefficient
(ADC) can be calculated. The resulting ADC values are then used to

create a map of the diffusion in the tissue, the so called ADC map.

Accelerated MRI

The acquisition of the k-Space is a time-consuming process, especially
for high resolution images. To reduce acquisition time, different tech-

niques have been proposed over time. The most common technique

MAGNETIC RESONANCE IMAGING 13
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8Remember the not densely enough sam-

pled k-Space we called "undersampled".

9We will take a closer look at GRAPPA in
chapter 4.

104150 called number of excitations (NEX)
or number of acquisitions (NSA).

is parallel imaging, which uses multiple receiver coils to acquire dif-
ferent parts of the k-Space simultaneously. The receiver coils have
different sensitivities, which result in different signal strengths across
the image. The acquired data is then combined to create a final image
using different reconstruction algorithms, which will be explained in
a later chapter. Common are 16 to 64 receiver coils.

Another technique, often combined with the parallel imaging
approach, is to reduce acquisition time is to scan only a part of the
k-Space, which is called undersampling®. By skipping every n-th line
of the k-Space during acquisition, the acquisition time can be reduced
by a factor of n. The resulting k-Space will show the described wrap-
around effect. After acqusition, the k-Space is then filled with the
help of an reconstruction algorithm, such as SENSE [25] or GRAPPA
[26]°.

One issue of accelerated MRI is a decreased signal-to-noise ratio
(SNR) of the image. The SNR is defined as the ratio of the signal

power Pg;qnq to the noise power Pyis.- The SNR can be calculated as

P,
SNR=——"— . (2.19)

Noise is not only an issue in accelerated MRI, but also in the standard
acquisition process. The noise in MRI is mainly caused by thermal
noise in the receiver coils and the preamplifier. Nevertheless, the
issue of low SNR becomes more pronounced in accelerated MRI, as
the number of acquired data points is reduced. One way to increase
the SNR is to increase the number of averages. This means, that the
same slice is acquired multiple times and the resulting images are
averaged'?. The SNR increases with the square root of the number of
averages n:

SNR = /n-SNR,, (2.20)

where SNR,, is the SNR of a single acquisition.

MRI Datatypes

Medical data is saved in a variety of data formats, depending on the
manufacturer and the type of data. While the most common image
format for radiological images is the Digital Imaging and Communi-
cations in Medicine (DICOM) format [27], the k-Space data is usually
saved in unique vendor specific datatype. For Siemens MRI systems,
which were used for all self-acquired raw data in this work, the raw

data format is called Twix.
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Most datatypes contain the image data, as well as metadata, which
can give further information about the acquisition as well as the
subject. Depending on the datatype the information is structured
in different ways and needs to be loaded with different libraries.
For example we will use the nibabel library [28] for Neuroimaging
Informatics Technology Initiative (NIfTI) data [29], while the h5py
library [30] is used for the Hierarchical Data Format (HDF5) format
[31].

In this work we will work with the PyTorch library [32], which is
a popular open-source machine learning library based on Python. The
datatype used in PyTorch is the torch. Tensor'!. We will transform all
MRI datatypes into torch.Tensors, which can then be used for further
processing with PyTorch.

This concludes the introduction to the physical principles of MRI.
Necessary details for the individual projects will be introduced in
the respective chapters. In the following section, the theoretical
background of machine learning and complex-valued neural networks

will be introduced.

ARTIFICIAL INTELLIGENCE & DEEP LEARNING

The term artificial intelligence (Al) was first introduced by John Mc-
Carthy in 1956 [33]. It describes a field of computer science that
focuses on the development of algorithms, which can perform tasks
that would normally require human intelligence. One of the most
important subfields of Al is machine learning (ML), which focuses on
the development of algorithms that can learn from given data and
improve over time. After going through multiple "Al winters", a period
of stagnation in the field, the last decade has seen a rapid development
of Al and ML algorithms. This is mainly due to the availability of large
amounts of data, as well as the possibility to process this data with

better hardware, such as Graphics Processing Units (GPUs).

ML & Computer Vision Basics

Computer vision (CV) is a subfield of Al and ML, that involves tasks
such as image classification, object detection and segmentation. Al-
gorithms used in ML are called Neural Networks. These networks
consist of artificial neurons n, which are connected over hierarchical
layers. These connections, called weights «w (omega), allow the net-

work to learn. Because of the increasing complexity of the networks,

e will refer to it as Tensor.

“[Al is ] the science and engineering of
making intelligent machines, especially
intelligent computer programs”
—John McCarthy [34]
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12Another common activation function for
classification tasks is the softmax activation.

the term Deep Learning (DL) was introduced. The ultimate goal of
these networks is to learn a function F that maps the input data x to
the output data y. In order to train the network, a loss function L is
defined, which measures the difference between the predicted output
Yprea and the true output y. Based on a loss function L(¥,red>Y),
the weights of the network are then updated using an optimization
algorithm, such as the stochastic gradient descent (SGD) [35]. The

updated neuron w,; can be calculated by

oL
Wpp1 =Wy —f PN (2.21)

n

with 3 being the step size, or learning rate. This process is repeated
until the loss function converges, based on the available data, at a
minimum. Each repetition over all data points is called an epoch.

To be able to solve non-linear problems, the output of each layer
is processed through an activation function g(x), introducing non-
linearity to the model. A common activation function is the Rectified
Linear Unit: (ReLU) g(x) = max(0, x). Another common activation
functions, which is mainly used in the output layer, is the sigmoid
function g(x) = 1/(1 + ™), which can be used for classification
problems'? by mapping the output to a value between 0 and 1. An
artificial neuron and a basic multilayer perceptron (MLP) are shown

in Fig. 2.6 (a) and (b) respectively.

(a) (b)
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FIGURE 2.6: (a) An artificial neuron. The input data x is multiplied with the weights w

and summed up. The result is then passed through an activation function g(x). (b) A basic
multilayer perceptron (MLP) with an input layer, four hidden layers and an output layer.

A major problem in ML is the overfitting of the model. This
means, that the model learns the training data too well and is not
able to generalize to unseen data. There are multiple approaches
to reduce overfitting, such as dropout [36], early stopping and data
augmentation. When applying a dropout layer in a neural network, a
certain percentage of neurons are randomly set to zero, one could say
"turned off", during training. The model is now forced to learn a more

robust representation of the data. The concept of early stopping is to
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stop the training process, as soon as the loss function on a validation
dataset does not improve over a certain number of epochs. Data
augmentation is a technique to artificially increase the amount of
training data by applying a variety of transformations to the input
data. In the case of image data, this can include rotations, translations,
scaling and flipping, as well as manipulations of the image contrast,
color and brightness.

The above described networks, called Feedforward Neural Networks
consist of multiple layers of neurons in combination with activation
functions and regularization techniques. When working with image
data, these kind of networks struggle with the high dimensionality of
data. This not only has a negative impact on the performance, but
also on the necessary computational resources. While the idea of
convolutional neural networks (CNNs) was introduced earlier, LeCun
et al. were the first to successfully apply these networks to image
data [37]. The core concept of CNNs is the convolutional layer, which
convolves its input, reducing the dimensionality of the data. This is
done by applying a kernel K to the input data x, which is a small matrix
of trainable weights. These kernels are moved over the whole image,
creating localized feature maps. Common sizes for these kernels are
3 x 3 or 5 x 5. The output size dim,,, of a convolutional layer can be
calculated by the equation
dim;, —K +2-P

S +1,

dim,,, = (2.22)

with K being the kernel size, P the padding size and S the stride.
Padding is the number of pixels added to the input image to adjust for
the kernel shape. Stride is the number of pixels the kernel is moved
over the image for each convolution step. Following pooling layer
reduce the spatial dimensionality of the data, by applying a function,
such as the max or average function'®. One of the most famous CNN
architectures which follow a U-formed structure is the U-Net [38].
This architecture is widely used for image segmentation tasks, as it
is able to learn both local and global features of the data. Today,
extensions of this architecture are used in a variety of applications,

such as image classification or object detection [39].

Complex-Valued Neural Networks

The concepts described above can be used for real-valued data, such
as standard images. However, a lot of data in signal processing is

complex-valued, including satellite, radar and also MRI data [40, 41,

13In this thesis, we will explore another
pooling function, called Spectral Pooling.
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14A function f(z) is holomorphic, if it is

completely differentiable in a set of all neigh-

bouring points.

15Also known as Wirtinger operators or R-

derivatives.

42]. To process this data, a two channel approach is often used, in
which the real and imaginary parts of the data are processed separately.
This approach has some drawbacks, the most obvious one being the
neglect of the natural interlink between the real and imaginary parts of
complex-valued data. Real and imaginary parts are not independent
of each other, but rather define a signal’s magnitude and phase at
a specific point of time. If this interlink is broken by separating
real and imaginary parts, the model has to learn the relationship
between the two channels on its own, which can be difficult and
inefficient. This can lead to a loss of information and a decrease in
performance. Additionally, the two channel approach increases the
number of parameters in the model due to the redundancy of the
real and imaginary channels, leading to higher computational cost
[43]. A more natural approach is to use fully complex-valued neural
networks (CVNNSs), which are able to process complex-valued data
directly. These networks use complex-valued weights and activation
functions, allowing them to learn the interlink between the real and
imaginary parts of the data. One challenge of this approach is the
implementation of these complex-valued operations. As the field of
CVNNEss is still relatively new, there are only little resources available
for the implementation of these networks.

To understand how complex-valued data can be processed by a
neural network, we will first introduce the Wirtinger calculus [44].
A complex-valued function f(z) = u(x,y) + iv(x,y) can only be
differentiated with respect to the complex variable z = x + iy if the

Cauchy-Riemann equations are satisfied:

S—Z = 2—; and S—; = —2—;. (2.23)
That is only the case if the function is holomorphic!4. In a CVNN,
loss function and most of the complex-valued activation functions are
not holomorphic. While there are some approaches of holomorphic
activation functions, the output of our loss function is real-valued and
thus not holomorphic [45]. To be able to calculate the gradient of the
loss function, the Wirtinger calculus now comes into play. Wirtinger

defined the Wirtinger derivatives'® as

TSR VETIT) R YE
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The Cauchy Riemann equations hold for these derivatives for the func-
tion f(z) = f(z,%), as g—{; = 0 [46]. From the Wirtinger derivatives,
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we can formulate some basic rules useful for the implementation of
CVNNs. The product rule states that

a(f-g) 0 0
dz Jdz oz (2.25)
U9 3 .0 '
2z 2z oz ’
while the chain rule states that
8(fog)_(8fo )ag (3f )3§
——— =578 )+ 550852
oz Jz oz 0z 0z (2.26)
2Wen) (2 ,5)%8 (2L, )28 |
EE oz %) 3z "\ 5z °%) 3z

As stated above, the Wirtinger calculus allows us to calculate the
derivatives of non-holomorphic functions, as holomorphic functions
are now only a special case of the Wirtinger derivatives [47]. With the
help of the Wirtinger calculus, we can now define the complex-valued

gradient descent [48] for a complex-valued weight w, , = x, +1iy,

based on Eq. 2.21 as
oL . oL
3xn+l(yn_/5 ayn)

:wz’n_ﬁ.(aL ,aL)

Wz n+1 = Xp _/3 '

(2.27)

+
ox, layn

JL
= wz,n_zﬂ : E

With this complex-valued gradient descent, complex-valued neu-
rons can be trained. The benefits of using these special kinds of
neurons are still an ongoing research topic. When comparing real-
valued neurons with complex-valued neurons, the unique properties
inherited by complex numbers become obvious. To mimic a complex-
valued neuron, a real-valued neuron with two channels can be used.
This approach is frequently used, as it is easier to implement with

current frameworks. A real-valued neuron® with two channels can

X10ut | _ [ X1in Wip Wi
- . )
X2 out X9 in Wy Wo,

where x; ;, and x, ;, are the input values and W is the weight matrix.

be described as

(2.28)
In comparison, a complex-valued neuron can be described in polar

Qout \ _ [ Qin rcosy —rsing
bout b, rsing rcosy, )’

with a;,, and b;, being the real and imaginary parts of the input z;,

form as

(2.29)

and r and ¢ being the magnitude and phase of the complex-valued

16For simplicity we look at a neuron without
activation function or bias.
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neuron. While the real-valued weight matrix W consists of four
individual values, the complex-valued weight matrix consists of only
two values, the magnitude r and the phase ¢. This reduction in
degrees of freedom not only reduces the number of parameters in the
model, but also allows the model to learn more robust representations.
The magnitude r represents an amplitude scaling, while the phase ¢
represents a rotation. This means that the complex-valued neuron can
learn to scale and rotate the input data, while the real-valued neuron
can only learn to scale the input data. This is a major advantage of
complex-valued neurons, especially when handling sinusoidal data,
such as MRI data [49].

Details of the implementation of complex-valued neural networks
will be discussed in the respective chapters, including the mathemati-

cal formulations.



k-Strip: Rethinking k-Space

There’s no such thing as the unknown -
only things temporarily hidden,
temporarily not understood.

—Capt. Kirk

Question 1. Is it possible to perform downstream tasks, such as seg-

mentations, directly in the k-Space?

This chapter will introduce the first work of this thesis, which is a
novel approach showing the feasibility of utilizing k-Space data for

downstream tasks, in this case, image segmentation.

This chapter presents the first approach to perform a segmentation
task directly in the k-Space domain. Previous research has primarily
focused on the use of k-Space data for image reconstruction, with
limited exploration of its application to downstream tasks such as
segmentation. More recently, additional studies have demonstrated
the feasibility of using k-Space data for cardiac MRI segmentation
tasks [14, 50].

Major parts of the presented results in this chapter have been
published in the paper “k-strip: A novel segmentation algorithm
in k-Space for the application of skull stripping” [51]. A detailed
transparency statement can be found in Appendix A.1. The proposed
architecture has been improved throughout the course of this thesis,
which is why some results may differ from the published paper. The
source code of the k-Strip model is publicly available on GitHub!.

1https://github.com/TIO-IKIM/k-
Strip
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2Also commonly referred to as “brain seg-
mentation" or “brain extraction".
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FIGURE 3.1: Schematic comparison between traditional skull stripping algorithms and k-Strip.
In comparison to traditional deep learning based approaches, k-Strip operates directly in the
complex-valued k-Space domain. The model takes in magnitude and phase information and
outputs a k-Space without skull and non-brain tissue. The resulting k-Space can be transformed
back into the image domain, where the skull stripped image can be used for further downstream
tasks which can utilize the additional phase information preserved by k-Strip.

INTRODUCTION

The task of skull stripping? is chosen as a proof of concept, as it is
a well-studied problem in the field of medical image analysis and a
common postprocessing step in many medical imaging pipelines [52].
Performing skull stripping directly in the k-Space also provides a direct
anonymization of the data, without the need of first transforming it
into the image domain. This mitigates any risk of re-identification of
patients, as the raw data is not stored in a human-readable format.
Last but not least, this approach preserves valuable phase information,
usable for further downstream tasks. The resulting model, namely
“k-Strip", lays the foundation for the subsequent works of this thesis,
as it not only demonstrates the possibility of working directly in the
raw data domain of MRI, but also provides a variety of building blocks
for future architectures used in the chapters 4 and 5. A schematic

overview of the idea behind k-Strip is shown in Fig. 3.1.

First, the task of skull stripping is introduced, followed by the
challenges and possible benefits of performing segmentation tasks
in the k-Space domain. The proposed architecture, including the
implemented complex-valued building blocks are presented. The
results of the k-Strip model are evaluated in Section 3.3.3. This
chapter concludes with a discussion of the results and a summary of

the findings which motivated the upcoming projects.
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3.2.1

3.2.2

METHODS

Skull Stripping and how to do it in k-Space

Skull stripping, or brain segmentation, is a common postprocessing
step in many medical imaging pipelines. The goal of this segmentation
task is to separate the brain from the surrounding skull and other
non-brain tissues in an MRI image. This step has been shown to be
beneficial for many downstream tasks, such as image registration [53]
or tumor detection [54]. Additionally, skull stripping is an important
processing step when anonymizing medical images, as it removes
identifiable features such as facial structures [55].

The task of skull stripping is usually performed in the image
domain, where a variety of methods have been proposed, ranging
from thresholding techniques [56] and atlas-based methods [57], such
as the optiBET algorithm [58], to deep learning-based approaches
such as “SynthStrip" by Hoopes et al. [59], HD-BET [60] by Isensee
et al., or the 3D-approach by Kleesiek et al. [61].

The major challenge of performing segmentation tasks such as
skull stripping in the k-Space is its non-locality. One pixel in the image
domain is represented by a superposition of all frequencies in the k-
Space. This means that a local operation such as a convolution in the
k-Space does not correspond to a local operation in the image domain.
Additionally, binary segmentation masks can not be represented in the
k-Space, as they are not continuous functions. Zhang et al.[50] utilize
a real-valued transformer-based model to perform a cardiac MRI seg-
mentation directly on the magnitude of the k-Space data and achieve
promising results at higher undersampling rates. However, we want
to keep the complex-valued nature of the data intact, which means
that a direct application of traditional deep learning architectures,
such as U-Net, is not possible. The task to be solved changes from a
binary segmentation task to a complex-valued regression task, we can
call it an “image-to-image" task. While the fundamental architecture
of k-Strip was already discussed in my Master’s thesis, the proposed
architecture has been improved and extended greatly in this work. In
the following, the proposed architecture is presented, including the

complex-valued building blocks and their intuition.

The k-Strip Architecture

The underlying architecture k-Strip is based on the U-Net [38], which

has shown to be a powerful architecture for many image-to-image

METHODS
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Input 1 x 256 x 256

32 x 256 x 256

32x128x 128

64 x128 x 128

3We will always use a kernel size of 3 x 3.

Output 1 x 256 x 256

32 x 256 x 256

@ e

®
64 x 256 x 256

64 x128 x 128

/4 cConv 3x3, cReLU,

cBatchNorm

J 128 x 64 x 64 l Residual connection

128 x 128 x 128

64 x 64 x 64

256 x 64 x 64!

128x 128 x 128
| Spectral Pooling

256 x 32 x 32

128 x 32 x 32

J Upsampling & cConv

Skip connections

FIGURE 3.2: Overview of the k-Strip architecture. The model consists of an encoder and
decoder path. The model is based on the U-Net architecture, but with modifications to account
for the complex-valued data and the non-locality of the k-Space. The input and output are
complex-valued k-Space data. Adapted from [51].

tasks.

The U-Net consists of an encoder and decoder path, where the
encoder path is used to extract features from the input data and the
decoder path is used to reconstruct the output data. The k-Strip
architecture is similar to the U-Net, but with modifications to ac-
count for the complex-valued data and the non-locality of the k-Space.
Additionally, we implemented residual connections to improve the
flow of information through the network [62]. An overview of the

architecture is shown in Fig. 3.2.

Complex convolution matrix:
W=X+1iY

Complex data:
3.1
d=a+ib

Complex convolution:

Wixd=X*a—Yxb)+i(X*b—Y xa)

The complex convolution matrix W is defined as a complex-valued
matrix, where X and Y are real and imaginary parts respectively.
The custom implementation was later replaced by the native PyTorch
implementation in favor of computation time. We additionally im-
plemented a custom complex-valued batch normalization layer, The
implementation is based on the work of Trabelsi et al. [63] and

adapted from the implementation presented in [64]. The complex-



valued batch normalization is defined as shown in Eq. 3.2.

Complex batch normalization of x:
%= (V)72 (x —E[x])

Covariance matrix V:

V= Vrr Vri (32)
Vi Vi

_ Cov(Re{x},Re{x}) Cov(Re{x},Im{x})
~ \ Cov(Im{x},Re{x}) Cov(Im{x},Im{x})

Batch normalization is a common technique to stabilize the train-
ing process of deep learning models. It normalizes the input data
to have a mean of 0 and a standard deviation of 1. The covariance
matrix V is calculated based on the real and imaginary parts of the
input data. The batch normalization layer is applied to each channel
of the input data separately. In all experiments a momentum of 0.1 is
used. The momentum defines how much the previous batch is taken
into account when calculating the running mean and variance, with
lower values leading to slower updates.

To introduce non-linearity to our model, we have to implement a
non-linear activation function. The most common activation function
in deep learning is the ReLU activation function and its variants,
such as leaky ReL.U. Because ReL.U-based activation functions are not
defined for complex numbers, due to the lack of natural ordering of
complex numbers. Thus the question arises which activation function
to use for complex-valued data. While there is a variety of specifically
crafted complex-valued activation functions proposed in the literature,
such as the “Complex Swish" [65] or “Cardiod" activation function
[66], we decide to use a split approach for the activation function, as
first presented in [67]. By applying the ReLU function to both real
and imaginary part of the input and combining both outputs back
to a complex number, we can achieve a similar effect as the ReLU
activation function. We will call this activation function “cReLU". A
visualization of this activation function is shown in Fig. 3.3. The

cReLU activation function is defined as
cReLU(x) = ReLU(Re{x}) +i-ReLU(Im{x}) . (3.3)

The cReLU activation function is applied to the real and imaginary
parts of the input data separately. This allows us to use the ReLU

activation function, which is a common choice in deep learning ar-
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FIGURE 3.3: Visualization of the cReLU activation function. Left: Magnitude; Right: Phase. (a)
Complex-valued input z. (b) Output of the cReLU activation function. The real and imaginary
parts of the input data are passed through the ReLU activation function separately and then
combined back to a complex number. Adapted from [68].

chitectures, while still preserving the complex-valued nature of the
data.

Together the complex-valued convolution layer, the cReLU activa-
tion function and the complex-valued batch normalization forms one
cConv block.

The next important building block is the pooling layer. Pooling
is a technique to reduce the input size in consecutive downsampling
layers. This is commonly done by applying a max pooling operation,
which takes the maximum value of a local region in the input data,
or average pooling, which takes the average value of a local region

[69]. Both operations can be formulated as

MaxPool(X); ; = MaxX Xy, pmjis, +n,k (3.9
1
AVgPOOl(X)i,j,k = T . ZXi-sx+m,j'sy+n,k > (3.5)
fofy oo

with X being the input data, i, j the indices of the output data, k the
channel index, s,,s, the stride in x and y direction, fy, f, the filter
size in x and y direction, and m, n the indices of the local region.
The pooling operation is applied to each channel of the input data

separately.



Spectral Transposed
Upsampling Convolution

FIGURE 3.4: Comparison of the transposed convolution layer and the spectral upsampling layer
applied to pooled k-Space data. The transposed convolution layer applies an elementwise
multiplication on the frequency data, which translates to a convolution in the image domain.
The spectral upsampling layer utilizes the residuals of the pooling operation to preserve the
high-frequency information.

While average pooling could be used for complex-valued data,
max pooling is not defined for complex numbers*. Applied to image
data, average pooling leads to a more unsharp image, as it takes
the average over multiple pixels to compress the size of the image.
Problems occur when this technique is used on k-Space data. If we
now average multiple pixels in the k-Space, we are averaging multiple
frequencies, which leads to artifacts in the image domain. These will
be wrapping artifacts, as we artificially decreased the distance Ak
between sampling points in the k-Space. Thus, Fourier pooling® is
applied to the k-Space data, cutting off rings of frequencies in the
periphery of the k-Space [71]. The existing Fourier pooling layer is

extended by saving the pooled frequencies and can be formulated as

FourierPool(X); ; ; = Xi+’#,j+ W (3.6)
e = X; — FourierPool(X); , 3.7)

with H and W being the height and width of the input data, x the
pooling factor and r the residual of the pooling operation. This allows
us to introduce a novel upsampling layer for k-Space data, which
replaces the common transposed convolution layer [72]. The trans-
posed convolution layer, also known as deconvolution or fractionally
strided convolution, is used to upsample feature maps in the decoder
path of the U-Net. By sliding a kernel over the input data and applying

element-wise multiplications® in combination with summation, the
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“#One would need to apply max pooling on
the absolute values.

50r Spectral pooling [70].

6The Hadamard product.
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7Vice versa it holds as

Fluxv}=F{u}  F{v}
Flu-vl=F{u}x F{v}

transposed convolution upsamples the data. Again, this approach be-
comes problematic when applied to k-Space data, as the convolution

theorem holds”:

usxv=F YF{u}  Fiv}} (3.8)
u-v=F HFu«F{v}} , (3.9

with f and g being two functions, 7! and F the (inverse) Fourier

€« o

transform, “-“ the Hadamard product and “x“ the convolution operator.
This means that a pointwise multiplication in the frequency domain
corresponds to a convolution in the image domain. The resulting effect
on the input data is shown in Fig. 3.4 in comparison to the novel
spectral upsampling layer. The spectral upsampling layer utilizes the
saved residuals of the spectral pooling by attaching them back onto
the input, preserving the high-frequency information. The spectral

upsampling layer can be formulated as
SpectralUpsample(X), =X + 1, . (3.10)

X is the pooled input data and ry, the residual of the pooling operation.
To introduce learnable parameters, a complex-valued convolution is
applied to the upsampled output.

To improve the flow of information in our model, we implement
residual connections in each cConv block. The residual connections
transfer the initial input information of a block to the end of the
block and combine it with its output. The residual connection can be

formulated as
Residual(X) =X + cConv(X) . (3.11)

The resulting output is then passed through another activation func-
tion. We insert multiple cConv blocks on each downsampling layer to
increase the number of learnable parameters and the expressiveness
of the model. The number of cConv blocks is defined as ny;,q and is
set to 2 in all experiments.

To stabilize training and increase the models ability to generalize,
we implement a complex-valued version of the dropout layer. The
dropout layer is a common technique to prevent overfitting in deep
learning models. It randomly sets a fraction of the input units to 0
during training, which forces the model to learn more robust features.
Our dropout implementation randomly sets a fraction of the inputs’
real parts to zero. Neurons that have a zeroed real part are then also

assigned a zero imaginary part.
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3.3 EXPERIMENTS & RESULTS

To show the feasibility of performing segmentation tasks in the k-
Space, one has to compare the results of k-Strip to the results of
traditional skull stripping algorithms and if possible on public datasets.
Due to the lack of publicly available k-Space datasets which include
segmentation masks, we used two publicly available image domain
datasets and one in-house susceptibility weighted imaging (SWI)
dataset from the University Hospital Essen, which includes phase data.
Additionally, a image domain dataset from the University Hospital
Essen which includes pathologies such as glioblastoma multiforme

(GBM) in some of the brain scans.

NFBS The Neurofeedback skullstripped (NFBS) repository [73]
consists of 24 000 fully sampled brain MRI scans from a total of 125
patients. All scans were acquired with a T; weighted sequence and a
resolution of 1 mm?. The ground truth, in this case the skull stripped
brain images, are manually refined based on automatic segmentations
performed with the BEaST algorithm [74].

CC-359 The Calgary-Campinas-359 (CC-359) dataset [75] con-
sists of 359 patients. The sequences and resolutions are again T;
weighted and 1 mm?®. In this dataset, the ground truth is generated
via the “Simultaneous Truth and Performance Level Estimation" (STA-
PLE) algorithm, which combines the results of multiple skull stripping
algorithms to create a consensus mask [76]. For testing purposes, the
dataset also comes with 12 additional subjects, which were segmented
manually. These volumes will be used as part of the test dataset. The
CC-359 dataset is a multi-vendor dataset, which includes scans from
different vendors, namely Siemens (Germany), Philips (Netherlands),
GE (USA).

SWI The SWI dataset is an in-house dataset of the University
Hospital Essen and consists of 83 000 slices from a total of 433 patients.
SWI data commonly includes phase information, which we combined
with the T;-weighted magnitude images with a resolution of 2 mm?.
The phase data is scaled into the range of (0;27] and then combined
with the magnitudes via Eq. 2.12. The ground-truth is generated by
applying the HD-BET algorithm on the magnitude data in the image
domain.

GBM The GBM dataset contains 21822 slices from a total of

150 patients. The scans were acquired with 1.5 T and 3 T T; sequences.

The majority of scans in this dataset include pathologies. This enables
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us to evaluate the model on a dataset with pathologies, which is a
common use case in medical imaging. The ground truth is generated
by applying the HD-BET algorithm on the magnitude data in the image
domain.

An overview of all datasets used in this work is shown in Appendix
Table B.1.

Because all the used datasets are in the image domain, the data is
transformed into the k-Space via the Fourier transform in Eq. 2.14.
Prior to transformation in k-Space, each slice is resized to a size of
256 x 256 pixels. To train our model in the k-Space, the ground truth
needs to be transformed accordingly. First, we multiply the binary
segmentation masks in the image domain with the initial images. The
resulting images of the brain tissue are then transformed into the
k-Space, equal to the input data.

Each dataset is split into training, validation and test set. The
training set consists of 80 % of the data, the validation set of 10 % and
the test set of 10 %. All splits are performed patient-wise to prevent

data leakage.

Periphery Augmentation

For data augmentation, we apply a novel augmentation technique,
which we will call periphery augmentation. The k-Space data is ran-
domly multiplied with a factor in the range of [0.7; 1.3] in the periph-
ery of the k-Space. The periphery range is randomly chosen in the
range of [5;40] pixels distance from the center. These ranges have

been determined heuristically based on the GBM dataset. Let
a ~ Uniform(0.7,1.3)
be the augmentation factor and
T'min> T'max ~ Uniform(5,40)

the minimum and maximum radius of the periphery as a distance
from the center, then the augmentation k’ of the k-Space data k can
be formulated as

a-k(x,y), ifrgn<d(x,y)<rpnx
K(x.y) = (x,¥) min < d(x,Y) ST, (3.12)

k(x,y), otherwise
with d(x, y) being the distance from the center of the k-Space. This
augmentation enables us to train the model on varying scales of k-

Space data while introducing additional noise in the periphery of the
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k-Space. Additionally, we do not need to transform k-Space data back

into the image domain for augmentation.

Model Hyperparameters

The k-Strip model underwent an extensive grid-search to find the
optimal hyperparameters based on the GBM dataset. During a grid-
search, the model is trained with different hyperparameters and the
best performing model is selected based on the validation loss. The
initial learning rate of the model is set to 1 x 10~ , which is reduced by
50% every 50th epoch. The Adam optimizer [77] has a beta coefficient
of 0.99 and epsilon of 1 x 10~8 We apply a complex-valued dropout
after every convolution layer of 5% and a batch normalization layer
with a momentum of 0.1 The model is trained for 150 epochs with a
batch size of 64 and a least absolute error (LAE) loss function. We
trained the model for three days on an NVIDIA A100 GPU with 80GB

of graphics memory.

Experiments

To evaluate our model, we employed the two most common metrics
for image segmentation tasks, the Dice coefficient and the Hausdorff
distance [78, 79]. The Dice coefficient (DSC) is a measure of similarity
between two sets and is defined as

2|AN B|

DSC(A,B) = A+ B]

s (3.13)

with A and B being the two sets. In the context of segmentation, A is
the ground truth and B the predicted segmentation mask. The Dice
coefficient ranges from O to 1, with 1 being a perfect match between
the two sets. The Hausdorff distance (HD) is a measure of the distance

between two sets and is defined as
HD(A, B) = max (maxmin d(a,b),maxmind (b, a)) ,  (3.14)
acA beB beB a€A

with d(a, b) being the distance between the two points a and b. The
Hausdorff distance ranges from 0 to oo, with 0 being a perfect match
between the two sets. In the case of image segmentation the distance
is given in pixels. Additionally we report the accuracy, sensitivity and
specificity of the model in regards to the predicted segmentations.
To calculate the above mentioned metrics, the output of k-Strip
is being transformed into the image domain via the inverse Fourier

transformation. Afterwards, a threshold is applied on the image to
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TABLE 3.1: Results of the k-Strip model on the different test sets. The results are reported as
mean and standard deviation over all test subjects. The model is compared with the SOTA
methods BSE [80], OptiBET [58] and HD-BET [60]. Additionally, the k-Strip model was trained
with 70000 and 25 000 training samples respectively to see the impact of the training set size
on the results.

Model DSC (%) T DHD (pixels) | Acc (%) T Sens (%) T Spec (%) T

SWI

BSE [80] 93.3£2.5 4.04+0.37 96.6+0.21 95.5+0.23 97.0+0.19

OptiBET [58] 92.5+2.2 4.26+0.56 95.94+0.22 96.0+0.22 96.6+0.21

k-Strip (83000) 97.4%0.5 3.42+0.45 98.9+0.13 97.5+0.18 99.5+0.04

k-Strip (25000) 96.9+1.6 3.35+0.53 98.9+0.13 97.2£0.19 99.5+0.04
GBM

BSE [80] 94.6+2.1 5.03+0.57 97.0+0.19 98.5+0.19 94.2+0.26

OptiBET [58] 94.8+2.1 4.53+0.66 97.4+0.18 98.7+0.13 96.0+0.22

k-Strip 94.1+£2.5 4.06+0.41 97.4+0.18 94.5+0.26 98.8+0.12
NFBS [73]

BSE [80] 95.8+2.8 3.55+0.57 98.5+0.14 98.3+0.15 98.5+0.14

HD-BET [60] 96.3+2.0 3.35+0.52 98.7+0.13 98.4£0.14 99.7+0.03

OptiBET [58] 95.2+1.3 3.89+0.41 98.4+0.14 97.0£0.20 98.7+0.13

k-Strip 95.7+1.2 3.94+0.64 98.5+0.14 97.1£0.19 99.1+0.09
CC-359 [75]

BSE [80] 94.2+3.5 3.81+0.43 97.6+0.17 98.7+0.16 97.1+0.19

HD-BET [60] 96.4+1.8 3.25+0.36 97.6+0.17 98.7+0.16 97.1+0.19
OptiBET [58] 95.3+2.1 3.98+0.49 98.1+£0.15 95.6+0.23 98.6+0.13
k-Strip 94.4+£2.3 4.15+0.43 98.2+0.14 96.1+£0.21 98.8+0.12

create a binary segmentation mask. The threshold is set to 1.7 times
the mean value of the predicted image. This threshold was chosen
based on quantitative evaluations. The resulting binary mask is then
used to compute the metrics.

The results of the k-Strip model are compared with three state-
of-the-art (SOTA) methods: BrainSuite algorithm (BSE) [80] and
OptiBET, as well as HD-BET.

We only consider slices with at least 5000 pixels of brain tissue as
relevant for evaluation. With an initial input image size of 256 x 256
pixels, this corresponds to a minimum of roughly 7.6% of brain tissue
in the image. We justify this threshold by the fact that all slices with
less brain tissue will not have any relevant phase information and are
thus not relevant for our use case. Slices affected by this threshold
are the lower parts of the brain stem and the top most brain slices.

The results of the k-Strip model on each test set in comparison to
the SOTA methods are shown in Tab.3.1. The results are reported as
mean and standard deviation over all test subjects. It can be seen that
the k-Strip model achieves comparable results to the SOTA methods.
In case of the SWI dataset, which includes actual phase data, k-Strip
surpasses both BSE and OptiBET with a DSC of 97.4% and a DHD
of 3.42 pixels in comparison to 93.3 % and 4.04 pixels for BSE and



Ground Truth Prediction Difference

FIGURE 3.5: Exemplary output of k-Strip on the SWI test dataset. The first column shows the
input data, the second column the output of k-Strip and the third column the ground truth.
The last column shows the difference between the output and the ground truth. All images
show the magnitude data in image domain and k-Space respectively. The k-Space data is shown
logarithmically. Adapted from [51].

92.5 % and 4.26 pixels for OptiBET. To further investigate the results
on the SWI dataset, we conducted the same experiment with a re-
duced training set size of 25000 samples. The results show that the
model is still able to achieve a DSC of 96.9 % and a DHD of 3.35 pixels,
which surpasses both compared SOTA methods. These results indi-
cate, that the k-Strip model utilize the additional information of the
phase information in the k-Space data and thus achieves better results
than the SOTA methods. In comparison, when only transforming the
magnitude data into the k-Space, the model achieves similar results
as the compared methods.

Exemplary results of the k-Strip model on the SWI dataset are
shown in Fig. 3.5. In the difference image, we can see that the model
is able to accurately remove the skull and non-brain tissue from the
input data. The more interesting difference image is in the bottom
row, which shows the difference in the k-Space domain between
ground truth and prediction. While the model us able to accurately
predict the center of the k-Space, it struggles with the periphery of
the k-Space. This is most likely due to the fact, that the values in the
periphery of the k-Space are smaller by magnitudes than the values
in the center. The model thus is penalized less when predicting the
periphery wrong.

It showed that in regions above the eyes, the model is able to
predict the skull and non-brain tissue better than in the lower regions
of the brain stem with DSC values of 98.8 + 0.8% and 95.1 £ 1.8%
respectively. Exemplary outputs of regions below the eyes can be seen
in Fig. 3.6. This is most likely due to the nature of the frequency do-

main, as the non-locality favors the prediction of symmetric structures
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3.4

Input Ground Truth Prediction Difference

FIGURE 3.6: Exemplary output of k-Strip on the NFBS test dataset at the brain region below
the eyes. The first column shows the input data, the second column the output of k-Strip and
the third column the ground truth. The last column shows the difference between the output
and the ground truth. All images show the magnitude data in image domain and k-Space
respectively. The k-Space data is shown logarithmically. Adapted from [51].

in all quadrants of the image.

The CC-359 dataset includes scans from different vendors. 3D
renderings of all three tested vendors can be seen in the Fig. 3.7. k-
Strip achieves consistent results on all three vendors, with an average
DSC of 94.4% and a DHD of 4.15 pixels.

GE Phillips Siemens
Subject CC0276 Subject CC0060 Subject CC0121

FIGURE 3.7: Exemplary 3D visualization of predicted brain segmentations of data from three
different vendors (GE, Philips & Siemens). The segmentation was performed slice-wise in the
k-Space domain. For visualization purposes, each slice was transformed into the image domain,
stacked and visualized with the ITK-Snap software [81]. Adapted from [51].

DISCUSSION & CONCLUSION

In this chapter, we presented k-Strip, a novel approach to perform

segmentation tasks in the k-Space domain. This first work showed



the feasibility of utilizing k-Space data for downstream tasks, in this
case skull stripping. The proposed architecture is based on the U-Net
and includes complex-valued building blocks to account for the non-
locality and complex-valued nature of the k-Space. k-Strip achieves
comparable results to the SOTA methods and outperforms them when
using additional phase information. The model is able to accurately
predict the skull and non-brain tissue in the k-Space domain, while
preserving the phase information. The results show that k-Strip is
able to achieve a DSC of 97.4% and a DHD of 3.42 pixels on the SWI
dataset, which surpasses both BSE and OptiBET.

While the results show that k-Strip achieves comparable results to
the SOTA methods and outperforms them when using with additional
phase information, this study comes with some drawbacks and limita-
tions. We do not use real k-Space data, due to the fact that there is
no data publicly available which includes ground truth segmentation
masks. The SWI data comes closest to a real-world dataset but is still
not fully representative of real k-Space data. Another limitation is the
usage of a fixed threshold to create the binary segmentation mask.
This threshold was chosen based on quantitative evaluations, but may
not be optimal for all datasets. A more sophisticated approach would
be to use a learnable threshold, which could be trained together with
the model. Only the CC-359 dataset includes manual segmentations
for testing purposes. The other datasets only include the results of
the SOTA methods as ground truth. This makes it difficult to compare
the results of k-Strip to the SOTA methods, as we do not know how

accurate the ground truth is.

These drawbacks have to be taken into account for further re-
search, but do not detract from the fact that k-Strip was the first
algorithm of its kind to show the feasibility of performing segmenta-
tion tasks in the k-Space domain. The importance of this work lies in
the fact that it not only demonstrates the possible benefits of utilizing
k-Space data, but also prepares a fundamental architecture for future
projects.

k-Strip also allows for anonymization of MRI data, even before it
is transformed into the image domain. This is a major advantage, as
it allows for the anonymization of data before it is interpretable by

humans, greatly reducing the risk of privacy breaches.
In chapter 5 we will revisit k-Strip and train it with artificially

generated k-Space data to show how to enable the model to learn

to generalize on real-world data without the need for actual k-Space
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data. We will also utilize k-Strip again in chapter 6 where we will
implement it into a publicly available anonymization tool which allows
the anonymization of a wide range of medical data, including MRI

raw data.

KEY CONTRIBUTIONS

* Novel Segmentation in k-Space: Introduced k-Strip, the first
deep learning architecture designed to perform segmentation
tasks directly in the complex-valued k-Space domain of MRI
data.

* Complex-Valued Deep Learning Model: Developed a complex-
valued U-Net architecture, incorporating novel complex-valued
building blocks, such as spectral upsampling and periphery
augmentation, to effectively handle the unique properties of

k-Space data.

* Feasibility Demonstrated: Demonstrated the feasibility of uti-
lizing k-Space data for downstream tasks, achieving comparable
results to state-of-the-art methods in skull stripping. This ap-
proach allows for the preservation of phase information, which

is often lost in traditional image domain processing.

* Anonymization Potential: Enable anonymization of MRI data
before it is transformed into the image domain, significantly re-
ducing the risk of privacy breaches and enhancing data security

in medical imaging.



4.1

Classification in k-Space: A Case
Study

Question 2. Can k-Space data be used to enhance classification re-

sults?

Question 3. Can we use k-Space data to implement a faster down-

stream task pipeline?

The following chapter presents a case study for the classification of
prostate cancer likelihood utilizing k-Space data as well as a faster
preprocessing method for MRI diffusion data. The presented work
titled Tumor likelihood estimation on MRI prostate data by utilizing
k-Space information was published and presented at the International
Society for Magnetic Resonance in Medicine (ISMRM) Conference
2025 as an oral presentation and published in full as a preprint on
arXiv [82]. A detailed transparency statement can be found in Ap-
pendix A.2. The source code of this project is publicly available on
GitHub®.

INTRODUCTION

Worldwide, the availability of MRI scanners as well as required per-
sonnel is limited, leading to long waiting times for patients [6]. Long
MRI acquisition times are a common problem in MRI, not only leading
to a burden for the patients, but also to a high cost for the healthcare
system, including valuable resources in form of clinical staff and MRI
machines [83]. Thus the need for faster MRI acquisition methods is

high. Furthermore, this work is motivated by the principle that MRI

Thttps://github.com/TIO-

IKIM/Tumor-likelihood-estimation-
on-MRI-prostate-data-by-utilizing-

k-Space-information
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data should be used to its full potential, which is why we propose to

use the k-Space data directly for classification tasks.

After we showed that segmentations are possible directly in the
k-Space in chapter 3, the next step is to evaluate the benefits of us-
ing k-Space data for classification tasks. As a use case we chose the
prostate cancer likelihood estimation, firstly because of its impor-
tance in the clinical field and secondly because of the availability
of a raw MRI dataset with corresponding labels. In 2023, prostate
cancer was the most common malignancy among men [84]. The
most common method to evaluate the likelihood of prostate cancer
is the Prostate-Specific Antigen (PSA) test, digital rectal exams or
trans-rectal ultrasound scan (TRUS) [85]. However, these methods
introduce a high level of discomfort for the patient, which is why MRI
is becoming the preferred method for prostate cancer diagnosis. The
resulting MRI scans are commonly categorized into five categories
according to the Prostate Imaging Reporting and Data System (PI-
RADS) [86]. The PI-RADS system is a standardized reporting system
for prostate MRI that helps radiologists communicate findings and
assess the likelihood of clinically significant prostate cancer. There
have been multiple works presenting deep-learning based approaches
for prostate cancer classification [87, 88], however most of them rely
only on image domain information and existing segmentations of the

prostate, as well as fully reconstructed images.

The last point brings us to the second part of this chapter. As
already introduced in the background chapter, a common technique
to reduce acquisition times is to apply undersampling in combination
with parallel imaging, only filling every n-th k-Space line with multiple
different receiver coils. The resulting undersampled k-Space data is
then combined and reconstructed using algorithms such as GRAPPA.
This reconstruction process can become time-consuming in itself,
which is why we propose a faster preprocessing method for the k-
Space data, tailored for our classification task which utilizes the raw
MRI data. We show that a simple principal component analysis (PCA)
can be used to combine the coils, while still preserving the necessary
information for the classification task. Additionally, commonly used
reconstruction methods such as GRAPPA and ESPIRIT are not suitable
for very high undersampling factors, which is why we propose a
classification pipeline that is not dependent on an exact reconstruction
of the k-Space data. Our results show that this method is significantly

outperforming common reconstruction and classification methods at
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FIGURE 4.1: Methodical overview of the classification pipeline via PCA. The complex-valued
MRI raw data 2D slices are summed over the averages and then fed into the PCA. The first PCA
component is then split into its image domain magnitude and phase, as well as its k-Space real
and imaginary part.

high undersampling factors, enabling fast pre-diagnoses of prostate
cancer likelihood. An overview of the proposed method is shown in
Fig. 4.1 and will be discussed in the Method section 4.2.

By now there have been some works which show the benefit of
using k-Space data for classification tasks; however, they all rely on an
adaptive sampling approach, which is currently not feasible in clinical
practice. Du et al. [15] propose a framework to use active sampling,
which is a method to select the most informative k-Space lines for
each individual task, in combination with a classification model which
works directly on the k-Space magnitude data. In a similar manner
Yen et al. [13] and Singhal et al. [12] propose their Adaptive Sampling
for MR (ASMR) framework to select the most informative k-Space
lines for the classification task. These works show that the k-Space
data can be used to improve the classification performance at higher

undersampling factors.

METHODS

In the following chapter, we will discuss the dataset, the novel prepro-
cessing method as well as the classification approach and compare it

to existing methods.

Dataset

The dataset used in this study is the publicly available FastMRI prostate
dataset [89]. We introduce this dataset first, because the further pro-
cessing steps are based on the datatype of this dataset. The FastMRI
Prostate dataset is a one of its kind, as there are no other compara-
ble raw MRI datasets which include clinically validated labels. The
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2Thus, only every second k-Space line is
acquired.

3B, being the non-diffusion-weighted (T5-
weighted contrast) data.
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FIGURE 4.2: Distribution of the Pi-RADS scores in the FastMRI prostate dataset. The dataset is
highly unbalanced, with a total of 8741 slices with a Pi-RADS score of 1 and only 767 slices
with a Pi-RADS score of 2, 3, 4 or 5.

dataset consists of T,-weighted turbo spin echo (TSE) and echo pla-
nar imaging (EPI)-DWI raw data which was acquired with 14 to 30
receiver coils on a 3 T device. Both fundamental MRI modalities were
explained in chapter 2. The T, data was acquired with three averages,

while the DWI data was acquired with 4 and 12 averages.

All DWI scans have an in-plane resolution of 2.0 mm and a matrix
size of 100 pixels x 100 pixels. The FOV is then 200 mm x 200 mm.
The data is undersampled by a factor of two with an equidistant
cartesian sampling mask?. The diffusion based MRI data consists of
multiple b-values in x, y and z direction, including four averages for
Bsy, 12 averages for Byogo and two averages for B,>. 312 subjects
where scanned leading to a total of 9508 slices. The corresponding Pi-
RADS scores were validated by radiologists on the fully reconstructed
image domain data. The Pi-RADS score is a 5-point scale, where 1
indicates a very low likelihood of clinically significant prostate cancer
and 5 indicates a very high likelihood. One challenge of this dataset is
the highly unbalanced distribution of the Pi-RADS scores. The dataset
contains 8741 slices with a Pi-RADS score of 1, while the scores 2,
3, 4 and 5 only contain a total of 767 slices. This leads to a highly
unbalanced dataset, which is a common problem in medical imaging
datasets. For that reason, we follow the authors of the dataset, as well
as the Pi-RADS guidelines, and split the data into two classes, namely
"Unlikely Tumor" for classes 1 and 2 and "Likely Tumor" for classes 3,

4 and 5. An overview of the data distribution is shown in Fig. 4.2.
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The datasets main purpose is the task of reconstruction of the
undersampled k-Space data, which is why the authors provide a
reconstruction pipeline for the data, including the fully reconstructed
data. In the following section, we will discuss the reconstruction

pipeline and how we can accelerate is for our classification task.

Reconstruction Pipeline

The reconstruction pipeline provided by the authors of the FastMRI
prostate dataset is based on two very common algorithms in the MRI
reconstruction field, namely the “Eigenvalue-based Self-consistent
Parallel Imaging Reconstruction" algorithm “ESPIRIiT" [90] and the
“GeneRalized Autocalibrating Partially Parallel Acquisition” algorithm
“GRAPPA" [26].

GRAPPA

GRAPPA is a parallel imaging technique that estimates the missing
k-Space data of multicoil acquisitions, by using information of neigh-
bouring k-Space lines. During acquisition, the k-Space data is under-
sampled by a factor of R. A partition of the center of the k-Space is
usually fully sampled. This fully sampled region is called the auto-
calibration signal region (ACS). The ACS region, is used to calculate
the GRAPPA kernel g,;, a kernel function for each coil. These kernels
estimate the projected data as well as artifacts of each coil. In combi-
nation with the received images from each coil, the GRAPPA kernel is
then used to reconstruct the missing k-Space data. The estimation of
a k-Space sample x at the position r in the k-Space can be formulated

as follows:

xi(r) = (PrRry)Tgri 5 4.1

with P, being the sampling pattern in the neighbourhood of x;(r), R,
being the reconstruction operator defining the region of interest and
y being the acquired zero-filled k-Space data. The GRAPPA kernel g,;
is then calculated based on the fully sampled ACS region by solving
Eq. 4.1 for g,;. Finally, the coils are combined using a sum of squares
method. While GRAPPA is a common method for undersampled data®,
it is only applicable for relatively small undersampling factors of R < 4.
For larger undersampling factors, the resulting noise in the k-Space

data is too high, leading to a poor reconstruction quality [91].
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It is also a relatively fast method, if cal-
culated on a GPU. On a CPU the processing
time becomes significantly longer.
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5The eigenvaluesa1 are chosen as sensi-
tivity maps. In fully-sampled regions, the
calibration data should be consistent with
the initial signal.

ESPIRiT

In comparison to GRAPPA, ESPIRIT uses the autocalibration region
to estimate the coil sensitivity maps, which are then used to recon-
struct the missing k-Space data. This is done by performing a singular
value decomposition (SVD) on the fully sampled k-Space data. The
resulting projection matrix is then transformed into the image do-
main, where the coil sensitivity maps are calculated via an eigenvalue
decomposition (EVD)°. With the coil sensitivity maps at hand, the

missing k-Space can then be reconstructed iteratively.

Coil combination via PCA

Instead of using root squared sum (RSS) or adaptive coil-combination
methods in the image domain [92], we propose to use a simple princi-
pal component analysis (PCA) to combine the coils directly in k-Space.
The PCA is a common method to reduce the dimensionality of data,
while preserving the most important information [93]. The core idea
of PCA is to find the directions, or principal components, in which the
data varies the most. These directions are then used to transform the
data into a new coordinate system, where the first principal compo-
nent corresponds to the direction of maximum variance, the second
principal component corresponds to the direction of second maximum
variance and so on.

In our work, we apply PCA on the complex-valued k-Space data
and choose the first principal component as the combined coil data. In
comparison to methods like RSS, this allows us to preserve the phase
information of the data to use it for the classification task. By just using
the first principal component, we can reduce the dimensionality of
the data, but do loose some information which is present in the other
principal components. However, we conducted experiments with
more than one principal component and found that more than one

principal component does not improve the classification performance.

Proposed processing pipeline

The two reconstruction methods presented above are commonly used
for the reconstruction of undersampled k-Space data. However, they
are both time-consuming and require a lot of computational resources.
Additionally, they are not suitable for very high undersampling factors.
The overall reconstruction pipeline is shown in Fig. 4.1. We will now

go through this pipeline step by step.
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FIGURE 4.3: Comparison of the standard preprocessing pipeline and the proposed preprocessing
pipeline. The standard pipeline includes regridding, GRAPPA reconstruction, followed by coil
combination in the image domain and ADC map calculation; the phase information is lost. The
proposed pipeline first performs regridding, followed by summation and coil compression via
PCA. This approach is less computationally intensive and preserves the complex-valued k-Space
data. Adapted from [82].

1. Regridding

2. Summing Averages

3. Coil combination via PCA
4. Classification

The DWI data is in a initial format of 5D complex-valued data:
Averages, Coils, Depth, Width, Height. The first step is to perform
regridding, which is a common method to transform the k-Space data
into a Cartesian grid, by interpolating the k-Space data via trapezoidal
regridding. Afterwards the averages of the data are summed to reduce
the dimensionality of the data and to reduce noise. To simplify the
pipeline, in this work we average over all averages instead of splitting

the data into the different b-values®.

The resulting data, now 4D
complex-valued data, now has to be combined over the coils. We do
not perform any coil sensitivity estimation or calibration, as well as
extensive reconstruction such as GRAPPA. Instead we apply the PCA
on the complex-valued k-Space data and choose the first principal
component as the combined coil data and use it directly for the classi-
fication task. This leaves us with a 2D complex-valued data, which is
still undersampled by the initial acceleration factor of n.

A comparison between the proposed preprocessing pipeline and a
common reconstruction pipeline is shown in Fig. 4.3. The proposed
pipeline is significantly faster and less computationally expensive.
Additionally, in combination with the classification task, the whole
workflow is not limited by the acceleration factor, as we will show in

the results section.

®The benefit of different b-values is that
they can provide complementary informa-
tion about the tissue microstructure.
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4.2.3

7One can say, that the model gets a “head-
start" for the final task.

To make the results comparable, we adapt the GRAPPA algorithm
such that we receive the intermediate complex-valued data after the
coil combination step, which we can transform back into the k-Space
domain. This allows us to compare the classification results of the

proposed pipeline with the GRAPPA reconstruction pipeline.

Classification Pipeline & Training

The classification task at hand is a binary problem. The output of the
model is a single value between 0 and 1, which indicates the likelihood
of prostate cancer. With a threshold of 0.5 we can classify the data
into two classes, namely “Unlikely Tumor" and “Likely Tumor".

After the preprocessing steps described above, the resulting data
is a 2D complex-valued tensor. While we used a fully complex-valued
neural network in the previous work, we will now use a splitting
approach to separate the complex-valued tensor into different real
valued parts. This decision is based on prior experiments with different
networks and had an impact on the further course of this thesis, as
we will see in the last work presented in this thesis in chapter 6.

The most popular neural networks are commonly pretrained on
vast amounts of data, such as the ImageNet dataset, which includes
over 14 million images separated into 22 000 classes [94]. This allows
the networks to learn a initial feature representation of the data, which
can then be used to transfer knowledge to other tasks’. Experiments
demonstrate that, in transfer learning scenarios, the data for the
final target task do not need to closely resemble the pretraining data
from the source domain to yield a positive effect on classification
performance [95]. Pretraining becomes even more important, when
the dataset is small or unbalanced, as it is the case in the FastMRI
prostate dataset. There are currently no pretrained complex-valued
neural networks and there is no dataset comparable to the ImageNet
dataset for complex-valued data.

In preliminary experiments, we first tried to use the encoder part
of the k-Strip architecture for the classification task. A classification
head is added to the encoder, which is a simple multilayer perceptron
(MLP) with two hidden layers and a final sigmoid activation function.
The input data is the 2D complex-valued tensor. This experiments
showed that the model is not able to learn the classification task.

To understand if the issue is either the complex-valued neural
network or the lack of pretraining, we decided to use a ConvNeXt

without pretraining in the next experiment. ConvNeXt is a convolu-



tional neural network architecture, which is a modernized form of
the ResNet architecture [96]. The model is implemented with the
timm library [97]. We split the 2D complex-valued tensor into its
real and imaginary part, as well as its magnitude and phase. The
experiment is conducted with the real and imaginary part, as well as
the magnitude and phase separately and the magnitude alone. The
results show that, no matter the input data, the model is not able to
learn the classification task

This experiment shows that the issue at hand is the lack of pre-
training. Based on this we chose the following approach of using two
pretrained ConvNext models, one taking the magnitude in the image
domain and one taking the real and imaginary part in the k-Space
domain as input. This approach is shown in Fig. 4.1. The output of
both models final sigmoid activation function is then averaged and

used as the final output of the model.

Undersampling Augmentation

To improve the performance of our model we apply a new augmenta-
tion technique we call Undersampling Augmentation. This augmenta-
tion takes advantage of the uniqueness of k-Space data by artificially
undersampling the data with an equidistant cartesian sampling mask
with a random acceleration factor of n. An example of the resulting
data is shown in Fig. 4.4. Throughout the experiments we will use an
undersampling factor of R < 8 for the augmentation. We investigate
the effectiveness of the proposed augmentation technique by compar-
ing the results of both the PCA and GRAPPA pipeline with and without
the augmentation. Additionally we apply the augmentation to a off-
domain dataset, in this case the CIFAR-10 dataset [98]. The results
can be seen in Appendix B.1. The results show that the augmentation

can increase the performance for all three datasets.

Hyperparameters

For each of the following experiments the models were trained with
the Adam optimizer, a beta coefficient of 0.99, an epsilon of 1 x
1078 and an initial learning rate of 1x10~* A cosine annealing learning
rate scheduler is used to reduce the learning rate over time in a cosine
manner. The batch size is set to 128. Early stopping is applied with
a patience of 10 epochs to stop the training as soon as the loss does

not decrease any more. Due to the high unbalance of the dataset
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No Undersampling X2 Undersampling x4 Undersampling x8 Undersampling
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FIGURE 4.4: Example of Undersampling in image domain from a fully sampled sample of the
FastMRI+ Dataset. Undersampling refers to omitting lines in the k-Space. While reducing the
imaging time, this leads to artifacts in the image domain, as seen in the top rows. The image
wraps in itself, depending on the undersampling factor. Published as is in [82].

we decided to use a Cross-Entropy loss with a weight of 17 to 1. In
addition to the undersampling augmentation, the input is randomly
flipped horizontally. The input is normalized and standardize batch-
wise to have a mean of 0 and a standard deviation of 1, applied
to each channel individually. Normalization and standardization is
applied to the k-Space data in this work, even if it prevents obtaining
the original, uncalibrated image domain data. In comparison to k-
Strip, this transformation is not necessary in this work, as the model
is supposed to learn the classification task directly in k-Space and
does not need to predict data which can be transformed in the image

domain.

Evaluation Metrics

For evaluating the performance of the models, we use the area un-
der the receiver operating characteristic curve (AUROC), as well as
the area under the precision recall curve (AUPRC). The AUROC is a
common metric for binary classification tasks and is defined as the
area under the curve of the true positive rate (TPR) against the false
positive rate (FPR). The AUPRC is defined as the area under the curve
of the precision against the recall.

The precision is defined as the number of true positives (TP)

divided by the sum of true positives and false positives (FP). The



4.3

recall is defined as the number of true positives divided by the sum of

true positives and false negatives (FN).

. TP
Precision = ﬁ
+ (4.2)
TP
Recall = ———
TP+ FN

For the calculation of confidence intervals we apply a bootstrap-
ping method with 1000 iterations [99]. The AUROC and AUPRC are
calculated for each iteration and the mean and standard deviation
are calculated from the resulting values. The confidence intervals are

then calculated as the mean value plus/minus the standard deviation.

EXPERIMENTS & RESULTS

In this section the conducted experiments and their results will be
presented. We will often speak of additional k-Space information. This
should be understood as the k-Space data which is always gathered
during the MRI acquisition, but commonly discarded for any further

downstream task.

Experiment 1: Effect of additional k-Space information

In the first experiment we investigate the impact of additional k-
Space information on the classification task. For this experiment we
use the adapted GRAPPA reconstruction pipeline as well as the PCA
pipeline. The experiment is conducted for not undersampled data
and an undersampling factor of two. We compare the results for three
different data combinations, each with and without the additional

k-Space data:
* ADC map, Traces, and Trace;qy, with GRAPPA pipeline
* Tracesy and Trace;ooo With GRAPPA pipeline
* bs, with PCA pipeline

The ADC map is only calculated for the image domain data (magni-
tude), as it is not possible to calculate the ADC map in k-Space. The
resulting AUROC values are shown in Fig. 4.5. Additional AUPRC
values can be seen in Tab. 4.2.

The results show that the additional k-Space information leads
to an increase of the AUROC and AUPRC values in all cases, except

when using all the available data (ADC, Traces, and Trace;gog) with
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8This has the benefit of reducing the
amount of acquisitions even further.
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FIGURE 4.5: Results on the effect of additional k-Space information on the classification results
of prostate cancer. The AUROC is compared for no undersampling and an undersampling
factor of two. Different combinations of data are compared: ADC map, Traces, and Trace;ggo;
Traceso and Trace;ggg; bsg. Adapted from [82].

the GRAPPA pipeline and no undersampling. When applying a un-
dersampling of factor two, the model trained with additional k-Space
data already excels the model trained with only the image domain
data, with an AUROC of 86.1% and an AUPRC of 64.3%. The benefit
of k-Space data is even more pronounced when not using the ADC
map®, where the model trained with additional k-Space data achieves
an AUROC of 85.3% and an AUPRC of 62.2%. The model trained
with only the image domain data achieves an AUROC of 83.5% and
an AUPRC of 59.5%.

This first experiment already shows that the additional k-Space
information can be beneficial for classification tasks such as prostate
tumor classification. The results also suggest that the benefit becomes
more pronounced with increasing undersampling factors. Thus, we
conducted the next experiment to investigate the impact of the un-

dersampling factor on the classification task.

Experiment 2: Classification at high undersampling rates

High undersampling rates of R = 8, R = 16 or even higher allow for
faster acquisitions, lowering the stress and enabling a higher through-
put of patients. Very high undersampling rates in combination with
faster downstream pipelines can enable clinicians to perform real-time
pre-diagnoses, with follow-up scans only if necessary. To investigate
the impact of additional k-Space data at high undersampling rates we
remove k-Space lines retrospectively, depending on the simulated ac-

celeration factor. For this the undersampling augmentation described
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TABLE 4.1: Results on the effect of additional k-Space information on the classification results
of prostate cancer. The AUROC and AUPRC are compared for no undersampling and an
undersampling factor of two. Different combinations of data are compared: ADC map, Tracesy
and Trace;gg; Tracesqy and Trace;ggo; bsg-

Method & Undersampling AUROC (%) T AUPRC (%) 7
Image Domain (ADC, Traces, & Trace;yoo)

x0 85.7+1.6 64.6+2.3

X2 85.1+1.9 63.4+2.2
Image Domain & k-Space

x0 84.0+1.9 63.5+2.2

X2 86.1+1.8 64.3+2.3

Image Domain (Traces, & Trace;o)

x0 83.5£1.6 59.5£1.5

x2 81.6+1.9 59.5+1.7
Image Domain & k-Space

x0 85.3£1.5 62.2+2.0

x2 83.9+1.8 60.1+1.7

k-Space (bsg)

x0 82.8+1.8 60.5£1.9

x2 81.5+2.0 58.8+1.5
Image Domain & k-Space

x0 83.4+1.7 63.4£2.3

x2 84.0+1.7 62.3+2.2

before is used at an acceleration factor between 2 and 8. Compared
are the results of the PCA pipeline with the GRAPPA pipeline. Both
approaches are compared with and without additional k-Space infor-

mation and phase data:
* PCA / GRAPPA pipeline with magnitude data in image domain

* PCA / GRAPPA pipeline with magnitude and phase data in

image domain

* PCA / GRAPPA pipeline with magnitude and additional k-Space
data

The results are shown in Fig. 4.6. Both pipelines benefit from
additional k-Space information, especially when applying higher un-
dersampling rates. At undersampling rates of R > 8, the classification
results of PCA pipeline with only the magnitude data starts to decrease
significantly, while the additional k-Space data is able to stabilize the
classification results. At an undersampling factor of R = 24 the PCA
pipeline with magnitude data achieves an AUROC of 67.2% % 3.1%,

while the same pipeline with additional k-Space information achieves
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FIGURE 4.6: PCA (left) and GRAPPA (right) results (top: AUROC; bottom: AUPRC) for the
PCA test dataset. Compared are the inputs magnitude in image domain (i) only, magnitude
and phase in image domain, as well as magnitude in image domain real and imaginary part in
k-Space (k). The AUPRC baseline is 0.051. The model has been trained with the undersampling
augmentation of a factor up to x8. Adapted from [82].

an AUROC of 73.3% £ 2.7%. With a baseline AUROC of 50%, which
would indicate a random guess, the PCA pipeline with magnitude
data falls under said baseline at a undersampling factor of R = 40,
while the PCA pipeline with additional k-Space information achieves
an AUROC of 65.9% = 3.2%. The model trained with additional phase
data, but no k-Space data outperforms the magnitude-only model, but
does not reach the performance of the model trained with additional
k-Space data. The same results can be seen for the GRAPPA pipeline,
even though the difference between the models trained with different
data types is not as pronounced as in the PCA pipeline.

The proposed pipeline is computationally less expensive that the
GRAPPA pipeline. On a CPU, the combined acquisition and reconstruc-
tion time of the GRAPPA pipeline is roughly 36 minutes, while the
proposed PCA pipeline takes only 27.9 minutes. At a undersampling
rate of R = 16, the GRAPPA pipeline takes 12 minutes, while the PCA
pipeline takes only 3.9 minutes, a reduction of 32.1 minutes in com-
parison to the fully sampled GRAPPA pipeline. A detailed overview
of the time consumption of the different pipelines per volume can be
seen in Tab.B.2.

The lower AUROC and AUPRC in comparison to the first experi-



4.4

DISCUSSION & CONCLUSION 51

TABLE 4.2: Results on the effect of additional k-Space information on the classification results
of prostate cancer. The AUROC and AUPRC are compared for different undersampling factors
and for both the GRAPPA and PCA pipeline. Different combinations of data are compared:
Magnitude (i) only, Magnitude (i) and Phase (i), Magnitude (i) and Real & Imaginary (k). (i):
Image domain; (k): k-Space. Adapted from [82].

GRAPPA PCA
AUROC (%) T AUPRC (%) 7 AUROC (%) T AUPRC (%) 1

x2 Undersampling

Magnitude (i)

+ Phase (i)

+ Real & Imaginary (k)
Simulated x4 Undersampling

Magnitude (i)

+ Phase (i)

+ Real & Imaginary (k)
Simulated x8 Undersampling

Magnitude (i)

+ Phase (i)

+ Real & Imaginary (k)
Simulated x16 Undersampling

Magnitude (i)

+ Phase (i)

+ Real & Imaginary (k)
Simulated x24 Undersampling

Magnitude (i)

+ Phase (i)

+ Real & Imaginary (k)
Simulated x32 Undersampling

Magnitude (i)

+ Phase (i)

+ Real & Imaginary (k)
Simulated x48 Undersampling

Magnitude (i)

+ Phase (i)

+ Real & Imaginary (k)
Simulated x64 Undersampling

Magnitude (i)

+ Phase (i)

+ Real & Imaginary (k)

80.7£1.9 57.0£1.1 81.3+2.2 59.3+1.8
80.7£1.8 57.2+1.2 80.9+2.1 57.7£1.4
78.3+2.1 56.9%+1.5 81.1+1.9 57.7£1.4
79.9+2.1 58.6+1.2 80.0+2.3 59.4+1.9
79.3£2.1 56.7+1.1 79.6+£2.1 57.7+1.4
81.1+1.7 57.4£1.3 79.4+2.3 57.3x1.4
79.7£2.2 59.6+1.9 78.6+2.6 58.5+1.8
78.0+2.1 57.1+1.4 75.6£2.7 56.0+1.5
79.8+2.0 58.7£1.9 77.9£2.5 57.5x1.4
74.9+£2.4 52.2+1.1 67.2£3.1 54.6+£1.4
72.9+2.3 54.8+1.1 70.4£2.7 56.8+1.7
75.0+2.7 55.8+1.1 73.3+2.7 56.6+1.6
71.4+£2.4 54.8+1.2 61.9£3.1 52.8+1.1
67.5+2.6 54.2+1.1 66.7£2.8 54.2+1.1
73.5£2.6 55.8+1.2 71.4%+2.9 56.6+1.8
67.7£3.0 53.8£1.0 53.4+£3.6 51.2+1.0
69.5+2.8 53.8+0.9 59.8+£3.3 52.8+1.2
73.6+2.7 54.5+1.0 65.9+.3.2 53.5%1.1
66.4+3.0 54.3£1.0 46.7+3.4 49.9+0.8
62.1£3.0 53.2+1.3 56.9+3.4 52.3+£1.2
70.1+2.8 53.9+0.9 65.2+3.1 55.2+1.6
61.8+£2.7 52.1+0.6 42.0+£3.0 49.2+0.5
59.0£3.2 52.0+£0.9 56.6+3.3 51.6+0.8
70.0+2.7 53.9+0.8 54.2+3.3 52.1+1.4

ment can be explained by the fact that the model is trained with the

undersampling augmentation, which leads to better results at higher

undersampling factors, but the results are worse at lower undersam-

pling factors.

DISCUSSION & CONCLUSION

In this chapter, we investigated the impact of additional phase or

k-Space information on classification results such as the likelihood

estimation of prostate cancer. Additionally, we proposed a new pre-

processing pipeline which is based on a simple PCA and is less com-

putationally expensive and faster than the standard pipeline based
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on GRAPPA. Due to the lack of pretrained complex-valued neural net-
works, we used the split-approach and used two pretrained ConvNeXt
networks, one for the image domain data and one for the k-Space
data. The results show that the additional k-Space information is
beneficial for classification tasks such as prostate tumor classification.
The results also suggest that the benefit becomes more pronounced
with increasing undersampling factors. The PCA based pipeline in
combination with higher undersampling rates can reduce the acquisi-
tion time significantly, while still achieving meaningful classification
results. This can enable real-time pre-diagnoses of prostate cancer,
with follow-up scans applied only if necessary. This is a promising step
towards faster and more efficient MRI acquisitions, which might lead
to a higher throughput of patients and a better patient experience.
Again, we have to emphasize that the k-Space data utilized in this
work is always acquired and does not need to lead to longer acquisi-
tion times. We simply use the data which is already available, instead

of discarding it after image reconstruction, as commonly done.

In this project we did have certain limitations. The undersam-
pling applied retrospectively is not the same as the undersampling
applied during acquisition. The retrospective undersampling can lead
to different artifacts in the data, which can have an impact on the
classification results. By measuring less k-Space lines, the signal-
to-noise ratio (SNR) is reduced [100], which is not reflected in the
retrospective undersampling. Motion artifacts can also be reduced
by the shorter acquisition times [101]. In case of DWI acquisitions,
higher undersampling rates during EPI can lead to less T2* wighting
and thus a change in image contrast [102]. Implementing these phys-
ical changes to the augmentation is a promising step to improve the

generalization of the model.

In addition, the GRAPPA reconstruction would be applied after
the undersampling. While this could lead to better results at low
undersampling factors, as steeper performance drop-off at higher
undersampling rates with the GRAPPA method is to be expected, due

to said artifacts and higher noise amplification.

We stated that the first PCA component is used for the classifica-
tion task, as the other components do not improve the classification
performance. However, this does not mean that the other components
are not useful for other tasks or acquisitions. The applicability of the

PCA pipeline needs to be validated for other datasets and tasks.

Another factor which likely has an impact on the classification



results is the lack of cropping in the presented pipeline. Usually, the
data is cropped to a fixed size such that only the prostate is visible.
This is not the case in the presented pipeline, as the data is not cropped
and the whole image is used for the classification task. Manipulating
k-Space data, such as by cropping, requires careful consideration. For
instance, removing high-frequency components (cropping the periph-
ery of k-Space) primarily reduces spatial resolution, leading to image
blurring. This is distinct from changing k-Space sampling density,
which affects the Field of View. Techniques of k-Space cropping have
to be investigated in future works.

With this work we again showed the possible benefits of using
all the available data gathered in an MRI acquisition. After already
showing the feasibility of performing segmentation tasks and reach-
ing state-of-the-art performance in chapter 3, we now showed that
additional k-Space data can excel the results of SOTA algorithms for
tasks such as prostate likelihood estimation. With the proposed ap-
proach the acquisition time can be reduced by up to 90% while still
achieving meaningful results, enabling clinicians to perform real-time

pre-diagnoses of prostate cancer.

KEY CONTRIBUTIONS

* Validation of k-Space Processing for Diagnostic Classifica-
tion: Successfully applied k-Space-based deep learning to a
clinical classification task (prostate cancer likelihood estima-
tion), demonstrating that the benefits observed in segmentation

extend to diagnostic prediction and improve accuracy.

* Novel, Computationally Efficient Preprocessing Pipeline: in-
troduced a new pipeline using Principal Component Analysis
(PCA) for direct k-Space coil combination. This approach by-
passes the need for full, time-consuming image reconstruction,
offering a significantly faster and more direct path from raw

data to clinical insight.

* Enhanced Performance in Accelerated Imaging Scenarios:
Quantified the advantage of including k-Space features in un-
dersampled acquisitions, showing that the proposed method
maintains higher accuracy and robustness at acceleration factors

where traditional image-domain models begin to fail.
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PhaseGen: Generative Al meets

k-Space

Question 4. Can we generate synthetic MRI raw data to train our

models?

In the previous chapter we used a split-approach including two pre-
trained ConvNeXt networks. The pretraining is performed on im-
age domain data, which is not comparable to the complex-valued
k-Space data. The question arises if a complex-valued neural network
pretrained on complex-valued raw MRI data could outperform the
split-approach. Could we also improve the performance of CVNNs
used for segmentation or reconstruction tasks? While intriguing, this
line of thought immediately confronts a major challenge: the scarcity
of large-scale, publicly available raw MRI datasets required for such
pretraining. We will now investigate a novel generative Al model
to tackle exactly this challenge. We introduce PhaseGen, a diffusion-
based complex-valued generative model, which is able to generate
complex-valued MRI data, enabling pretraining of complex-valued

neural networks.

Most of the results in the following chapter have been published in
our paper "PhaseGen: A Diffusion-Based Approach for Complex-Valued
MRI Data Generation" [103]. A detailed transparency statement can
be found in Appendix A.3. The source code of this project is publicly

available on GitHub'.

Thttps://github.com/TIO0-
IKIM/PhaseGen
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FIGURE 5.1: Overview of the proposed approach. Publicly available magnitude image-domain
data can be used to generate a large amount of synthetic raw MRI data by using the proposed
generative Al model PhaseGen. The generated data can then be used to pretrain neural
networks for downstream tasks. The pretrained model can be fine-tuned on the limited amount
of available real-world MRI raw data. Figure published as is in [103].

5.1 INTRODUCTION

The disparity in publicly available MRI data is stark: for every subject

with raw MRI data, there are approximately 168 subjects for whom

2In total there are roughly 1,68 million only magnitude image-domain data is available? [89, 104, 105, 106,
magnitude image-domain subjects [104] . . . .
and 10000 raw MRI subjects publicly avail- 107]. This staggering difference is probably one reason for the lack
able.

of research in the field of MRI raw data and complex-valued neural
networks in this field. This lack of available data also prevents ex-
isting models from fully reaching their potential due to the lack of
pretraining. There are two possible solutions for this problem: (1)
Gathering more data in the form of raw MRI data in the clinics or (2)
generating synthetic MRI raw data, which resembles real MRI data
as closely as possible. While (1) would be the ideal solution, it is
expensive, time consuming and not likely to be achieved in the near
future. Therefore, we propose to generate synthetic MRI raw data
using generative Al. The vast amount of data which can be generated
can be used for pretraining complex-valued neural networks. The
limited amount of available real-world MRI raw data can then be
used to fine-tune the pretrained model. This approach allows us to
utilize the data available as efficient as possible. An overview of the

suggested approach is shown in Fig. 5.1.

The presented complex-valued diffusion model does not only
present a novelty in the field of k-Space research by enabling the
generation of artificial raw MRI data. It is also the first complex-
valued diffusion-based model and thus presents an important step
towards the application of generative Al in the field of complex-valued
data.
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5.2 METHODS

5.2.1 Generative Al

“The term generative Al refers to computational techniques that are
capable of generating seemingly new, meaningful content such as text,
images, or audio from training data.” [108]

Generating new data is not only a fascinating task, but can also
be used to improve existing techniques. Data augmentation is a well-
known technique to artificially increase the amount of training data by
applying transformations to existing data. Approaches such as shifting,
rotating or flipping images are widely used in the field of computer
vision and can have a great impact on the model performance [109].
It has to be noted that these transformations only alter the existing
data, while preserving the underlying information. With the help
of generative models new data can be created, which is not only a
transformation of existing data. The application of generative Al as a
tool for data augmentation showed promising results in recent works,

surpassing classical augmentation techniques [110, 111, 112].

In recent years, denoising diffusion probabilistic models (DDPMs)? 3There are deviations from the original

. L . L. . DDPM method, such as latent diffusion mod-

[114] have gained significant attention due to their impressive perfor- els (LDM), which generate new data in the
. . . L. . . latent space which is then decoded [113].

mance in generating high-quality images. Diffusion-based models are In this work, when we talk about “diffusion

. ' . . . dels", DDPM :
the latest stage in the field of generative Al. Their most prominent mocess s are meant

predecessors are Variational Autoencoders (VAE) [115], which are
based on the idea of encoding data into a lower-dimensional latent
space and then decoding it back to the original space. By introducing
a probability distribution in the latent space, VAEs are able to generate
new samples by sampling from this distribution. However, VAEs often
struggle with generating high-quality images due to the limitations
of the latent space representation. Generative Adversarial Networks
(GANSs) [116] were introduced to overcome these limitations by using
a two-player game between a generator and a discriminator. The
generator tries to create realistic samples while the discriminator tries
to distinguish between real and generated samples. While GANs can
produce high-quality images, they are often difficult to train and can
suffer from mode collapse [117].

Diffusion models, on the other hand, are based on a different
approach. During training, they learn to reverse a diffusion process
that gradually adds noise to the data. Diffusion models have been
proven to generate higher quality samples compared to GANs and

VAEs, closer resembling real samples and thus leading to better results
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“4Here is a fine but important difference
to the other approaches. The model is not
learning to predict the original image, but
the noise which was added to the image.

SOther types of noise can be applied, but
Gaussian noise proved to be more stable dur-
ing training [120].

when used for training models on downstream tasks [118, 119].

5.2.2 (Complex-valued) Diffusion Models

The objective of a diffusion-based model is to predict the added noise
at each step?. We will first explain the general approach of diffusion
models and then extend the definition to complex-valued diffusion
models. The forward diffusion process is defined as a Markov chain,

> noise to the data. The noising step of

which gradually adds Gaussian
a data point x, at a time step t during the diffusion process with the
noise ¢ sampled from a Gaussian distribution (0, 1) can be defined

as
q(xelx,—1) = N(Xr§ V1=B¢ X1, BeI), 5.1)

where f3; is a hyperparameter controlling the amount of noise added
at each step and [ is the identity matrix. The scheduler f3; ranges
between 0 and 1, depending on the applied scheduler and the current
time step. The forward process can be defined as a sequence of T
steps, where the initial data point x, is gradually transformed into a
noise distribution x;. The model is now trained by performing the
reverse diffusion process, which aims to predict the added noise at each

step. The reverse process is defined as

p@(xt—llxt) = N(xt—l;ou’e(xt: t):EQ(xtJ t));
with u=+/1-0; x4

0 defines the parametrization of the model, while uy and %4 are the

(5.2)

mean and covariance of the predicted noise. The model is trained to
minimize the difference between the predicted noise and the actual
noise added during the forward process. In the original work, this loss
function is chosen to be the KullbackLeibler (KL) divergence [121],
which is a measure of how one probability distribution diverges from
a second expected probability distribution. Due to better implementa-
tions of the loss functions, by now it is more common to use other loss
functions like the mean-squared error (MSE). To sample new data
during the inference, the model starts with a random noise sample
x7 and iteratively applies the reverse diffusion process, depending
on the learned parametrization. This random noise sample can be
accompanied by a conditioning variable to control the generated data.
The conditioning variable can be a text prompt, an image or any other
type of data. The model is trained to learn the joint distribution of
the data and the conditioning variable, allowing it to generate new

samples that are consistent with the conditioning variable.
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FIGURE 5.2: Forward and backward diffusion process. The forward diffusion process is defined
as a Markov chain, which gradually adds complex valued noise to the data. The backward
diffusion process aims to predict the added noise at each step. The proposed complex-valued
diffusion process aims to mainly superimpose noise onto the phase. Figure published as is in
[103].

The described approach is well defined for real-valued data. How-
ever, there have been no works to translate this idea to complex-valued
data. The main challenge is the definition of the noise distribution
and the reverse process. In the following, we will show how to ex-
tend the diffusion model to complex-valued data. Our approach
is tailored for the usecase of generating complex-valued MRI data
based on a conditioning variable in form of magnitude image-domain
data. We want our model to focus on the generation of the phase
and its complex-valued connection to the magnitude in the image
domain. The magnitude should be preserved. Thus the noise needs
to be adapted such that it mainly influences the phase of the complex-
valued input data z,. The proposed complex-valued noise distribution
N, is defined as

N,=1-¢ e-~U(—m,n) ,

with I/ being the uniform distribution in the range of (—m, ] to
ensure that the noise is periodic.

We formulate the forward diffusion process as

Zy = (lzt—ll\/a_t+ lelv1—a,) exp(Lz,_; +Zey/1—a,) , (5.3)

with a;, := 1—f;. |.| and £ denote the magnitude and phase re-
spectively. In Eq. 5.3 we can see, that the noised magnitude and
phase are calculated with the same scheduler and combined via the
complex exponential function. This approach does not fully preserve
the magnitude, but allows us to minimize the effect on the magnitude
while focusing the diffusion steps on the phase information. The
resulting forward and backward diffusion process is show in Fig. 5.2

and presented as algorithmic form in Alg. 5.1.

METHODS
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Algorithm 1 Training
1 repeat
2 25+ q(z)
t v~ Uniform({1,...,T})
e~ N,

3
4
5 Take gradient descent step on
6
7

Volle —eq(Vaz, + v/1—a.e, t)|?
until convergence

Algorithm 2 Sampling

120~ N,

2 fort=T,...,1do

3 N N(0,I),ift>0,elsen=0

4 Zp 1= 1/% (Zt_ %ee(xp t)) +om
5 end for

6 return z,

ALGORITHM 5.1: Algorithms for training and sampling in the complex-valued diffusion model.
Adapted from [114] and published as is in [103].

As a loss function we use the mean absolute error (L1 loss) be-
tween the predicted noise €4 and the actual noise € added during
the forward diffusion process. The model architecture we use for our
complex-valued diffusion model is an adapted version of the k-Strip
algorithm presented in chapter 3. The model is extended with a po-
sitional encoding to encode the timestep t. This is done by adding
a sinusoidal encoding. In our model we use two sinusoidal encod-
ings, one for the real and one for the imaginary part, which are then
concatenated into a two-channel tensor.

Let:

e t € RBX! be a tensor of timesteps (broadcasted),

e (C be the total number of channels (even),

— 1 s C
* W= —— fOI'l—O,].,...,E—].,

10000C

. C
* inv_freq = [wq, w1, .-, w%_l] e R2.
Then the positional encoding is given by:
pos_enc, =sin(t - inv_freq)

pos_enc, = cos(t -inv_freq)

pos_enc = [pos_enca | pos_encb]
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5.3.1

where || denotes concatenation along the channel dimension.

The inference is then performed by sampling a random complex-
valued noise sample z;. An image-domain magnitude image is used
as a conditioning variable ¢ in a second channel. The model is then
applied to the complex-valued noise sample and the conditioning
variable. The model predicts the noise €4 at each step, which is then
used to iteratively apply the reverse diffusion process. In each step c
is added into the magnitude of the complex-valued tensor to further
guide the diffusion and preserve the image domain information. The
final output is a complex-valued tensor z, with the initial magnitude

¢ and a phase generated by the diffusion model.

EXPERIMENTS & RESULTS

Evaluation Metrics

To validate generative machine learning algorithms, suitable evalua-
tion metrics have to be defined. There have been several works which
proposed metrics to evaluate the performance of generative models.
The most common metrics to evaluate the perceptual quality are the
Fréchet Inception Distance (FID) [122, 123] and the Inception Score
(IS) [124]. Both of these metrics evaluate the quality of the generated
images by analyzing the distribution of the generated images. The FID
compares the distribution of the generated images to the distribution
of the real images, while the IS only evaluates the distribution of the
generated images. Both of these metrics are defined for real-valued
images, as they utilize a pretrained Inception network [125] to extract
features from the images. Common implementations of the FID and
IS metrics are not able to handle complex-valued data. Therefore,
we use a different approach which is commonly used to evaluate the
generated data of diffusion models: The evaluation on downstream
tasks such as classifications [126, 127].

In our case, we will evaluate the generated data on the task of
image reconstruction and brain segmentation. For the task of brain
segmentation we revisit the work presented in chapter 3 and use the
same model architecture. For the task of image reconstruction we use
a publicly available dataset which is commonly used for the training
of MRI reconstruction algorithms. For both tasks we compare the
performance of the model trained with three different sets of training
data:

EXPERIMENTS & RESULTS
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* No Phase: The model is trained on complex-valued data with-

out any phase information.

* Naive Phase: The model is trained on complex-valued data
with phase data generated via a naive approach based on a

sinusoidal function.

* PhaseGen: The model is trained on complex-valued data with

phase data generated via the proposed generative model PhaseGen.

* In case of the reconstruction task we also train with the available

real-phase data.

The No Phase data can be defined as
z=|x|-e0=|x| ,

where x is the magnitude image-domain data. To simulate the Naive
Phase data, we define a function which superimposes sinusoidal func-
tions along both axis of the image, based on the magnitude data. To
simulate the phase more closely to real MRI raw data, small fluctua-
tions o of noise are added to the sinusoidal function. We define this

novel approach as

¢(x,y)=[sin(z%)+cos(2ﬂ7y)]~M(x,y)+n(x,y) , (5.9

with x and y being the pixel coordinates, N being the size of the
image, M being the magnitude image-domain data and 1 being a
Gaussian noise with o = 0.05.

For the evaluation of the skullstripping task we will use the already
introduced metrics DSC and HD. For the task of MRI reconstruction,
we will use the Peak Signal-to-Noise Ratio (PSNR) and the Structural
Similarity Index (SSIM) [128]. The PSNR is defined as
MAXZ)

(5.5)

PSNR=10- 10g10 (M—SE

with MAX being the maximum possible pixel value of the image and
MSE being the mean squared error between the ground truth and
the generated image. The PSNR is a common metric to evaluate the
quality of reconstructed images by giving a measure of the difference
between the maximum power of a signal and the power of noise in
the signal.
The SSIM is defined as
(2pepry +¢1)(20,y +¢3)

SSIM(x,y) =
CoN = a2 T+ o 1

, (5.6)



5.3.2

with x and y being the two images, u, and u, being the mean of
the two images, (7)2( and o?v being the variance of the two images and
0y being the covariance of the two images. The constants ¢; and
¢, are used for numerical stability [129]. The SSIM takes on values
between -1 and 1, with 1 indicating a perfect match between the two
images. The SSIM is a perceptual metric which takes into account the
luminance, contrast and structure of the images.

Additionally we use the Mean Squared Error (MSE) and the Nor-
malized Root Mean Squared Error (NRMSE) as additional metrics. The
MSE is defined as

N
1
MSE = D —y)? (5.7)
i=1

with N being the number of pixels in the image and x; and y; being
the pixel values of the two images. The NRMSE is defined as

\/]l\l Z]ivz1(xi _yi)z

max(x) —min(x)

NRMSE = , (5.8)

with max(x) and min(x) being the maximum and minimum pixel
value of the image. The NRMSE is a normalized version of the MSE,
which takes into account the range of the pixel values.

For both downstream-tasks, the data is transformed into the k-
Space. If the proposed generative model manages to generate realistic
MRI raw data, the models trained with the generated data should
be able to outperform the models trained with the naive phase data
and no phase data. We do not expect the generated data to excel the
results on real data, as this would indicate flaws in the experimental
setup.

In the following, we will go into more detail about the two down-
stream tasks, the training procedure and the used datasets. Addition-
ally, we present our in-house MRI raw dataset utilized for training
PhaseGen.

Datasets
In-House MRI Raw Data

To be able to generate a wide variety of MRI raw data, we want
to use a heterogeneous dataset, including different MRI sequences
and anatomies. In the course of this work, we collected a dataset of
roughly 1500 MRI raw data subjects in the University Hospital Essen
[24-11872-BO]. The dataset includes different MRI sequences such

EXPERIMENTS & RESULTS

63



64 PHASEGEN: GENERATIVE Al MEETS K-SPACE

as T, T, and FLAIR. A detailed list of the included sequences can be
found in Appendix Tab. B.4. It also includes different anatomies such
as brain, abdomen and knee. All subjects were acquired ona 1.5T
or 3T MRI scanner (Siemens Magnetom Aera or Siemens Magnetom
Skyra). The data was acquired in a clinical setting and thus includes
a wide variety of subjects, including pathological data. The initial raw
data is saved in the Twix format and stored on the MRI devices for two
weeks before being deleted. During that time period we manually
export each scan to our in-house storage. Before further processing all
data is anonymized by removing all patient-related metadata using an
anonymization tool developed during this thesis. This anonymization
tool will be presented in chapter 6.

With the help of a reconstruction pipeline based on GRAPPA and
the Python tool Twixtools [130], the Twix raw data is converted into
a three-dimensional tensor with the shape [N, H, W], with N being
the number of slices, H and W being the height and width of the
image. The resulting data is split into individual slices and stored as
2D PyTorch tensor files.

For training of the PhaseGen diffusion model, we utilize 12071 2D
raw data slices from 390 subjects, including different anatomies and
resolutions. We do not utilize the whole dataset, as not all sequences
can be reconstructed with our pipeline at the time of the experiments.
Each slice is transformed into the image-domain and reshaped into
the shape of 256 x 256 pixels. The dataset is split into a training and

validation set with a ratio of 80:20.

Skullstripping Dataset

For the task of skullstripping, which is our first validation experiment,
we use the in-house GBM dataset already used in chapter 3. The
dataset includes 21 822 2D slices from 150 subjects. The magnitude
image-domain brain MRI data was acquired on 1.5T and 3T MRI
scanners and partially includes pathologies. The corresponding phase
data for input and ground truth is generated with the methods listed
above and transformed into the k-Space. The trained models are
evaluated on 14 real-world MRI raw data volumes scanned on the
same machines as the In-House raw dataset. We generate the corre-
sponding ground truth by applying the two skullstripping algorithms
HD-BET and Synthstrip, as well as our de-identification tool which
will be presented in chapter 6. The generated segmentation masks of

the three algorithms are then combined into a single mask using the
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STAPLE algorithm. The data is initially stored as NIfTI and converted
into 2D PyTorch tensors.

By testing on real-phase data, we can test the ability of generalizing
to real-world data without including them in the training data. If
the model is able to generalize to real-world data, it indicates that
the generated data is realistic and can be used for pretraining of

complex-valued neural networks.

Reconstruction Dataset

For the reconstruction downstream-task we utilize the FastMRI single
coil knee dataset [105]. The dataset includes 41 877 2D slices scanned
on 1.5T (Siemens Magnetom Skyra, Prisma and Biograph mMR) and
3T (Siemens Magnetom Aera) MRI devices. The data was acquired
with a 15 channel knee coil array and a 2D TSE acquisition with
Cartesian sampling. All scans were acquired at the NYU School of
Medicine during clinical routine. The initial data is store in ISMRMRD
h5 format [131] with a in-plane resolution of 0.5mm x 0.5mm and
a FOV of 320x320 pixels. To simulate single-coil data based on
the multi-coil data, the authors of the FastMRI dataset employ “an
emulated single-coil (ESC) methodology [132]"°. The ground truth of
this data is the fully sampled k-Space data, which is then reconstructed
using the root-sum-of-squares method on the multi-coil data [133].

We load the data using the h5py python library and convert the
data into 2D PyTorch tensors [30].

The authors propose a custom dataset split with a training-set
size of 34 742 slices (973 volumes), a validation-set size of 7135 slices
(199 volumes) and a test-set size of 3903 slices (108 volumes). We
use the same split for our experiments. The data is already in the
k-Space and includes real-phase data. To compare the performance
of the models trained with generated data, we transform the k-Space
data into the image domain and remove the phase information. The
phase is then genrated by applying the different methods described

above. The generated data is then transformed back into the k-Space.

PhaseGen Training & Inference

We train PhaseGen with 1000 timesteps and an e-value of 0.008 in
the diffusion process. The model has 30.4 million parameters, which
leads to an inference time of roughly 10 s per slice of the shape of
256 x 256 pixels. The model is trained with the Adam optimizer with

a initial learning rate of 1 x 10~*which is reduced exponentially at a
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combination of the responses from multiple
coils, with the linear combination fitted to
the ground-truth root-sum-of-squares recon-
struction in the least-squares sense." [105]
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F1G. 5.3: Exemplary inference outputs of the proposed generative model PhaseGen. The first
row shows exemplary data from the University Hospital Essen (UK Essen) dataset, the second
row from the UK Essen Magnitude dataset which we use for the skullstripping task and the last
row shows exemplary results from the FastMRI Knee dataset. For each example the original
phase and the generated phase of the data is shown, as well as its unwrapped form. Figure
published as is in [103].

gamma factor of 0.995 The beta and epsilon coefficient of Adam are
0.99 and 1 x 108 respectively. We train the model for 200 epochs with
a batch size of 128. The model is trained on a single NVIDIA A100
GPU with 80GB of graphics memory. The training time is roughly 10
hours.

Exemplary inference outputs of PhaseGen can be seen in Fig. 5.3.
The examples are from the University Hospital Essen (UK Essen) raw
dataset, the UK Essen Magnitude dataset used for skullstripping and
the FastMRI Knee dataset.

Shown are the original magnitude, the original phase (in case
of the UK Essen Magnitude data there is no phase available), the
generated phase as well as the unwrapping of the phase.

Examplary results of the naive phase generation method can be
found in Appendix B.2.

Phase maps often show so-called fringelines and cutlines, which
are visible as phase jumps in the unwrapped phase [134, 135]. These
artifacts are caused due to the border at —m and +m or by phase
rotations of more than 7 at two neighbouring pixels. These wrapped
phase maps can make the interpretation of the phase difficult. In our
case, these artifacts can lead to the perception of larger differences
between the real and generated phase maps than there actually are.
The removal of these artifacts is called phase-unwrapping. There
are several different approaches to this problem [134, 136, 137],

which we will not further discuss in this work. We decided to use the
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Laplacian-based Phase Unwrapping in Python tool [138], which can
be integrated seamlessly into our workflow. To use the unwrapping
tool, we first need to convert the complex-valued pytorch tensors into
complex-valued NIfTI files.

While the generated data does show some differences to the real
phase maps, especially in regions of low brightness, the overall struc-
ture and the nature of phase maps, such as phase jumps, are preserved.
It has to be noted, that the generation of phase maps is a ill defined
problem, due to the lack of information available to the generative
model, such as coil sensitivites and introduced (thermal) noise [139].
Most importantly, the generated phase is consistent with the magni-
tude.

Downstream Task 1: Skullstripping

In the first evaluation experiment we revisit the work presented in
chapter 3. Skullstripping is the task of removing non-brain tissue from
brain MRI data. In later experiments with the trained k-Strip archi-
tecture, we realized that the model trained only on magnitude data’
is not able to generalize on real-phase data. While the initial k-Strip
project was able to show the feasibility of performing segmentation
tasks in the k-Space, this lack of generalization prevents a adoption in
clinical routine. The goal of this experiment is to show that by training
the model with generated raw MRI data from our proposed method,
k-Strip is able to perform the segmentation task on real-phase data.
This experiment is also testing k-Strips ability to perform zero-shot
segmentation®, as the real-phase data is not present in the training or
validation dataset.

For each of the phase-generation® methods we conducted an ex-
tensive grid-search with the help of the Weights & Biases tool [140].
The grid-search included the following hyperparameters: Activation
function, Dropout, Batch size, Learning rate, Optimizer, Number of
Residual Blocks per Layer.

An overview of the grid search can be found in the appendix.
The best performing model for each phase-generation method is then
trained until the validation loss converges and does not decrease for

30 consecutive epochs.
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’The data was transformed into the k-
Space without an actual phase in the image
domain.

8Zero-shot segmentation or classification
refers to the ability of a model to perform a
task on data from a distribution it has not
seen during training. In this context, the
model is evaluated on real-phase data after
being trained only on synthetic-phase data.

9No-phase, Naive phase, PhaseGen
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In the case of the model trained with the generated data by

PhaseGen, we use the following hyperparameters:
* Activation function: PReLU
* Dropout: 0.2
* Batch size: 128
* Learning rate: le-4
* Optimizer: Adam
e Number of Residual Blocks per layer: 2

As a loss function we use the LI-loss, same as in the original k-Strip
work. The model is trained on a single NVIDIA A100 GPU with 80GB
of graphics memory.

The results can be seen in Fig. 5.4 as well as in Tab. 5.1. All results
are reported as mean and standard deviation over the 14 real-phase
data test subjects. The mean and standard deviation are calculated
for each slice. For the evaluation we use DSC and HD as metrics.

The k-Strip model trained with the generated data by PhaseGen
outperforms both of the other phase-generation methods. With a DSC
of 80.1% and a HD of 1.534 pixels the model is able to generalize
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FIG. 5.4: Results on the skullstripping evaluation task test dataset consisting of 14 real-phase
MRI subjects. Compared are the three training data generation methods: No Phase, Naive
Phase, PhaseGen. Top: Dice Similarity Score, Bottom: Hausdorff Distance. Figure published as
isin [103].
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TaBLE 5.1: Results of the skullstripping task. Compared are the three training data generation
methods.

Training Data DSC (%) T HD (pixel) |
No Phase 40.1 £17.2 1.577 £1.799
Naive 41.1 £13.5 1.634 +£1.946

Diffusion (Proposed) 80.1+3.2 1.534 £1.923

on real-phase data. The model trained with the naive phase data
shows a DSC of 41.1 % and a HD of 1.634 pixels. The model trained
with no phase data shows a DSC of 40.1 % and a HD of 1.577 pixels.
The no-phase and naive-phase model do not produce meaningful
segmentation leading to these low DSC values.

Further finetuning with real-phase data could lead to even better
results, but was not performed in this downstream-task due to the
lack of available real-phase data. Nevertheless, this first evaluation
task proves the feasibility of the proposed generative model PhaseGen.
The generated data is able to improve the performance of the k-Strip
model on real-phase data, while the other generative approaches do

not lead to meaningful results.

Downstream Task 2: MRI Reconstruction

In the second evaluation experiment we evaluate the performance of
a deep neural network trained with the different phase generated data
on the task of MRI reconstruction. The task of MRI reconstruction is
to fill missing k-Space lines which have not been acquired to speed
up the acquisition times. This experiment allows us to evaluate again
the performance of the generative model in generating realistic MRI
raw data. Additionally we can now test the combination of real-
phase data and generated phase data. We argue that the approach of
combining available real-phase MRI raw data with bigger amount of
generated MRI raw data will have a significant impact on the research
community by allowing the training of deep neural networks on tasks
which by now do not have enough available real-phase MRI data.
Algorithms such as GRAPPA have already been introduced in an
earlier chapter. In recent years more MRI reconstruction approaches
utilizing deep neural networks have been proposed [141, 142]. We
use a complex-valued residual UNet structure similar to the k-Strip
architecture to perform the reconstruction task. We extended k-Strip
with data-consistency layers due to issues with lack of consistency

in the final output. In preliminary experiments without these data-
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consistency layers we observed that the model lost or altered the
information of existing k-Space lines. By preserving these existing in-
formation, the model can learn more efficiently and we can guarantee
that no already existing information is lost in the data [143, 144].
Our implementation of data-consistency can be formulated as
following:
Let:

* Xpredq: Predicted k-Space data
* Xx;,: Measured k-Space data
 M: Binary sampling mask, M € {0, 1}}V*N

* ¢: Small constant for numerical stability

Then the data consistency is applied as in Alg. 3.

Algorithm 3 Data Consistency Layer

Precondition: x4 (predicted k-Space), x;, (measured k-Space)
> Get sampling mask
M « 1|xin|>0
> Keep only sampled k-Space values
Xip < M - Xy,
> Keep only predicted values for unsampled locations
Xpred < (1 _M) * Xpred

IE[|xpred|] te

Ellxiy|1+ €

> Normalize measured values

X;, < scale factor - x;,

> Combine predictions and measurements

Xoue < Xin + Xpred

return X,

scale factor «—

The presented data-consistency algorithm calculates a sampling
mask by creating a binary mask based on the magnitude values of the
measured k-Space data with a threshold of zero. The mask is then
used to remove all values from the predicted k-Space data which are
already present in the measured k-Space data. The predicted k-Space
data is then scaled based on the mean of the predicted and measured
k-Space data. This scaling is done to ensure that the predicted k-Space
data is in the same range as the measured k-Space data. This step
also introduces a regularization into the model. The final output is
then calculated by adding the predicted k-Space data to the measured
k-Space data.



The data-consistency layer is applied after each residual block in
the downsample path of our model. It is not used in the upsampling
layer, as the skip connections already preserve the information of the
input data.

We compare the performance of the model trained with the differ-
ent phase generation methods as well as with the available real-phase
data. We again conducted a grid search to find the best hyperparame-
ters for each model. A full overview of the resulting hyperparameters
can be found in Appendix B.6. The hyperparameters for the model

trained with the generated data by PhaseGen are:
* Activation function: ReLU
* Dropout: 0.4
* Batch size: 128
* Learning rate: le-4
* Optimizer: AdamW [145]
* Noise Scheduler: Exponential

For each data type we train a small model with 209 000 parameters
(200k model) and a bigger model with 3.3 million parameters (3M
model). Following the implementation of the FastMRI challenge in
[105], we apply Cartesian undersampling masks with a fully sampled
center region of 8% for an undersampling factor of four and a fully
sampled center region of 4% for an undersampling rate of eight.

The results of the different phase generation methods on the
reconstruction task at an undersampling factor of four are shown in
Fig. 5.5. A full overview of the results at undersampling factors of
four and eight are shown in Tab. 5.2.

We show the results on the original data seperated from the gen-
erative approaches, as the original data is supposed to be the gold
standard and baseline. A perfectly generated phase data would lead
to the same results as the original data. A surpassing of the original
data would indicate flaws in the experimental setup.

Again we can see that the model trained with data generated by
PhaseGen surpasses both other generative methods, with both the
200k and the 3M model. At a undersampling rate of four, the 3M
model trained with PhaseGen-data achieves a SSIM of 63.16 % and
a PSNR of 23.95 dB, while the model trained with the naive phase
data achieves a SSIM of 56.31 % and a PSNR of 21.81 dB. The model
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FIG. 5.5: Results of the second evaluation experiment, the MRI reconstruction task, at an
undersampling factor of four. Compared are the 200k and 3M model trained with three
different training data generation methods, as well as the original real-phase data (left). Shown
are the metrics SSIM, PSNR, MSE, NRMSE. Figure adapted from [103].

trained with no phase data achieves a SSIM of 59.73 % and a PSNR of
22.76 dB. The smaller 200k model in comparison achieves a SSIM of
59.73 % and a PSNR of 22.76 dB, while the model trained with naive
phase data achieves a SSIM of 54.32 % and a PSNR of 18.31dB. The
model trained with no phase data achieves a SSIM of 63.16% and a
PSNR of 23.95dB.

The results at an undersampling factor of eight show the same
trend. The model trained with the generated data by PhaseGen outper-
forms both other generative methods, with both the 200k and the 3M
model. At a undersampling rate of eight, the 3M model trained with
PhaseGen-data achieves a SSIM of 55.39 % and a PSNR of 21.22 dB,
while the model trained with the naive phase data achieves a SSIM of
47.52 % and a PSNR of 20.32 dB. The model trained with no phase
data achieves a SSIM of 54.57 % and a PSNR of 20.61 dB. The smaller
200k model in comparison achieves a SSIM of 54.57 % and a PSNR
of 20.61 dB, while the model trained with naive phase data achieves
a SSIM of 55.74% and a PSNR of 20.41 dB. The model trained with
no phase data achieves a SSIM of 55.39 % and a PSNR of 21.22 dB.

As expected, none of the generative methods reaches the perfor-
mance of the model trained on real-phase data. Overall this experi-

ment shows that the proposed generative model PhaseGen is able to



TABLE 5.2: Results of the MRI reconstruction task at an undersampling factor of four and eight.
Compared are the 200k and 3M model trained with three different training data generation
methods, as well as the original real-phase data (italic). Evaluated are the four metrics SSIM,
PSNR, MSE and NRMSE.

Training Data SSIM (%) T PSNR (dB) T MSE | NRMSE |
Undersampling x4
Original [200k] 69.10 £11.44 27.19 £2.22 0.002 £0.001 0.207 £0.061
Original [3M] 71.28 £11.76 27.98 £2.58 0.002 £0.001  0.190 £0.066
Zerofilling 33.88 +£7.89 18.62 £3.32  0.017 £0.011  0.553 £0.153
Naive [200k] 54.32 £10.64 18.31 £2.53 0.018 £0.011  0.606 +£0.289
Naive [3M] 56.31 £14.44 21.81 £3.01 0.008 £0.007 0.403 £0.192
PhaseGen [200k] 59.73 £9.93  22.76 £2.94 0.007 £0.007 0.351 +0.134
PhaseGen [3M] 63.16 £10.87 23.95 £2.91 0.005 £0.004 0.301 +0.098
Undersampling x8
Original [200k] 64.74 £11.38 25.58 £2.46  0.003 £0.002  0.247 £0.069
Original [3M] 67.01 £11.97 26.26 £2.61 0.003 £0.002 0.231 £0.071
Zerofilling 31.15 £8.47 17.12 £3.58 0.025 +£0.016  0.673 £0.248
Naive [200k] 55.74 £11.11  20.41 £3.26  0.012 £0.008  0.465 £0.199
Naive [3M] 47.52£13.41 20.32 £2.57 0.011 £0.007 0.454 +£0.139
PhaseGen [200k] 54.57 £11.53 20.61 £3.28 0.011 £0.009 0.434 £0.096
PhaseGen [3M] 55.39 £12.11 21.22 £3.22 0.010 £0.010 0.405 +0.096

generate more realistic MRI raw data than the compared generative

methods.

In many cases, we do have some real-phase data'?, but not enough
to train a deep neural network. The combination of the available
real-phase data with a larger amount of generated data could lead
to better results than training with only the real-phase data. To test
this hypothesis, we now combine a varying amount of real-phase data
with the generated data by PhaseGen. For this we remove different
amounts of the real-phase data from the training and validation set
and replace it with generated data. In the end, the magnitudes in the
different datasets will stay the same, but the ratio between real-phase

and generated data will vary.

We test the following ratios of real-phase data to generated data:
0.1%, 1%, 5%, 10%, 15%, 20%, 100%. We again train both the 200k
and the 3M model with these different ratios. The results for the
undersampling rate of four can be seen in Fig. 5.6 and in Tab. 5.3. All
models are trained with the same hyperparameters as in the previous
experiment. The results for the undersampling rate of eight can be

found in the appendix.

The results show that the model trained with only 10%-15% of the
real-phase data in combination with synthetic raw MRI data generated
with PhaseGen is able to reach comparable results to the model trained
with 100% real-phase data. The 3M model trained with 10% of the
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FIG. 5.6: Results of the MRI reconstruction task with different ratios of real-phase data to
synthetic-phase data by PhaseGen. Shown are the results for the following amounts of real-

phase data: 0.1%, 1%, 5%, 10%, 15%, 20%. The experiment is conducted for the 200k and
the 3M model at an undersampling rate of four. Figure published as is in [103].

real-phase data achieves a SSIM of 69.65 % and a PSNR of 26.90 dB,
while the model trained with 100% real-phase data achieves a SSIM
of 71.28% and a PSNR of 27.98 dB. The 200k model trained with
10% of the real-phase data achieves a SSIM of 67.42% and a PSNR
of 26.55dB, while the model trained with 100% real-phase data
achieves a SSIM of 69.10 % and a PSNR of 27.19 dB. Even when using
only 1% of the real-phase data, the 3M model is able to achieve a
SSIM of 67.80% and a PSNR of 25.78 dB, which is an increase by
4.7 percentage points in SSIM and 1.83 dB in PSNR compared to the

model trained with only the generated data.

The question arises if the improved performance is due to the
combination of the real-phase data with the generated data or if
the model is only learning from the small amount of available real-
phase data. To investigate this, we train the same model with the

same amount of real-phase data, but without the generated data.
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TABLE 5.3: Results of the MRI reconstruction task with different ratios of real-phase data
to synthetic-phase data by PhaseGen. Shown are the results for the following amounts of
real-phase data: 0.1%, 1%, 5%, 10%, 15%, 20%. The experiment is conducted for the 200k

and the 3M model at an undersampling rate of four.

% of real world data ~ SSIM (%) T PSNR (dB) MSE | NRMSE |

200k model
0.1% 62.00 +£9.92 23.84 £2.76 0.005 +£0.004 0.310 £0.131
1% 63.98 £10.37 24.26 £27.15 0.005 £0.004 0.301 +0.143
5% 66.87 £10.90 25.95+2.21  0.003 £0.002 0.240 +£0.083
10% 67.42 £11.36 26.55 £2.47 0.003 £0.002 0.223%£0.071
15% 67.31 £11.07 26.22 +£2.13 0.003 £0.001 0.231 +£0.073
20% 67.62 £11.12 26.46 £2.61  0.003 £0.002 0.223 +0.058
100% 69.10 £11.44 27.19 +£2.22 0.002 £0.001 0.207 £0.061

3M model
0.1% 65.34 £11.76  24.42 +3.02 0.005 £0.004 0.295 £0.135
1% 67.80 £10.78 25.78 £2.67  0.003 £0.003 0.249 £0.100
5% 69.52 £11.74 26.77 £2.55 0.003 £0.002 0.219 £0.007
10% 69.65 £11.66 26.90 £2.44  0.002 £0.002 0.218 +0.082
15% 69.78 £11.67 27.22 £2.43 0.002 +£0.002 0.207 £0.070
20% 71.26 £12.06 27.72 £2.65 0.002 £0.001 0.198 +£0.071
100% 71.28 £11.76 27.98 £2.58  0.002 +£0.001 0.190 +0.066

With 10% of real-phase data and no additional synthetic data the
200k model achieves a SSIM of 65.73 %+10.13% and a PSNR of
25.86 db+2.56 dB. In comparison, the 200k model with additional
synthetic raw data reaches a SSIM of 67.42 %+11.36 % and a PSNR
of 26.55 dB+2.47 dB.

To summarize the second evaluation experiment, we can say that
the proposed generative model PhaseGen is able to generate realistic
MRI raw data which can be used to train deep neural networks on tasks
which do not have enough available real-phase data. The combination
of real-phase data with generated data leads to better results than
training with only the real-phase data. The results show that the model
trained with only 10%-15% of the real-phase data in combination
with synthetic raw MRI data generated with PhaseGen is able to reach

comparable results to the model trained with 100% real-phase data.

DISCUSSION & CONCLUSION

In this work, we developed PhaseGen, a novel complex-valued, diffusion-
based generative model for synthesizing raw MRI data. The model is
conditioned on a magnitude MRI image to generate a corresponding
and realistic phase component. We validated the generated raw MRI
data with two different downstream tasks, skullstripping directly in
the k-Space and MRI reconstruction. In both experiments the models
trained with the synthetic raw MRI data generated by PhaseGen man-

aged to reach significant performance improvements compared to the
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compared methods, demonstrating the effectiveness of our approach
in enhancing MRI data processing capabilities. In case of the skull-
stripping task, the model trained with the generated data was able to
generalize on real-phase data, while the other generative approaches
did not lead to meaningful results. In the MRI reconstruction task, the
model trained with the generated data was able to reach comparable
results to the model trained with 100% real-phase data, while only
using 10%-15% of the real-phase data in combination with a larger
amount of generated data.

In future works the generative model needs to be extended to work
on multicoil data. Currently the only way to generate multicoil data
is to generate each coil separately. This approach has the drawback of
ignoring the coherence between the different coils. Additionally, the
inference time of roughly 10 s per slice with a shape of 256 x 256 pixels
can be limiting when working with larger datasets. In a current project
we retrained our PhaseGen with only 100 diffusion steps instead of
1000 diffusion steps, reducing the inference time to 1 second per slice,
which significantly improves the usability of the model in practical
applications. The impact on the quality of the generated data is still
under investigation.

To summarize, this work presents a tool to utilize the limited
amount of real-phase MRI raw data currently available to expand the
research and usability of deep neural networks for the application
to k-Space data. We are now able to pretrain models on synthetic
data which is close to the target domain of MRI raw data. The limited
amount of real-phase data can then be used to finetune the model on
the target domain.

In the following chapter we will present the last project of this
work which is a tool used to anonymize medical image data, such as
Computer Tomography (CT), histological and MRI data, including MRI
raw data. To realize the anonymization of MRI raw data we combined
the power of the generative PhaseGen model and the k-Strip work for

skullstripping.
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KEY CONTRIBUTIONS

* A Generative Model for Synthetic Raw MRI Data: Developed
PhaseGen, the first complex-valued diffusion-based model ca-
pable of generating realistic, complex-valued raw MRI data by
synthesizing a phase component conditioned on a magnitude-

only image.

* Overcoming the Raw Data Bottleneck: Proved that PhaseGen
can effectively turn the vast public repositories of magnitude-
only images into a source of training data for MRI raw data-

based deep learning, unlocking new research possibilities.

* Demonstrated Utility for Downstream Task Performance:
Validated the quality of the synthetic data by showing its benefits
in two distinct tasks: It enabled the k-Strip segmentation model
to generalize to real-world raw data, a task it previously failed.
It allowed an MRI reconstruction model to achieve performance
comparable to full real-data training using only 10-15% real

data, drastically reducing the need for scarce raw datasets.






A Comprehensive Tool for Medical
De-identification including Raw MRI
Data

Question 5. How can we de-identify MRI raw data?

Before working with data gathered in clinical routine, patient related
information have to be de-identified to protect the privacy of the
patients. This is a legal requirement in many countries and is also a
good practice to follow in any research involving human subjects. The
de-identification process involves removing or modifying personal
identifiers from the data, such as names, addresses, dates of birth,
and other information that could be used to identify individuals. In
case of imaging data, this also involves the removal of image features
which can be used to identify individuals. This is most obvious in
case of imaging data in the region of the head. While the k-Space
is not interpretable by humans, the image information which can be
used to identify the subject is just an inverse fourier transformation
away. Thus, the de-identification of k-Space data is a non-trivial
task which is crucial when working with or sharing MRI raw data.
We will use the term De-identification in this chapter, as it is a more
general term than Anonymization. De-identification aims to remove or
modify only direct indentifiers, while anonymization aims to remove
all information which could be used to identify individuals. Another
term which is often used in this context is Pseudonymization, which
refers to te process of replacing personal identifiers with pseudonyms,

which are not directly identifiable but can be linked back to the original
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Thttps://github.com/TIO-
IKIM/medical_image_deidentification

data if necessary.

In this chapter we will introduce a deep learning tool which is
able to de-identify a wide range of medical imaging data, including
MRI raw data. An overview of the tool is shown in Fig. 6.1. We will
focus on the de-identification of MRI raw data, as it is essential for
ensuring patient privacy and compliance with legal standards when it
comes to the data concerning this thesis.

An overview of the proposed tool is shown in Fig. 6.1.

The importance of this project in the overall picture of this thesis
lies in the de-identification of the MRI raw data. For the previous
project PhaseGen we utilized MRI raw data gathered in clinical routine.
This data first had to be de-identified. Due to the lack of publicly
available tools for the de-identification of MRI raw data, we had to
implement our own tool. This will become especially important as
soon as we want to share our data with other research groups or the
public.

The following chapter will focus on the parts of the tool most
relevant in the picture of this thesis. The full implementation details
and evaluation results can be found in the corresponding publication
[146].

The results of this project have been published in the paper "De-
Identification of Medical Imaging Data: A Comprehensive Tool for
Ensuring Patient Privacy" [146]. A detailed transparency statement
can be found in Appendix A.4. The tool is publicly available on
GitHub'.


https://github.com/TIO-IKIM/medical_image_deidentification
https://github.com/TIO-IKIM/medical_image_deidentification
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FIG. 6.1: Overview of the de-identification tool. The tool is able to de-identify a wide range of
medical imaging data, including MRI raw data. Figure published as is in [146].
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6.1 INTRODUCTION

6.2

Working with medical imaging data requires a high level of data
protection and privacy. Information such as patient name, age, gender
and even image features can be used to identify individuals [147].
The latter is especially true for imaging data in the region of the head,

where facial features can be used to identify individuals [148].

With the wide range of imaging modalities and different data
formats, the de-identification of medical imaging data is a non-trivial
task. The most common data formats are DICOM, NIfTI, as well as
JP(E)G or PNG, each of which has its own set of metadata and image
features. Today there are a number of tools available for anonymizing
medical imaging data, each tailored for a specific data format or
imaging modality. For example, the tool PyDicom is a python library
which allows the de-identification of DICOM metadata [149].

While the de-identification of metadata is a standardized process,
the of image features is still an open research problem. In case of
facial features, two approaches are common: the first approach is to
remove the skull and facial features from the image, a process known
as skull stripping. There is a variety of tools available for this task,
such as SynthStrip [59] or HD-BET [60]. The second approach is
called defacing. The idea is to only remove the facial features from
the image, while keeping the skull intact. This has the benefit that
the image has a higher interpretability, but can result in a lower de-
identification quality. Available tools for this task include mrideface
[150] or pydeface [151]. Due to a lack of GPU acceleration, some
of these tools are not suitable for large datasets or high-resolution
images. Additionally, most of these tools are only able to de-identify
a specific data format or imaging modality. This is a major drawback,
as many researchers work with a wide range of imaging data and

need a tool which is able to de-identify all of them.

When it comes to the de-identification of MRI raw data, there are

no tools publicly available which can de-identify the k-Space data.

PROPOSED DE-IDENTIFICATION TOOL

To address the need for a unified de-identification solution, we de-
veloped a comprehensive, open-source tool that combines multiple
deep learning models and data handling techniques. For the de-
identification of DICOM and NIfTT metadata, we implement the DI-
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COM guidelines for metadata-handling [152], as well as a conversion
tool for NIfTI metadata into DICOM metadata.

The de-identification of image features is done by training two
deep learning models for skull stripping and defacing respectively
on a wide range of imaging data, including MRI and CT data. As a
underlying model, we use the pretrained 3D MedNeXt architecture
[153].

We additionally provide a tool for the removal of text in ultrasound
images, which is a common problem in ultrasound imaging. We utilize
tesseract [154] in an iterative fashion for this task.

The de-identification task most relevant for this thesis is the de-
identification of MRI raw data. This task includes two unique chal-
lenges: first, the de-identification of the metadata, which is not de-
fined by the DICOM standard, and second, the de-identification of the
k-Space image data while preserving the complex valued nature of the
data. In the following, we will go into detail on how we implemented
both of these de-identification tasks for the case of Siemens Twix raw
data format.

The software is designed with a modular architecture, allowing
users to apply a complete de-identification pipeline or select specific
modules as needed. The core workflow, as illustrated in Fig. 6.1,

proceeds through the following stages:

1. Input and Reader Selection: The tool accepts a variety of data
formats, including DICOM, NIfTI, PNG/JPG, and raw Siemens
Twix files. It automatically selects the appropriate reader for

the given input data.

2. Metadata Cleaning: The first processing step is the sanitization
of all metadata. This is a crucial step for all data types but is

particularly complex for raw MRI data, as detailed in 6.3.1.

3. Pixel Information Cleaning: The tool then removes identifiable
features from the image data itself. Users can choose between

three primary modes:

a) Skull-stripping: Removes the entire skull and facial fea-
tures. For raw MRI data, this is performed directly in
k-Space using the k-Strip architecture described in chapter
3 of this thesis.
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2The DICOM header inside the Twix-file is
labeled as “hdr".

3This second and much bigger metadata is
labeled as “hdr_string".

“The loading of the data is adapted
from the implementation by the authors
of https://github.com/openmrslab/suspect

6.3

6.3.1

and will not be discussed further as it is be-

yond the scope of this chapter.

b) Defacing: Removes only the facial features while preserv-
ing the skull, which can be useful for certain clinical appli-
cations [155].

c) Text Removal: Specifically designed for ultrasound images,
this mode identifies and removes burned-in text annota-

tions.

4. Output: The tool saves the fully de-identified data in the same
format as the input, with cleaned metadata and pixel/k-Space
data.

MRI RAW DATA DE-IDENTIFICATION

Metadata de-identification

The metadata of Siemens Twix raw data does not follow the DICOM
standard, as it contain much more information and is not structured
in a way which is compatible with the DICOM standard. However,
the Twix metadata does also contain a DICOM header?, which can be
anonymized following the DICOM guidelines. When only anonymiz-
ing the DICOM header, the underlying Twix metadata® will update
the DICOM header as soon as the data is loaded again. This second
metadata-header, as its label already imply, is in a string format. We
perform a regex search [156] for all relevant identifiers*, including
patient name, date of birth or even the MRI device serial number.
According to the type of metadata identifier, we replace the informa-
tion with a random string or number of the same length. Fig. 6.2
shows an excerpt of an exemplary anonymized Twix metadata header.
We can see that the patient name is replaced by a string of ‘x‘, while
identifiers such as data of birth or gender are replaced by the number
‘0.0

The anonymized metadata can optionally be saved separately from

the anonymized raw data to allow for a more flexible data handling.

Metadata we currently keep intact are MRI field strength, sequence
and other acquisition parameters, as these information are crucial for
the correct interpretation of the MRI data. Additionally, parameters
such as undersampling and oversampling rates are kept intact, as they

are important for the correct reconstruction of the k-Space data.
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6.4

{'CPUCount': 16.0,
'MaxMemory': 122769.0,
'MaxRawObjectSize': 96579.0,
'MaxRawObjectSizePrioRecon': 3150.0,
'ProtectedSize': 3200.0,
'RAIDSize': 0.0,
'PDSFastSize': 0.0,
'PDSSaveSize': 0.0,
'NumberOfGPUs': 1.0,
'PatientID': 0.0,
'PatientBirthDay': 0.0,
'PatientSex': 0.0,
'tPatientName': 'XXXXXXXXXXXXX',
'SubProtocolIndex': '',
'PatientLOID': 0.0,
'StudyLOID': 0.0,
'SeriesLOID': 0.0,
'ProtocolChangeHistory"':

'tStudyDescription': y

FIG. 6.2: Excerpt of an anonymized Twix metadata header. The following identifiers are
anonymized: PatientID, PatientBirthday, PatientSex, tPatientName, PatientL.OID, StudyLOID,
SeriesLOID. The de-identification is either done by replacing the identifier with a string of x‘ or
the number ‘0.0°. Figure adapted from [146].

Skullstripping

The second challenge of anonymizing the image data by performing
skullstripping directly on the k-Space data is solved by implementing
the k-Strip algorithm presented in chapter 3. To train this model
we utilize our generative model PhaseGen presented in chapter 5 to
turn two publicly available datasets of image domain, magnitude-
only MRI datasets into synthetic MRI raw data. These two datasets
are the Neurofeedback Skull-stripped (NFBS) repository [74] and
the Calgary-Campinas-359 (CC-359) dataset [75], with a total of
479 MRI volumes, including segmentation masks. Each 2D slice is
processed by our generative model PhaseGen and transformed into
k-Space to create 479 synthetic MRI raw data volumes. Our k-Strip
model is then trained on these synthetic MRI raw data volumes and
the corresponding segmentation masks. The performance of said
model was already evaluated in chapter 3 and chapter 5 and thus is
not discussed further here.

The resulting model is implemented in the de-identification tool

and can be used via a simple command line interface (cli)-tool.

DISCUSSION & CONCLUSION

In this chapter we presented a deep learning based tool for the de-
identification of a variety of medical imaging data. The tool is able to
de-identify medical images via metadata de-identification, skullstrip-

ping or defacing for the de-identification of facial features, as well as
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text removal in ultrasound images. Additionally the tool allows for the
de-identification of MRI raw data in the Twix format. We implement
this feature by utilizing the works from the earlier chapters of this
thesis, including k-Strip and PhaseGen. The current state of the tool
when it comes to the de-identification of MRI raw data is currently
limited to Siemens Twix data. Future work will include the implemen-
tation for other raw data formats. Additionally, currently we can only
perform skullstripping on the k-Space data. The tool will be extended
to also include a defacing algorithm for the de-identification of facial
features directly in the k-Space. For achieving this goal, more labeled

data needs to be acquired.

KEY CONTRIBUTIONS

* A Comprehensive, Publicly Released De-Identification Tool:
Developed and released a robust, open-source software tool
that provides a unified solution for anonymizing a wide range
of medical imaging data, including DICOM, NIfTI, and raw MRI
data.

* Novel End-to-End Workflow for Raw MRI Anonymization:
Created a workflow that handles both the complex, non-standard
metadata of raw data files and the removal of identifying fea-

tures directly in k-Space by utilizing k-Strip.

* Synergistic Application of Generative and Segmentation
Models: Demonstrated the thesis’s project cycle by using the
PhaseGen-trained k-Strip model as the model for k-Space anonymiza-
tion. This showcases a tangible, real-world application built
directly upon the generative and segmentation frameworks de-

veloped earlier.



7.1

Thesis Discussion, Conclusion &
Outlook

DISCUSSION & FUTURE WORK

MRI is a widely used imaging modality in clinical practice. High
waiting times for patients are common due to the technique’s long
acquisition times and high costs. Nevertheless, the amount of data
generated during an MRI acquisition is underutilized. The proposed
approach in this thesis aims to address this issue by utilizing all avail-
able data, including the k-Space data, to improve the efficiency and
accuracy of MRI-based downstream tasks. This has the potential to
significantly improve patient outcomes and reduce healthcare costs.
The research presented in this thesis is not merely a collection of algo-
rithmic improvements but an argument to fundamentally rethink how
we approach MRI data processing. With multiple projects we tried
to confirm the hypothesis that the current "reconstruct-then-analyze"

paradigm is not the most efficient way to utilize the available data.

This thesis documents a systematic effort to challenge the conven-
tional MRI pipeline. The core argument of ours is that by discrading
raw k-Space data, the medical imaging community is missing out on
valuable diagnostic information. Each project in this thesis is building
upon the last, creating a cohesive narrative, from initial feasibility to

direct clinical application.

We started with a feasibility study of the k-Space data for the task
of skull-stripping in chapter 3, a preprocessing step that is crucial for
many downstream tasks. We showed that the k-Space data can be

preserved in this task by using a complex-valued neural network. The
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presented algorithm k-Strip is able to perform the segmentation task
directly in the k-Space domain, which allows for a more efficient pro-
cessing of the data while ensuring patient privacy. The results of this
feasibility study were comparable to state-of-the-art image-domain
methods, demonstrating the potential of direct k-Space processing for
downstream tasks beyond conventional MRI reconstruction. However,
the k-Strip model showed a significant performance drop when tested
on real-world data, which was not used for initial training. While
this problem was mitigated by the development of PhaseGen, this
issue highlights the need for more publicly available k-Space data for

training and evaluating k-Space based algorithms.

Moving from feasibility to practical advantage, we presented a
method to utilize the k-Space data acquired during DWI acquisition
for prostate cancer likelihood estimation in chapter 4. By utilizing
the available k-Space data, we were able to improve the performance
of the predictive model, especially at high undersampling rates. The
proposed pipeline allows for fast and efficient prostate cancer likeli-
hood estimation, which can be used as a first step in the diagnostic

process, potentially leading to a higher throughput of patients.

However, the first two projects revealed a critical bottleneck in
the scalability of any direct k-Space paradigm: the scarcity of publicly
available MRI raw data. This limitation led to the development of a
novel complex-valued diffusion model in chapter 5, called PhaseGen,
that is able to generate realistic phase information corresponding to
input magnitude images. This generative Al model is able to harvest
the potential of millions of publicly available MRI images to generate
large pre-training datasets for k-Space based algorithms. We showed
that the generated raw MRI data can be used to train k-Space based
models. We tested the generated data on the k-Strip algorithm and on
a MRI reconstruction task. The k-Strip model was able to generalize
on real-world data with only being trained on synthetic k-Space data.
The reconstruction model only needed 15% of real-world data in
combination with the generated data to achieve the same performance
as a model trained on 100% real-world data. This shows the potential
of the generative Al model to create large pre-training datasets for

k-Space based algorithms.

The last part of the thesis presented a method to anonymize
k-Space data. The task of de-identification of MRI raw data is a non-
trivial task, as no standardized method exists for this datatype. For this

task we combine works earlier presented in this thesis. We use the gen-
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erative diffusion model PhaseGen to generate synthetic MRI raw data
to train the skull-stripping algorithm k-Strip. The de-identification
pipeline includes the removal of patient-related metadata, as well as
the removal of sensitive information from the k-Space data by per-
forming skullstripping in the k-Space domain. This de-identification
pipeline is able to preserve the k-Space data which can then be used
for further downstream tasks.

The technical core of this thesis resides in the usage of complex-
valued neural networks. This choice is based on the physical nature
of the k-Space data, which is inherently complex-valued. Real-valued
neural networks, which are commonly used in the field of medical
imaging, are not fully suited for processing this complex-valued data,
as they have to learn the intrinsic relationship between magnitude
and phase from scratch. Complex-valued neural networks in contrast
can natively represent the rotational and scaling properties of signals
in the frequency domain.

In this thesis we laid the groundwork for the utilization of k-
Space data for various downstream tasks. By developing different
architectures and methods which can harvest the potential of complex-
valued data, we provide a foundation for future research in this area.
This thesis does not only present a novelty in the field of MRI, but also
provides novel methods in the field of complex-valued deep learning.
For example, the presented PhaseGen model is the first diffusion-
based model which is able to generate complex-valued data by using
a combination of a complex-valued UNet and complex-valued noise
insertion.

Because this thesis covered a wide range of topics of a highly
under-researched field, there are many open questions and directions

for future research. In the following we will discuss some of them.

Standardized k-Space Export

The data used in this work was either publicly available or acquired on
two different MRI scanners used in the clinical routine. The data ac-
quired consists of different sequences, different field strengths and dif-
ferent anatomies. The data was exported manually onto a local storage
unit, followed by a anonymization via the presented anonymization
tool. Future work should focus on the development of a standardized
export pipeline for k-Space data. As soon as data is acquired, it should
automatically be de-identified and exported to a local storage unit.

This would allow for a more efficient processing of the data, saving
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7.1.2

time and resources.

At the time of writing this thesis, there is a lack of large annotated
datasets for k-Space data. That is why we are constantly gathering
raw data from clinical routine. The goal is to create a large dataset of
k-Space data, which can be used for training and evaluating k-Space
based algorithms on a variety of downstream tasks. Details about the
current state of this dataset can be found in the appendix, including the
current size, number of different sequences and anatomy distributions.
The University Hospital Essen supports the FHIR standard [157] for the
exchange of medical data. This standard allows us to gather further
medical data connected to the MRI data, such as clinical reports or
other imaging modalities saved in the clinical database. To gather
this data, we are currently working on a pipeline to automatically
export condition diagnosed shortly after the MRI acquisition. This
data is saved in the International Statistical Classification of Diseases
and Related Health Problems (ICD) format [158]. To extract that data
we utilize the python-based sFHAN-toolkit, developed by Rostalski et
al. at the Institute for Al in medicine in Essen. Future work will focus
on the refinement of the dataset. This includes consultations with
radiologists to verify the exported conditions. Additionally, we will

gather additional data, such as laboratory data or full clinical reports.

k-Space Preprocessing

Another open question is the most suitable preprocessing of the k-
Space data. While there are common preprocessing steps for image
domain data, such as histogram normalization, standardization and
augmentations, there is no standardized preprocessing for k-Space
data. In the works presented in this thesis, we experimented with
different preprocessing steps, such as complex-valued standardization
and undersampling augmentations. However, extensive experiments
are needed to find the most suitable preprocessing steps for k-Space
data. One possible preprocessing step might be a weighting of the
k-Space data, such that the periphery of the k-Space data, which
is magnitudes smaller than the center, has higher influence on the

training.

Novel complex-valued Architectures

The presented architectures in this thesis are all based on convolu-
tional neural networks. The concept of convolutional neural networks

is well established in the field of image processing due to their ability
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to learn spatial hierachies of features. While the results presented in
this thesis achieved with said architecture are promising, we hypoth-
esize that other architectures, such as transformers, might be more
suitable for working in the k-Space domain. Due to the non-local
nature of the k-Space data, the local convolutional operations might
not be well fitted for this task. Transformers in comparison are able
to learn long-range dependecies due to their patch-based approach
in the image domain. This global approach sounds more promising
for the non-local k-Space data. In a future project, we will explore
the use of radial transformer patches, creating a physical-informed
vision transformer, which utilizes the nature of the k-Space data. The
transformer will, in comparison to the equally distributed squared
patches of traditional vision transformers, use radial patches which
are centered around the k-Space center.

Another possible architecture could be convolutional neural net-
works with Fourier Convolutional layers [159, 160]. These layers,
which are based on the convolution theorem explained earlier, can
replace the standard convolutional layers. Earlier works showed that
these layers become more efficient with increasing kernel size. Ap-
plied in the k-Space domain, these layers could be used to perform
the convolutional operations.

The search for novel activation functions is another open question.
In this work we adapted existing activation functions tailored for real-
valued neural networks to the complex domain. There have already
been some works on special complex-valued activation functions,
such as the complex cardioid activation function [161] or the modReLU
activation function [63]. However, these activation functions are
not optimized and extensively tested for the k-Space domain. With
activation functions tailored for the non-local nature of the k-Space
and its differences between center and periphery, our models might

be able to learn more complex features.

7.1.4 Adaptive Sampling

Adaptive Sampling is a technique to gather more data in regions of
interest, while reducing the amount of data gathered in less impor-
tant regions. Previous works have shown that adaptive sampling
can be used to improve the performance of MRI reconstruction algo-
rithms [162, 163] and even in downstream tasks such as pathology
detection [13, 15]. Building on these works, future research should

focus on the utilization of adaptive sampling in the k-Space domain.
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We can combine the architectures presented in this thesis with the
reinforcement-based algorithms presented in the works mentioned
in [13, 15, 162, 163]. These adaptive approaches can also be used
to better understand the k-Space data and its features used by the
neural networks. Even when fully sampled k-Space data is available,
retrospective adaptive sampling methods can be applied to highlight

regions of interest.

k-Radiomics: Radiogenomics rethought

This thesis is part of the k-Radiomics project!, which has the overarch-
ing goal of utilizing k-Space data in combination with novel radiomic
features to improve the diagnostic process. This thesis lays the ground-
work for this project by showing the feasibility of using k-Space data
for various downstream tasks, as well as providing the necessary tools
and architectures to do so. The next step in this project is now to
combine the k-Space data with novel radiomic and genomic features.
For this we will utilize the currently gathered clinical data. With the
help of the Smart Hospital Information Platform (SHIP) infrastruc-
ture, we will be able to extract all necessary information from the
clinical database. This includes the extraction of genomic data, such
as mutations or other genetic features. There have been first works
in the k-Radiomics project which explored novel radiomic features
in the k-Space domain, such as peak power spectrum or spectral
moments [164]. Further work is needed to explore the potential of
these features in combination with the predictive models presented
in this thesis. With the power of deep learning, we will be able to
learn complex features from the k-Space data, which might hold more

information than commonly used radiomic features.

But for an acceptance in the clinical routine, another important
step is the explainability of these features and models. Currently
we are working with so-called black-box models, which are not well
interpretable. This is a major issue in the field of medical imaging,
as the models need to be interpretable for the radiologists. There is
the need to understand what the model is “seeing” in the k-Space
data. One approach would be to use heatmap algorithms similar to
algorithms such as Grad-CAM [165] to visualize the features learned
by the model in the k-Space domain. A dual-domain approach could

be used to visualize these features in the image domain.
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7.2 CONCLUSION

With that we come to the end of this thesis. We have presented
novel methods and architectures for the utilization of k-Space data in
various downstream tasks. I want to come back to the quote by Erwin

Schrédinger and Arthur Schopenhauer at the beginning of this thesis:

The task is not so much to see what no one has yet seen;
but to think what nobody has yet thought,
about that which everybody sees.

The field of MRI research needs to undergo a paradigm shift. Faced
with pressing resource limitations, including available MRI scanners
and personnel, we still allow ourselves to waste at least 50% of the
available data. This thesis aims to catalyze this shift by demonstrating
the vast, untapped potential of direct k-Space processing for a variety
of downstream tasks. Indeed we were able to show the benefits of this
data which is often neglected, even though always available right after
the acquisition. We hope that this work will inspire other researchers
to utilize the k-Space data for their own tasks. The presented methods
and architectures are only a starting point for future research in this
area. I am convinced that the k-Space data has a lot of potential and

I am looking forward to seeing what the future holds for this field.
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Transparency Statement

K-STRIP: RETHINKING K-SPACE

This chapter is based on the publication “k-strip: A novel segmentation algorithm in k-space for
the application of skull stripping" [51], published in the journal Computer Methods and Programs in
Biomedicine. The source code of the k-Strip model is publicly available on GitHub. The following
chapter are based on the aforementioned publication:

* Introduction: This section is added to put the work into context of the whole thesis.

* Methods: The methods section is an extension of the chapter Methods in the publication.
The methods section is extended with additional information regarding implementation and
background.

* Experiments & Results: This section is based on the chapters Experiments and Results in the
publication.

* Discussion & Conclusion: This section is based on the chapters Discussion and Conclusion in
the publication.

CLASSIFICATION IN K-SPACE: A CASE STUDY

This chapter is based on the publication “Tumor likelihood estimation on MRI prostate data by
utilizing k-Space information” [82], which was presented at the International Society for Magnetic
Resonance in Medicine (ISMRM) Conference 2025 as an oral presentation and published in full as
a preprint on arXiv. The source code of the project is publicly available on GitHub. The following
chapters are based on the aforementioned arXiv publication:

* Introduction: This section is an extension of the chapters Introduction and Related Work in
the publication. The introduction is extended with a more detailed background for a better
understanding in the context of this thesis.

* Methods: This section is an extension of the chapter Material & Methods, as well as partially the
chapter Experiments, in the publication. The section is extended with additional information
regarding implementation and background.
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* Experiments & Results: This section is based on the chapters Experiments and Results in the
publication.

* Discussion & Conclusion: This section is based on the chapters Discussion and Conclusion in
the publication.

PHASEGEN: GENERATIVE AI MEETS K-SPACE

This chapter is based on the publication “PhaseGen: A Diffusion-Based Approach for Complex-Valued
MRI Data Generation” [103], published as a preprint on ArXiv. The source code of the project
is publicly available on GitHub. The following chapters are based on the aforementioned arXiv
publication:

* Introduction: This section is an extension of the chapters Introduction in the publication.

* Methods: This section is an extension of the chapters Related Work and Material & Methods in
the publication. The methods section is extended with additional information regarding the
background of generative Al

* Experiments & Results: This section is based on the chapter Experiments & Results in the
publication. The section is extended with additional information regarding the used data and
experiments.

* Discussion & Conclusion: This section is based on the chapters Discussion and Conclusion in
the publication.

A COMPREHENSIVE TOOL FOR MEDICAL DE-IDENTICATION INCLUDING RAW MRI DATA

This chapter is based on the publication “De-identification of medical imaging data: a comprehensive
tool for ensuring patient privacy” [146], which was published in the journal European Radiology.
The source code of the project is publicly available on GitHub. The following chapters are based on
the aforementioned publication:

* Introduction: This section is based on the chapters Introduction and Related Work in the
publication.

* Proposed De-Identification Tool: This section is based on the chapter Materials and Methods
in the publication. The section was shortened to focus on the key aspects relevant for this
thesis.

* MRI Raw Data De-Identification: This section was added to provide a detailed overview of
the tools functionality relevant for this thesis. It is partially based on the chapters Materials
and Methods and Results in the publication.

* Discussion & Conclusion: This section is based on the chapters Discussion and Conclusion in
the publication.



b.1

b.2

Supplementary Material

K-STRIP: RETHINKING K-SPACE

Tab. B.1 shows the datasets used for trainiing, validation and testing of the k-Strip model for the
skullstripping task.

TABLE B.1: Overview of the four datasets used for training, validation and testing of the k-Strip model. The datasets are used to train the
model on different modalities and field strengths.

Dataset Subjects Modality Field strength Vendor Voxel Size
GBM 207 Tlce 1.5T/3.0T Siemens 2mm®
SWI 433 SWI (T1&Phase) 1.5T/3.0T Siemens 2mm?
NFBS [73] 125 T1 1.5T/3.0T Siemens 1mm?3
CC-359[107] 359 T1 1.5T/3.0T GE/Philips/Siemens 1mm3

CLASSIFICATION IN K-SPACE: A CASE STUDY

Figure B.1 shows the results of the augmentation on the PCA pipeline, GRAPPA pipeline, and the
off-domain dataset CIFAR-10. The testing is performed without additional augmentation. Training
is performed with a undersampling factor of up to R = 8. The CIFAR-10 dataset is used as an
off-domain dataset to show the applicability of the augmentation method also to datasets not related
to MRI. CIFAR-10 consists of 10 classes of images, each containing 6000 images compised of the
shape 32 x 32 pixels. The results indicate that the augmentation can increase the performance for
all three datasets
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AUROC for different Datasets with and without Augmentation
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F1G. B.1: Results with and without additional undersampling augmentation on the PCA pipeline, GRAPPA pipeline and the off-domain
dataset CIFAR-10. The results show that the undersampling augmentation can increase the performance for all three datasets.

TABLE B.2: Time consumption of the GRAPPA reconstruction pipeline and the proposed PCA pipeline. The times include the time for
acquisition at different undersampling rates. The times are reported in minutes per volume. The reconstruction is performed on CPU
devices.

Undersampling Factor R GRAPPA (min / volume) PCA (min / volume)

No Undersampling 26.0min 27.9min
R=2 23.2min 15.1min
R=4 16.8min 8.7min
R=8 13.6min 5.5min
R=12 12.5min 4.4min
R=16 12.0min 3.9min
R=24 11.5min 3.4min
R=32 11.2min 3.1min
R =48 10.9min 2.8min

b.3 PHASEGEN: GENERATIVE AI MEETS K-SPACE

Fig. B.2 shows examples of the naive phase generation method. This generative method is used to
create synthetic phase information from available magnitude images. The resulting data is used to
compare another generative method with the proposed PhaseGen model.

Tab. B.3 shows the datasets used for training, validation and testing of the PhaseGen, segmenta-
tion and reconstruction model.

Tab. B.4 shows the available sequences in the PhaseGen dataset. The dataset consists of five
different sequences, each with a different number of slices. The included sequences are T, TSE,
T, TIRM Dark Fluid, T; TSE, T; TSE Dark Fluid and T; FLAIR. The TSE sequences are common in
clinical practice due to its low acquisition time and improved SNR. The TIRM Dark Fluid sequences
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Magnitude Phase

F1G. B.2: Examples of the naive phase generation. Shown are the magnitude as well as the generated phase. Top: Example from the
FastMRI Knee dataset. Bottom: Example from the UK Essen Magnitude dataset.

TABLE B.3: Overview of the used datasets in the PhaseGen project. UME: University Hospital Essen.

Dataset Size Field strength Type Source
PhaseGen Training & Validation 14101 slices 1.5T/3.0T Raw MRI UME
Skullstrip Training & Validation 21822 slices 1.5T/3.0T Image Domain UME
Skullstrip Testing 14 volumes  1.5T/3.0T Raw MRI UME
Reconstruction Training & Validation 40450 slices 1.5T/3.0T Raw Knee MRI  FastMRI
Reconstruction Testing 1427 slices  1.5T/3.0T Raw Knee MRI  FastMRI

are used to suppress the signal from fluids, such as cerebrospinal fluid (CSF), which is useful for
visualizing brain structures [166]. The T; TSE and T; FLAIR sequences are used to visualize different
tissue contrasts, with FLAIR being particularly useful for detecting lesions in the brain [167]. Each
of these sequences includes different orientations.

TABLE B.4: Overview of the available sequences in the PhaseGen dataset. TSE: Turbo Spin Echo, TIRM: Turbo Inversion Recovery
Magnitude, FLAIR: Fluid Attenuated Inversion Recovery.

Sequence Number of Slices
T, TSE 11462

T, TIRM Dark Fluid 1491

T, TSE 795

T, TSE Dark Fluid 284

T, FLAIR 69

Tab. B.5 and Tab. B.6 show the hyperparameters used for the segmentation and reconstruction
task, respectively.
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TABLE B.5: Hyperparameters for the skullstripping task.

Hyperparameter PhaseGen
Learning Rate le-4

Batch Size 128
Dropout 0.2

Epochs 200

Noise Scheduler Exponential
Activation function PReLU
Optimizer Adam

# Parameters 33.5M

TABLE B.6: Hyperparameters for the reconstruction task.

Hyperparameter No Phase Naive PhaseGen
Learning Rate 3.8e-4 3.8e-4 4.4e-4
Batch Size 32 32 128
Dropout 0.1 0.1 0.4

Epochs 180 185 275

Noise Scheduler Exponential Exponential Exponential
Activation function RelU RelU RelU
Optimizer AdamW AdamW AdamW

# Parameters 209k / 3.3M 209k / 3.3M 209k / 3.3M
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