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Abstract:

Lorem ipsum dolor sit amet, consectetuer adipiscing elit. Ut purus elit, vestibulum ut, placerat
ac, adipiscing vitae, felis. Curabitur dictum gravida mauris. Nam arcu libero, nonummy eget,
consectetuer id, vulputate a, magna. Donec vehicula augue eu neque. Pellentesque habitant
morbi tristique senectus et netus et malesuada fames ac turpis egestas. Mauris ut leo. Cras
viverra metus rhoncus sem. Nulla et lectus vestibulum urna fringilla ultrices. Phasellus eu tellus
sit amet tortor gravida placerat. Integer sapien est, iaculis in, pretium quis, viverra ac, nunc.
Praesent eget sem vel leo ultrices bibendum. Aenean faucibus. Morbi dolor nulla, malesuada
eu, pulvinar at, mollis ac, nulla. Curabitur auctor semper nulla. Donec varius orci eget risus.
Duis nibh mi, congue eu, accumsan eleifend, sagittis quis, diam. Duis eget orci sit amet orci
dignissim rutrum.
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1. Introduction

Diffusion-weighted imaging (DWI) has revolutionized the field of medical imaging by providing
a unique window into the microstructural organization of tissues [89]. At its core, DWI leverages
the diffusion of water molecules to reveal the underlying architecture of cellular structures. This
information is invaluable in clinical settings, as it allows for the diagnosis, characterization, and
monitoring of a wide array of conditions, including ischemic stroke, brain tumors, and various
neurodegenerative diseases [[77].

Traditional DWI techniques, while powerful, typically rely on specialized pulse sequences that
can be time-consuming in acquisition [3]. These sequences involve the application of strong
diffusion gradients, which can lead to prolonged scan times and potentially compromise patient
comfort. Furthermore, the quality of DWI data can be affected by factors like low signal-to-noise
ratios, motion artifacts and signal dropouts, particularly at high b-values (which are necessary
for capturing subtle diffusion characteristics) [85]. These limitations underscore the need for
innovative approaches that can overcome the challenges associated with conventional DWI.

Balanced steady-state free precession (bSSFP) imaging has emerged as a promising avenue
for addressing these challenges. bSSFP sequences offer several key advantages over traditional
DWI, including faster acquisition times, superior signal-to-noise ratio, and reduced susceptibility
to specific artifacts [75]. The bSSFP signal is sensitive to a variety of tissue properties, includ-
ing T1 and T2 relaxation times, proton density, and off-resonance effects [36, 4]. In [56d, b5]
the authors explore the connection between bSSFP data and white matter tracts based on the
signal frequency response profile. However, extracting the specific diffusion-related information
from this complex signal requires sophisticated analysis techniques.

Deep learning, a subfield of machine learning that focuses on artificial neural networks, has
demonstrated remarkable success in a wide range of image analysis tasks [[2]. In particular,
convolutional neural networks (CNNs), which are designed to exploit the spatial structure of im-
ages, have achieved state-of-the-art performance in areas like image classification, segmentation,
and enhancement [0, 72, B3]. This thesis investigates the potential of deep learning, specifically
CNNs, to accurately estimate diffusion parameters from bSSFP data. We hypothesize that a
carefully designed and trained CNN can effectively learn the complex mapping between bSSFP
images and the underlying diffusion tensor, thus providing a rapid and reliable alternative to
traditional DWI. Previous work has shown promising results in generating diffusion tensor scalar
maps from phase-cycle bSSFP data, highlighting the potential of this approach [6] to retrieve
additional clinically relevant quantitative parameters beside relaxometry [37] from phase-cycled
bSSFP data.

The following chapters will lay the groundwork for this investigation by providing a compre-
hensive overview of the relevant background knowledge. We will first delve into the fundamental
principles of magnetic resonance imaging (MRI), including the physics of nuclear magnetic reso-
nance and the technical aspects of MRI scanners. We will then explore the unique characteristics
of bSSFP imaging and the various factors that influence the bSSFP signal. Next, we will ex-
amine the concept of diffusion-weighted imaging, the mathematical models used to describe
diffusion, and the different diffusion parameters that can be derived from DWI data. Then, we
will present a comprehensive overview of deep learning, focusing on the fundamentals of neural



networks (with a particular emphasis on CNNs), a common architecture, and training strate-
gies. With this foundation in place, we will present our proposed deep learning methodology,
including the architecture of our CNN; the training process, and the evaluation metrics used
to assess its performance. Finally, we will present the results of our experiments, discuss the
implications of our findings for the future of DWI, and identify potential avenues for further
research.



2. Background & Related Work

In this chapter, relevant background knowledge and related previously published work is dis-
cussed.

2.1. Magnetic Resonance Imaging

2.1.1. Fundamentals of MRI

Magnetic resonance imaging (MRI) uses the ability of nuclei to absorb and emit energy in
the radio frequency (RF) spectrum to generate images of organisms and objects. This ability
is called Nuclear Magnetic Resonance and depends on charge, spin, and mass, which are the
intrinsic properties of particles.

Nuclear Magnetic Resonance-active Nuclei are those atoms with an odd number of protons
and/or neurtons[b68, 29]. They have a spin angular momentum defined as

S = hl,

where [ is the spin operator and A is Planck’s constant normalized by 27w. The odd number of
nucleons also induces a magnetic dipole moment

p="S.

v [MHz/T] is called the gyromagnetic ratio and is unique to each nuclear magnetic resonance-
active nuclei. It is the ratio of the magnetic dipole moment [N—Tm] to the spin of a particle
S[N - m - s]. The gyromagnetic ratio governs the frequency of precession and is measured
empirically.

Specifically, 'H has a spin of 1/2, a high natural abundance of 0.998 and is therefore used
primarily for clinical MRI. Its gyromagnetic ratio is v = 42.57 MHz/T.

When placing such nuclei into a magnetic field, the spins have a tendency to align with its
direction, leading to a net or bulk magnetization per unit volume (or voxel) v,

M = Z Ly -
veV

Additionally, due to spin and mass, the nucleus exhibits an angular momentum, i.e. it precesses
e.g. in a gravitational field. The dynamics of this angular momentum or pecession can be
described by

dp
— =ux~B
ar R xEs
when considering a single nucleus and for a summing over a unit volume
aM
— =M x yB.
dt v

The combination of magnetic and angular momentum causes the nucleus to precess in a magnetic
field as well with a specific frequency — called the Larmor frequency:

w =B,



where B [T is the strength of a magnetic field and + is the gyromagnetic ratio.

A scanner consists of a primary superconductive electromagnetic coil, that is surrounded by a
cryostat and thermal insulation, an excitation coil, spatial localization coils, and a receiver coil,
as shown in 2. The excitation and the receiving coil are merged into one RF coil here.

MRI Scanner Cutaway

Radio Patient

Frequency
Coil

Patient

Gradient
Coils

Magnet

Scanner

Figure 2.1. MRI scanner with a part cut-away such that the main components are visible [48].

The primary electromagnet provides the main magnetic field By to polarize the NMR-
active nuclei with field strengths up to 14.27, but usually about 1.57 to 37 in medical ap-
plications. This is several orders of magnitude larger than the earth magnetic field which is
approximately in the range of [22,67] uT'. To provide such high fields, super-conductivity needs
to be reached, thus the coil is cooled using liquid helium. The By field is spatially uniform and
temporally stable in an ideal scanner, such that the same polarization is applied to all atoms.
In practice this field is not perfectly homogeneous, such that magnetic field probes are used to
measure the field and shim cards are used to correct these inhomogenieties. This is called pas-
sive shimming. Alternatively, active shimming coils can be used to smooth the inhomogenieties.
From the perspective of a human subject the poles are oriented towards the head and the feet
of the subject. We call this axis the z-axis.

Additionally, an excitation system is necessary to generate magnetic pulses Bj(t) to cause
a nutation as well as refocussing, spoiling, inversion and saturation in the region of interest.
The By (t) field is a radio frequency field with the excitation frequency defined by the By field
strength, Larmor frequency of the excitation target nuclei. For example with By = 3T we get

42.58% - 3T = 127.74MHz.

Typical pulse durations are on the intervall [0.1, 10] ms and amplitude about < 25uT. The shape
of the excitation pulse is governed by an envelope function in terms of amplitude trajectory. The
excitation pulses are perpendicular to the By field, which is important to enable the excitation
pulses to tip the spin system in the presence of the strong polarizing field. While the By field
causes polarization, thus alignment and precession, the By (t) pulses cause a “tipping” or nutation
of the precession — shown in P2, generating transverse magnetization such that it is detectable
using Faraday’s law of induction. An example of an excitation pulse is

By (t) = B{(t) (cos (wgpt + 0) i — sin (wgrpt + 0) j),

with B{(¢) a pulse envelope function, e.g. sinc or rect functions, wrpr the excitation carrier
frequency which should match the Larmor frequency of the spin system, and 4, j the polar-
ization directions. Additionally a RF pulse has a flip angle a which is the angle between the
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Figure 2.2. A wvisualization of rotation r (in our case we call it spin) in green, precession p in blue —
at the Larmor frequency — and nutation n in red [19].

z-axis and the By pulse (called inclination in spherical coordinates) and a phase 6 which is the
angle in the zy plane, starting at the z-axis (azimuth in spherical coordinates). The excitation
system is commonly implemented using a birdcage coil as it is highly efficient in terms of energy,
excitation and heating mitigation. The Bj(t) field is supposed to be highly uniform, especially
radially while decaying slightly axially.

One or mutiple Receiver coils read out the response of the excited tissue. This can be
the same RF coil that is used for excitation or a set of dedicated coils. As the precessing
magnetization causes induction in the receiving coil(s), the flux in the receiving coil changes

causing an electromotive force
0P

ot
The picked up signal is further split up, multiplied by coswgt and sinwgt respectively and low-
pass filtered to get the in-phase signal I(t) and the quadrature signal Q(¢). These signals are
then quantized, yielding I(t) as the real and Q(t) as the imaginary part of the signal.

The excitation forces the magnetization off from its equilibrium state and thus induces relax-
ation back to the equilibrium again after excitation. This relaxation can be separated into two
components: longitudinal and transverse relaxation.

The longitudinal component can be described as a return to the equilibrium state of the
magnetization on the z-axis

€ =

dM, M, — M,

dt T,

where M, is the equilibrium nuclear magnetization, which is proportional to the applied magnetic
field By [6R]. The solution to this equation is

M, = M, + (M,(0) — M.)e ¥/™.

Ty is the longitudinal relaxation time or spin-lattice time. It is proportional to the applied field
strength and thus lengthens when By is increased in strength. Practically, it is the time that it
takes for M, to return to 63% of its thermal eqilibrium state M, [R, 60].

The transversal component can be formulated as a decay process

dMyy My,
dt T

Accordingly, T» is the transverse relaxation time, also called spin-spin relaxation time. Solving
the above equation gives
My = Me /T2,

It is less dependent on the By field strength and 75 < T; holds always. 75 is more rapid, the less
mobile the spins are, i.e. T5 is larger in water than in solids. Practically, in one T, M, loses



relaxation of longitudinal magnetization relaxation of transverse magnetization

M. cq(1—1/e)

Figure 2.3. Left: T relazation curve shows the return to the equilibrium state [69]. Right: T
relazation curve visualizes the transveral magnetization decay to zero [10].

Tissue T [ms] T [ms]
Grey Matter (GM) 950 100
White Matter (WM) 600 60
Muscle 900 50
Cerebrospinal Fluid (CSP) 4500 2200
Fat 250 60
Blood ~ 1400 ~ 180 — 250

Table 2.1. Longitudinal relaxation T and transversal relaxzation Ty times for typical tissue types at 1.5
T main magnetic field strength [67).

63% of its magnetization right after excitation. Typical T} and T values for common tissue
types at 1.5 T are shown in table .

In order to ease the description of the following concepts, the notions of the lab and the
rotating frame will be introduced now. The laboratory frame is the frame of reference from
the view in which the room or the scanner is anchored. The coordinate system is defined based
on the By field, where the z-axis is in the direction of the By field, i.e. from the feet of the
subject in the scanner to its head. The z-axis is parallel to the floor, while the y-axis is parallel
to the walls. Put differently, y corresponds to the height,  to the width and z to the depth
of the room. In this frame, we can observe rotation/spin, precession and rotation. In contrast,
the rotating frame, the rotational/spinning and the precessional behavior is factored out, such
that only the nutational information is preserved. This can be achieved with a transformation
of the xy-plane, while the z-axis stays the same as in the lab frame. Intuitively, the xy plane in
the rotational frame is rotating at frequency w relative to the xy-axis of the lab frame. This is
depicted in 2.

The equation of motion for a system of spins in the lab frame can be described by the Bloch
equation, which consists of the precession & nutation, the transversal and the longitudinal
relaxation terms:

dM Myi+M,j (M, — M)k
—— =M xyB - LA :
dt =7 T, T
B aggregates the static By field, the excitation Bj(t) field and the gradient G(t) fields.

Let Mgr = (Mx/, My, Mz)T, Br = (B:E/, By/,Bz), R, the rotation matrix around the z-axis,
M = R,(wt)Mpr and B = R,(wt)Br. When defining the tranverse magnetization as complex
MRg(t) = My (t) + M,y (t) for the rotating frame and M (t) = M,(t) + iM,(t) we can relate the
lab and the rotating frame via

M(t) = Mp(t) exp —iwt

and with w the Larmor frequency, M, and M, become constants without excitation pulses.

10



2.1. MAGNETIC RESONANCE IMAGING

Figure 2.4. (a) An excitation pulse causes the magnetization towards the transverse plane in the
laboratory frame. (b) The same phenomenon in the rotating frame. Note how the spiral with the z-axis
as center is transformed into a geodesic [58].

With this we can reformulate the Bloch equation in the rotating frame

dM Myt + My j (Mz —Me)k
- M Bog — v _
i R X 7V Deff T T )
where w
Bet = =%+ Br

and wr = (0,0, —w).

Transceiver

Patient
Figure 2.5. A conceptual visualization of the gradient coils of an MRI scanner [48].

A Gradient system is used to select regions of interest from the full organism and to iterate
over different regions.
In figure 233 the coil for gradients in the z-direction is shown in green, which spans the head to
the feed of the patient. The z gradient coil is shown in red and spans left to right of the patient.
Lastly, the yellow part shows the coil to generate gradients in the y direction which spans back
to chest of the patient. These coils are opperated at a very high current and voltage and thus
requires internal water cooling.

Spatial information is encoded in three ways:

¢ slice selection

11



e phase encoding, and
e frequency encoding.

The gradient coils do also serve to cause spin de-, re- and pre-phasing to minimize artifacts,
after slice selection and before readout respectively. Finally, the images can be sensitized or
de-sensitized to motion, which will be used in DWT [3].

The gradient fields generated are usually measured in mT and depend on the size of the field
of view. The literature states 50 — 100 mT / m [8]. Further, the gradient fields are parallel to By
and thus only add or subtract to By in the z-direction. They vary spatially in a linear manner,
depending on the slew rate Sg [T/m/s].

The z-gradient G, is typically generated by a Maxwell pair coil operated with equal-and-
opposite currents, causing a By field variation in the z-direction while being highly unifrom in
the transverse plane. For both the x-gradient G, and the y-gradient G, Golay pair coils which
in turn cause a linear variation in the By field along the x and y direction respectively, while
being highly uniform in the yz and xz plane respectively [9]. These gradients cause an increase
or decrease in spin precession in the rotating frame, causing an isochromat to emerge, i.e. a
plane where the spins precess at the same frequency, as well as faster and slower precessing spins
above and below the isochromat.

Mathematically, the gradient fields can be described as inhomogeneous B fields whose z-
component varies along the gradient direction. For the x gradient field for example, with G,
the gradient amplitude and = the position relative to isocenter, we get

Bg.(z) =Gy - x.

As we have three gradients along the respective axes, and with 7= (x,y, z) the offset from the
isocenter, for the gradient field we have

Baa (7o) = (Ga(t) -2+ Gy(t) -y + Go(t) - 2)k = (G (1) - Tk
Thus, overall we get the following expression for the magnetic field
B = Bok + (C(t) - 7)k + BE(t) (cos (wrpt + 0) i — sin (wgpt + ) 5)

Now let us revisit the Larmor frequency in the rotating frame, i.e. where the frame of reference
rotates at frequency w = vBy around the z-axis

w= ’y? = ’ya(t) T =w(7,t).

First, this means that the Larmor frequency is now dependent on the position of the region
of interest (ROI) and the time and we can control it locally using the gradient coils. Second,
depending on how strong and how long the gradient pulse sequence is turned on, the more phase
offset we get, i.e.

oG = /0 8(7) ST (7)dr.

If we assume that the phase offset is caused by a rectangular waveform in one dimension, for
example x we have

da(x,t) =Gy - x - t.

To select a slice, a spatial gradient of frequency of constant magnitude in one dimension, an
RF pulse with frequencies matched to the slice and a re-phasing gradient are reuquired. The
former two actually select the slice, while the latter re-phases the spins within a slice to increase
the signal-to-noise ratio (SNR). The selected slice is in the plane that is perpendicular to the

12



2.1. MAGNETIC RESONANCE IMAGING

direction of the applied gradient and its thickness depends on the strength of the gradient and
the excitation bandwith, i.e. the step size with respect to wrp.

With that and using Farraday’s law of induction we get the MRI signal equation

S(F) = / May(7,0)e 2 F T g7

where M,, is the transverse magnetization of the object in the scanner and 6*1'2”?7 is the
encoding term rastering through k-space. The acquired data has units of inverse length, i.e.
spatial frequency. Thus, the Fourier transform of the acquired data is an image of the object
under inversigation.

Generally, k-space can be defined as

— v (7
k() /0 @t

" 2r

So far we discussed slice selection. However, that is only one part of the encoding term and does
not explain, how data is acquired in k-space. In order to sample data in k-space, we need to
encode two more dimension which is done by phase and frequency encoding.

Phase encoding occurs after excitation and before readout. This is done by applying a gradient
pulse with a different magnitude each repetition of the acqusition loop. Usually one phase
encoding step is applied per echo. In terms of k-space it is an offset from the origin to higher
frequency regions depending on the pulse length and strength of the pulse. The longer or the
stronger the pulse, the further the offset from the origin in k-space. This is depicted in Z8: G|,
corresponds to the phase encoding gradient in (a). In (b) we can see how two different phase
encoding amplitudes generate a different offset (the arrows pointing to the top left). It can be
applied either in one direction for 2D imaging or in two directions for 3D imaging and can be
combined with other pulses, like for slice-selection or rephasing. The resolution depends on the
number of phase encoding steps per slice, as well as the duration of the gradient pulse and its
amplitude.

Frequency encoding is mutually exlusive with other simultaneous pulses. It’s also called
the readout gradient and usually consists of two steps for gradient echo sequences: the pre-
phasing pulse is used to dephase the spins such that the readout rephases the spins and the
peak amplitude is reached at echo time. The actual readout consists of a constant magnitude
gradient pulse and add linear spatial variation of the precession frequencies in the slice. Spin-
echo sequences usually do not have a pre-phasing pulse. In P8 we can see that G, is the
frequency encoding gradient, consisting of the pre-phasing and the readout. The latter enables
the acquisition across a line in k-space (horizontal arrows).

Finally, Computers control the different coils, store the measurements and reconstruct images
from the measured magnetizations as shown schematically in 277

Overall the components of MRI scanners are not as ideal as presented here. Both By and Bj
may posses inhomogenieties, while gradient coils act rather non-linear than linear. Gradients
induce currents — called eddy currents — in nearby conducitve structures. Concomitant fields
are another example of noise that emerges in real world hardware. Most of these noise sources
are addressed by either hardware or software, while mitigating some is still a field of active
research.

Using the excitation and the gradient system now allows to construct different excitation
sequences. The two most basic types are gradient echo and spin echo sequences. An example

13



Figure 2.6. Sampling in k-space is done using phase (G) and frequency (G;) encoding. In (a) a timing
diagram of a gradient echo sequence is depicted. The corresponding k-space sampling trajectory is shown
in (b). The horizontal arrows correspond to the frequency encoding of the readout, while the more vertical
arrows correspond to the offset by the phase encoding gradient [58].
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Figure 2.7. Block diagram of the components in an MRI scanner system [17].



2.1. MAGNETIC RESONANCE IMAGING

of a gradient echo sequence is shown in ZZ8. It uses the frequency-encoding gradient to refocus
the phase of the spins in the region of interest. Gradient echo sequences have shorter repetition
times Tg enabling faster imaging. After the echo, some transverse magnetization remains,
leaving options to generate different image contrasts, as shown in EZ3.

& TR P
<« TE ——>
RF
i
GX
A
G

. [ \P?
z Spoiling
\—/ Options for
Signal -“‘-ﬁw;i"-' Contrast
]

Gradient/Echo

Figure 2.8. Timing diagram of a gradient echo sequence [30]

On the other hand there are spin echo sequences, which re-phase by initially applying a 90°
pulse followed by 180° pulses per Tr rephasing pulse that flips the phase causing the dephasing
factors (for example inhomogenieties) to rephase the spins. An example is shown in 279. Notice,
that the readout gradient does not have a pre-phaser and that there is an initial 90° pulse
followed by a 180° flipping pulse as just mentioned.  Spin echo sequences can be used for

TR

TE
TE/2 TE/2

90° 180° [\ 90°
RF-Signal /\ e 7] /\

Frequency-encoding / \ y N 1/

gradient 77

Phase-encoding [\ 7.

gradient EE/ iz

Slice-selection / \ 17

gradient C‘- " Time
Loop x Np

Figure 2.9. Timing diagram of a spin echo sequence [43].

generating a wide range of contrasts depending on the echo time Tk and the repetition time
Tr. If both T and Tgr are short, there is incomplete recovery of the transverse magnetization
and the image will be T1-weighted. When both are long, the signal can recover fully yielding a
Tr-weighted image.

15



2.1.2. Balanced Steady-State Free Precession Imaging

Balanced steady-state free precession is a gradient echo sequence with short T, thus it enables
rapid 2D or 3D imaging. It is fully balanced in the sense that in one T the gradient moments
will integrate to zero on all three axes. A timing diagram for the sequence is shown in P10
A steady state is reached after a sequence of initial pulses, that are not used for imaging but

qﬂf balanced SSFP Qﬂ,«
TR

T O O [

TE —

|
e o & te & o |
B BEam

Figure 2.10. Timing diagram of a bSSFP sequence. All gradients integrate to zero per axis [74].

merely to reach the steady state of the spin system in the ROI. Neglecting off-resonance effects,
the magnetization is repeatedly tipped back and forth around the z-axis. The magnitude of
the magnetization stays relatively constant, once the steady state is reached. However, the
magnetization moves on the surface of an elipsoid with the RF flipping between two planes that

are an angle o appart. This ellipsoid has an eccentricity of y/T5/T1, meaning that the contrast
of the resulting image is T»/T) weighted.

When acquiring an image using bSSFP, there are off-resonance effects.
Z z Z z
L] L] o L]
a2 -t +ao -0
a ' X ' X ' X ' X

— 051,

The flip angle « is

0.41
o2

a=60" 0_3:

b RF-pulse number

Figure 2.11. (a) Tipping back and forth of the magnetization around the z-axis without dampening. (b)
The same as a with relazation included leading to an oscillating steady state [74].

constant, when disregarding off-resonance effects. Taking the off-resonance effects into account,

the effective flip angle 5 emerges, that is always larger or equal to a. The dephasing angle within
one Tg 0, the flip angle o and the effective flip angle 5 are related by

tan(a/2) = tan(3/2) cos(6/2)

Intuitively dephasing due to field inhomogenieties — among other factors — leads to a deviation
from the on-resonance condition where the rotation around the z-axis is spherical. This rotation
is described as a rotation by 6 around the z-axis, causes that the excitation pulses have a differ-
ent effect on the magnetization, disturbing the spherical oscilation of the magnetization around

16



2.1. MAGNETIC RESONANCE IMAGING

the z-axis. On the one handside, this causes the magetization to be aligned along the z-axis,
providing a refocussing mechanism like in spin echo sequences. On the other handside, the dis-
turbance of the spheriocal oscillation causes dephasing. The signal is attenuated proportionally
to the amount of dephasing. When the effective flip angle reaches 180°, the signal vanishes
completely, while when there is no disturbance of the spherical oscillation, the signal intensity
is maximal. These off-resonance effects give rise to the characteristic signal-(off-resonance) fre-
quency response profile of bSSFP images, as well as banding artifacts due to the signal drop at
0 = +m [75].

y Y L 1
ot ~— b Pa ?
i X ;._ﬁ"x B '}j'*x X
£ —8
-
d 0=0° 0=60° 0=120° 0=180°

=
=

=
=

Iransverse magnetization
=] =)
i a

=
=]

" 2 0 w2 n
L‘,I phase offset 0 between ta pulses

Figure 2.12. (a) Position of the magnetization vector in the xy plane depending on the dephasing 6.
(b) Signal magnitude as a function of the dephasing angle 6 [7i].

Finally, the complex steady state magnetization directly after the RF pulse is applied is given

by .
M(t = 0) = My(t = 0) + iM,(t = 0) = —%(1 — Ey)sin(a)(1 — Eye )
D = (1— Ejcos(a))(l — Ezcos(f)) — (E1 — cos(a))(Eq — cos )
with E; = e Tr/Ti, The Magnetization at time ¢ after an RF pulse is
M(t) = M(t)e t/Teei?®)

with ¢(t) = t/Tr - ® where ® is the off-resonance related phase accumulated during each Ty [57,
2.1.3. Diffusion-weighted Imaging

The Bloch equations can be extended to include diffusion effects using Fick’s law of diffusion.
This is called the Bloch-Torrey equation [84]:

dM = Myi+ M,j (M, — M)k —
OV Mg x4 Beg— 2t ™M) M — MR | po2pf
dt R X7 ff T T, + DV )
where o
BeﬁZTR_'_gR)

wr = (0,0, —w), and D is called the diffusion tensor.
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Spins are thermodynamically driven to exchange positions. This process is irreversible and
can lead to signal attenuation. Diffusion is modelled as a random walk by Fick’s law. Adapting
this to the diffusion of magnetization in one dimension, there is a probability of the spin moving
left or right with each having the probability of 0.5 in the 1D case, 0.25 in the 2D case and 0.16
in 3D. This gives rise to a Gaussian probability distribution for all spins for the gD case of

1 72
exp ———
Varn Dt 4Dt

In the case of free or isotropic diffusion the diffusion in all directions is similarly strong and
will lead to a similar diffusion coefficient D. Contrary, if the diffusion is aniostropic or restricted,
the probabilities for moving in a certain direction are dependent on the direction. This means
the diffusion coefficients D are equal or similar for the isotropic case. For example in an axon,
particles can move along the axon (in the axial direction) rather freely while being highly re-
stricted in the radial directions. In this case the diffusion coefficients D are different from each
other.

P(r,t) =

The phase induced by a gradient can be formulated as

o(t) = /0 C )7 (r)dr

where 7(7’) is the history of the spin based on the random walk formulated above. For stationary
spins, phase is added by the positive part of the bipolar gradient pulse, while the negative part
undoes that phase addition. For diffusing spins doing the random walk, phase is accumulated to
a non-zero value. This transfers to systems of spins. So the larger the phase spread, the higher
the diffusion. The longer and stronger the gradients are, the higher the sensitivity to diffusion.

The diffusion-weighted MRI (DWI) signal can be formulated as

S = Spe V9D,

with S the DW signal, Sy the signal without diffusion effects, D the diffusion tensor (DT), g;
the diffusion encoding gradient unit vector, and b the b value.

The b value is a free parameter which is to be set by the exeprimenter. As e *” is a dampening
factor, diffusion always attenuates the signal amplitude. Specifically, b has units of [mm?/s],
is usually on the magnitude of [100,3000], and controls the signal attenuation induced by the
diffusion. Thus, a high b value leads to high diffusion sensitivity but low SNR, while a low b
value causes low diffusion sensitivity with a high SNR. For example a b value of 1000 causes
95% signal attenuation for freely diffusing water. As in biological tissue the diffusion coefficient
is smaller than that of free moving water, the signal attenuation of water can be used as a lower
bound. Diffusion coefficients for typical brain tissue types are shown in table P22

D

Tissue Diffusion Coefficient [1076 mm? / s]
WM 670 — 800

Cortical GM 800 — 1000

Deep GM 700 — 850

CSF 3000 — 3400

Table 2.2. Diffusion coefficients for typical brain tissues [77, [34].

The gradient pulse that induces the diffusion weighting needs to be designed in such a way,
that it does not add phase to stationary particles. This is the case for bipolar gradients for
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2.1. MAGNETIC RESONANCE IMAGING

example. Duration and amplitude of the pulse depend on the b value by
2
h= 572G2537

for gradient echo diffusion weighted imaging and by

)
for spin echo diffusion weighted imaging, where G is the gradient amplitude, § is the pulse
duration and A the duration between the gradient pulse beginning and the refocussing pulse.

When applying a bipolar pulse to stationary spins, the phase of the spins depends on their
position on the positive lobe, while undoing the phase addition on the negative lobe. Doing the
same with diffusing spins, the positive lobe causes a phase addition and slight attenuation while
due to the movement of spins, the phase cannot be refocussed and the signal further attentuates
strongly.

For spin echo sequences, the positive lobe is applied before the refocussing pulse, then there is
a slight delay, followed by another positive pulse (as the refocussing pulse inverts the spins). As
we want maximal diffusion weighting and short sequences, the gradient amplitude is fixed at its
maximum value G4, such that § and A are the left over free variables and chosen in trade-off
with b.

The diffusion weighting gradients can be applied using each gradient coil either separately or
a linear combination of them. In order to obtain diffusion information in all spatial directions,
different linear combinations of gradient coils applying the DW gradient pulse are needed. The
experimental setup to acquire diffusion tensor images (i.e. gathering diffusion coefficients in all
directions) is the following:

b=~2G?0*(A -

1. Set b = 0, measure Sy.
2. Set b # 0. For j € {0,..., N; € Ny}, measure Sj.
3. Calculate D and it’s Eigenspace to extract the diffusion coefficients.

A high singal loss induces a high diffusion coefficient and vice versa. From the Eigenspace of
the diffusion tensor per voxel, different scalar measures can be calculated. Let Ay, A1, Ao be the
Eigenvalues of the diffusion tensor for a fixed but arbitrary voxel and vg, v1, v2 the Eigenvectors.
Let the Eigenvalues and Eigenvectors be sorted by Eigenvalue ascending. The axial diffusivity
is simply the value of the largest eigenvalue

AD = Xg,
the radial diffusivity is the mean of the smallest two eigenvalues

Ao+ A1

D=
R 5

the mean diffusivity is the mean of the Eigenvalues
2
MD = Dizo i
3 )
the fractional anisotropy is the fraction of the variance of the eigenvalues normalized by the root
sum squared of the eigenvalues weighed by a factor

T/ (A — )
FA — vﬁ =0l
7, O>\2
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with A the mean of the Eigenvalues. Finally, the direction of the diffusion can be calculated
by means of azimuth and inclination in polar coordinates where arctan is used in the sense of
atan?2 correcting for quadrants

Azimuth = arctan (1}2[1])
V2 [0]
2
Inclination = arccos Uz—”
Y7o valil?

and an RGB image of the major direction of the diffusion can be generated by

RGBZ =FA - () [Z]

2.2. Deep Learning

Machine learning (ML) gathered a lot of attention in the last decade. Specifically, neural net-
works (NN) were a main focus of ML research [00, 27, d6]. Deep learning (DL) is a sub-area
of neural network research, where many layers are stacked on top of each other, such that the
network is considered “deep”. In this section, neural networks as well as their building blocks
will be described shortly. Common neural network architectures used in practice will be intro-
duced as well as the algorithm to train those networks. Finally, recent work in the fields of
image-to-image generation and medical imaging will be presented.

2.2.1. Fundamentals of Neuronal Networks

A neural network is — in its most basic form — defined by several components:

o A set of topological constraints — also called the architecture — T,

a set of learnable parameters 6 consisting of,
— weight and bias parameters Oy,

— activation function parameters 64,

additional intermediate functions like normalizations,

hyper-parameters that are non-trainable and to be optimized by the user or a secondary
optimization procesure like grid search like the learning rate ¢, and

e a loss function L.

The topological constraints define to which neurons the input is fed, which neurons will provide
the output values, as well as how the information flows in the network or put differently, which
operation is to be applied when.

In its simplest form a neural net consists of a single neuron with n inputs xg, ..., x,, weights
and biases for each input wy, ..., w, and by, ..., b,, an activation function f4, parameters to the
activation function 84 and outputs a single value with n € N as shown in ZI3. This is called a
perceptron or McCulloh-Pitts-neuron [73, 63]. The output is then computed by multiplying
the inputs with the weights and adding the bias, summation of the resulting vector and the
application of the activation function, as shown in P14

n—1

FOT50) = fa(d (@i - wi) + bis 0.4).

=0
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Bias
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Figure 2.13. Visualization of a perceptron

— —
AsW-Z+b = (W, b) (7, ?), we can add the bias term as another weight variable and
reformulate Ask Flo

n
f(7;0) = fA(Z(fL"z' w;);04).
i=0
In the following and in agreement with the basic definition of a NN, bias vectors will be treated
as part of the weight matrix.
Perceptrons can be stacked on top of each other, but also next to each other. Stacking on

@

Figure 2.14. The computational graph of a perceptron inference. o is the activation function [24].

top is straight forward: connect the output of the first peceptron to the input of the following
one. Stacking horizontally is usually done using matrix operations and delaying the activation
function application until the matrix multiplication of the inputs and the weights are finished.
Note that this is only possible when using the same activation function across all neurons in
such a horizontal stack. This horizontal stack is called a layer and can be extended to stack in
2D or 3D depending on the dimensionality of the input data.

In order to enable this construct to learn, two more components must be provided: the loss
function and the optimization algorithm. The loss function is a function that quantifies the
distance between a ground-truth and a prediction. Often metrics are used like the L; or Lo
norm, but generally, every function that maps an output of the NN to a real number is usable.

| N1
Li(y,9) = N Z |9i — vl
i=0

The optimization algorithm minimizes the loss function in order to minimize the differences
between the desired output and the actual output. The foundation for most optimization algo-
rithms used in practice today is called gradient descent. It uses the gradient V of a function to
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find its minimum by iteratively adjusting the argument in the direction of the steepest descent
of the derivative. ' ‘ '
0 = 0" — eVL(f(;0"),y),

where € is a user specified parameter called the learning rate and y is the ground-truth. Notice
that this introduces the constraint of differentiablility to all components in the neural network.

In a NN with multiple layers, the network can be viewed as a level-wise function composition:

F(@50) = iWLfili(Wie ... L(WAT)))

As we do not only have a single variable that is to be adapted but a set of variables, connected by
a certain topology, back-propagation is needed. Back-propagation uses the chain rule to spread
the changes within the network, computing the gradient of one functional unit at a time while
avoiding to recompute intermediare terms in the chain rule [87]. Often multiple input samples
are processed in one step and the loss function is averaged over the batch. Usually the weights
(and biases) of a NN are initialized randomly or using some initialization procedure that has
shown to be effective empirically, like the Xavier initialization [25].

Neural networks have been proven to be universal function approximators, i.e. can learn any
function of arbitrary complexity, when given enough parameters, appropriate topology and a
suitable loss function [X1].

The two most common settings are classification and regression tasks. Classification takes an
input and produces a discrete output — usually a class label — while regression outputs a
continuous value.

Now commonly used layers, that are also used in this work will be introduced. We already saw
the basic architecture of a dense layer: horizontally stacked perceptrons forms a dense layer. It
is called dense as every input is potentially connected to all neurons (potentially as the weight
can be zero after learning). This is then executed as a dense vector or matrix multiplication,
again depending on the input dimensionality, followed by the application of the activation and
other intermediate functions. Usually these layers are used as the final layer in a regression task,
however for large inputs this is unfeasible as the layer would need

dl-dz-dg-c

neurons, where d; is the output dimensions and ¢ is the number of channels with each neuron
being connected to all neurons in the previous layer. For example with an output size of
(96,128,128) with 6 channels and 48 - 64 - 64 - 24 neurons in the previous layer, this would
require ~ 22 trillion weights or ~ 22 x 328 = 704 TiB.

Convolutional layers are frequently used for image input data. Instead of connecting every
input voxel (or pixel) to all neurons in the layer, convolution operates by learning a kernel
of user defined size that is slided over the image. This keeps the amount of parameters low
while still being able to process the full input. However this requires the multiplication of the
input with the kernel multiple times, outputting one value per evaluation. The application of a
convolution operation on a whole 2D input is shown in EZT8. The convolution operation can be
defined mathematically for the 3D case for a single evaluation as

C(?, i,7,k;0) = Z Z Z $i+m,j+n,k+ow7f§,n,o

where W are the weights of the kernel. Deconvolution or transpose convolution works analo-
gously, just that the input is slided over the zero-padded kernel. For details on the arithmetics
of convolution and deconvolution operations including padding, strides and dilation, the reader
is refered to an excellent review [I7]
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2.2. DEEP LEARNING

Figure 2.15. Application of the convolution operation on a 2D input. For each element in the output,
the convolution is applied once to the input image and then slided to the next position [I1].

Activation functions are the major souce of non-linearity in NNs. They are usually applied
element-wise after the input-weight multiplication. Common examples of activation functions
are the sigmoid function shown in 218 on the left handside

o(z) !

1+ exp(—x)’
the rectified linear unit (RELU) [56] shown in the middle in 216
g(x) = max0,x ,
or the parametrized rectified linear unit (PRELU) [34] shown on the right in 218
T x>0
xr,0) =
9(@,6) {aax xz <0
where a is a trainable paramter and usually close to zero.
Normalization layers were introduced to make training more stable and to increase the speed

of convergence [d1]. The most commonly used normalization operations are shown in 27 and
shortly described below.

o batch normalization [41]: computes the mean and variance of a batch of inputs per channel
and normalizes the inputs to zero mean and a standard deviation of 1.

o Layer normalization [2]: computes the mean and variance of a sample across all channels
and normalizes the inputs to zero mean and a standard deviation of 1

o Instance normalization [8G]: computes the mean and variance of a a sample across one
channels and normalizes the inputs to zero mean and a standard deviation of 1
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Figure 2.16. Left: Sigmoid function. Middle: Rectified linear unit. Right: Rarametrized rectified
linear unit [34]

o Group normalization [95]: computes the mean and variance of a a sample across a group
of channels and normalizes the inputs to zero mean and a standard deviation of 1

Batch Norm 3 Instance Norm Group Norm

Figure 2.17. Visualization of how the mean and variance is computed for each normalization operation
that is used in practice.

Drop-out layers are used to mask parts of the neurons in a layer in a probabilistic manner
to decrease overfitting, i.e. to improve generalization [82]. Overfitting is the phenomenon that
occurs when a machine learning model is trained for many epochs on the same training samples.
When unseen samples are presented the network performs significantly worse than on the training
data. A conceptual visualization of multiple dropout layers in a network is shown in PZIR.
Drop-out also improve the robustness of the NN to artifacts & noise and serves as a passive
augmentation technique, as when dropout occurs, it appears to the network as if the input has
been masked randomly.

(a) Standard Neural Net (b) After applying dropout.

Figure 2.18. Abstract visualization of dropout [82].

24



2.2. DEEP LEARNING

Pooling layers are used to reduce the dimensionality between layers or blocks of layers. Re-
ducing the size of the representation is essential in two ways: first, it reduces the computational
costs in subsequent layers, while second it compresses the representation that was usually ex-
panded to more channels. The second part is closely related to convolutions, in the sense of
that convolutions usually slightly reduce the spatial size of the representation while expanding
the number of channels. As the number of channels is usually increased by a factor per layer or
block by a constant factor (e.g. 2), the spatial dimension only shrinks by a factor that is smaller.
Pooling is also used to add spatial invariance, for example permutation invariance within the
pixels that get pooled together [26]. To accomodate for that pooling is used. The two most
common pooling operations used in practice are MaxPooling [99] and AveragePooling [24]. Max
pooling groups a number of pixels together and returns the maximum per group. This is rela-
tively sensitive to outliers but preserves strong signals in the network. Average pooling returns
the average of a group of pixels. While it is not as sensitive to outliers, it may decrease the
entropy of the signal. A visualization of both operations in shown in Z19.

Max Pooling Average Pooling
29 | 15 | 28 | 184 31 | 15 | 28 | 184
0 (100 | 70 | 38 0 100 | 70 | 38
12 | 12 (e 2 12 | 12 A
1212 | 45 | 6 12|12 | 45 | 6
2x2 2x2
pool size pool size
v 4
100 | 184 36 | 80
12 | 45 12 | 15

Figure 2.19. Maz pooling (left) and average pooling (right) visualized for single channel 2D input from
the previous layer.

Skip connections or residual connections were introduced by [33] in order to reduce conver-
gence time and increase accuracy. Essentially, skip connections cause convolutional layers (in
combination they are used very commonly) not to learn an unreferenced presentation but rather
to extract the desired change in representation. This is done by “copying” the input to a layer or
a block, then performing convolution, activation and normalization and finally adding the input
to the layer to the output. Again, this encourages the convolution operation to only address the
changes from the identity mapping that are beneficial to the task instead of learning to conserve
the general representation of the input from the previous layer as well. Thus they can be seen
as a kind of shortcut [33]. An illustration of a skip connection in the architecture of a block is
shown in 2720.

2.2.2. Architectures

Various deep learning architectures have been proposed in the past. The more successful ones
are convolutional networks, generative adversarial networks, transformers and stable diffusion
models [90, 27, 46, R0, @49]. Here we will focus on convolutional networks mostly.

A convolutional neural network uses convolutions, activation functions, pooling, and dropout
as major layers in the network topology [26]. Modern architectures use the notion of a block
which groups a number of these layers together into a unit and reuses these blocks with different
input and output shapes, thus the number of total learnable parameters. An example is the
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Figure 2.20. Diagram of a block in a neural net that incorporates a skip connection [33]. Weight layers
stand for convolution or dense layers for example.

ResNet Block shown in [33]. In this example, a block consists of a convolution, followed by
an activation function, another convolution, the addition of the skip connection (i.e. the input
to the block) and another activation function application. Usually dropout and normalization
layers are also included.
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Figure 2.21. The architecture of the UNet NN

An extension of this method is the UNet architecture initially designed for the segmentation
of cells in photomicrographs [[72]. It is shown in EZ21. There is a contracting part that decreases
the dimension of the input by a factor of approximately 2 per level, while doubling the number
of features. As we can see, this network employs two convolutions and ReLLU activations follwed
by a max pooling operation per block in the contracting stage. The expanding path undoes the
change in dimensionality at least partially, i.e. it increases the spatial size while decreasing the
number of channels at each level. An expanding block first upsamples data by applying transpose

26
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convolution (also called deconvolution) and then applies two convolution operations along with
ReLU activations. Overall there are 4 of these blocks each on the contracting and on the
expanding path. Blocks at corresponding positions between the paths have skip connections: the
output of the first contracting block is concatenated to the expanding block after the upsampling.
Finally, there is a final convolution with kernel size 1 to infer the output segmentation labels.
This architecture has won the 2015 ISBI EM segmentation challenge [[76] and is since then one
of the goto models for many problems, as well as the foundation for other model types like
diffusion models [71].

2.2.3. Training

Usually, the previously briefly introducted gradient descent method in combination with the
back-propagation algorithm is employed to train the NN. As often not only a single data sample
is processed but multiple together in a batch, the loss and the gradient update are performed on
the mean of the loss of a batch. This renders the implementaion of the gradient descent method
stochastic and is called stochastic gradient descent. Multiple extensions have been proposed, to
increase the speed of convergence, to avoid getting stuck in local optima and to regularize the
solution with additional constraints (e.g. on the absolute value of the weights) [74]. One such
extension is called AdamW [51]. It is based on the the adaptive gradient-based optimization
method Adam [44], which uses estimates of the first and second moment (mean and uncentered
variance) of the gradient to include momentum to the parameter update. AdamW additionally
introduces a decaying of the weights into the optimization procedure in order to increase sparsity
into the model (reduce the number of calculations potentially in matrix multiplications) and to
fight overfitting.

Given the architecture, the initialized weights and a dataset, the dataset is split into a training
set and a test set that will not be used during training but rahter to compute prediction metrics
on unseen data samples to evaluate generalization of the model. The algorithm is then executed
and the weights are updated. Training on the training dataset once usually leads to underfit-
ting, i.e. bad predictions as the weights have not been adapted enough. Thus, the training
reiterates on the training set multiple times. A single iteration of the optimization algorithm on
the weights and dataset is called an epoch.

Another way to target overfitting is early stopping. For that, a small part of the training set
is split off to be used for validation at the end of each epoch, which computes the loss function
on the validation set which is also unseen during training. If the validation loss does not further
decrease (while the training loss might still), the training is stopped to achieve close-to-optimal
generalizability [67, 23]. This procedure is visualized in 2222

For tasks that prove to be difficult like question answering or image generation, pretraining
has proven to be effective [65, 92]. An auxiliary task is used to train the model with an auxiliary
dataset which can be orders of magnitude larger than the actual dataset for the task at hand. In
a second step the model is then trained on the actual task dataset. Not only does this improve
the prediction metrics of the final network, it also increases the speed of convergence. FEarly
work on neural networks in the 1960s and 70s has additionally established the notion of transfer
learning [6]. Here a network trained on another task and dataset that is related to the actual
task is taken as initialization of the parameters for the actual task. During training, only the
parameters of the output layer or block of the new network is adapted. Then, the learning rate
is reduced by one or two orders of magnitude and either the layers are gradually unfrozen step
by step or the full network is set to trainable. Many variations of this procedure have been
developed in the past and are reviewed in [62] as well as extended in [I5].
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Figure 2.22. The ecarly stopping method visualized in terms of loss functions [23].

2.2.4. Image-to-lmage Translation

The task of image-to-image synthesis (or generation or translation) is to convert an input im-
age from one domain to another. Examples include super-resolution, style transfer and image
inpainting [59]. There is large variety of proposed NNs to solve this problem, as shown in 2Z23.
Most of these architectures use generative adverserial networks (GANs) and variational auto-
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Figure 2.23. Previously proposed methods for image to image translation [59].

encoders (VAEs) [27, @5]. These will not be elaborated on in detail but certain aspects of these
architectures are highlighted. Auto-encoders receive an input image and shall output the same
image. Architecturally they consist of an encoder and a decoder. Between these two there is
a representation of the input image in what is called the latent space. Auto-encoder variants
differ not only between the layers and the number of parameters but also introduce additional
mechanisms to ensure certain properties of the representation in the latent space [26]. The
previously described UNet architecture can be seen as an example for such an encoder-decoder
architecture where the contracting part is the encoder and the expanding part is the decoder,
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see 2211

Common loss functions used in other tasks usually do not work as well for image generation
tasks. The L; metric for example is able to capture low spatial frequency differences in the
image but fails to quantify the high frequency differences [42]. To tackle the problem of image
similarity quantification or put differently, to quantify the quality and perceptual differences
that classical loss functions cannot address different methods have been proposed for NNs.

GANs employ an architecture that has two basic parts, namely
o a generator, that generates an image given a vector (e.g. a noise vector), and

e a discriminator, which is trained to distinguish the generated image from a real image.
The discriminator serves as a term in the loss function of the generator.

The training of this network usually first updates the weights of the generator and then the
weights of the discriminator per batch. Due to this game-theoretic two-player game, the train-
ing has proven difficult in terms of convergence empirically.

An alternative to training a discriminator network is the use of a NN that was pretrained
on the target domain on a variety of datasets and tasks. Given such a pretrained network,
the top-most layers are discarded and both the generated and the corresponding true image
are passed one after another into the network. The Ls norm of the resulting vectors from the
last non-cut layer of the top-cut pre-trained network is then calculated such that a NN based
quantification of the differences in features of the images can be used as a loss fuction. This is
called a perceptual metric [98].

Already before the rise of NNs’ popularity, metrics have been introduced to quantify differences
in images, usually for applications in photography, TV and cinematic images. The peak signal
to noise ratio (PSNR) [dB] is defined as the logarithm of the maximal possible pixel value (e.g.
255 for grayscale or RGB images or 1 for normalized images) divided by the Lo norm of the two
images [66].

PSNR = 10 - log (n;ax)
2

Further, the structural similarity index measure (SSIM) quantifies the difference based on the
luminance [, contrast ¢ and the structure s of different windows of the images:

2piaply + 1
T Y) = 5t
Mz + Hy +C1

c(?, 7) _ 20,0y + C2

2 2
oz +oyt+c2

s(Z,7) = _Oayt 3

Oy +0y+cs
where p, and o, are the mean and the variance of the pixels in the window, o, the covariance
and ¢; = (k;L)? is used to stabilize the denominator based on the dynamic range L of the pixel
values and some constant k;. The SSIM is then computed as

SSIM=1+4+c+s

and is in the range [0, 1] where values closer to 1 mean more structural similarity.
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2.2.5. Deep Learning-based Image-to-lmage Translation for MRI

[89, BR, O, 96] propose methods to do the image-to-image synthesis problem from MRI. All of
these approaches use one of Ti-, T»- and PD-weighted images as source and target modality
each, that is a modality with a single channel. [91] and [8R] use unpaired data for training where
the dataset consists of a set of images, while paired datasets is a set of pairs of corresponding im-
ages. They employ coupled sparse representations [0], which is per se not a NN-based method.
[89] proposes a location-sensitive deep network on a voxel basis, mainly utilizing dense layers,
the sigmoid activation function and multiplicative interactions — an alternative to pooling that
the authers propose. The loss function is the Ls metric. [96] employs a conditional GAN, that
generates an image from an input image instead of a noise vector. The authors generate the
image slice-wise and use the PatchGAN loss, introduced in [42].

[6] generates the scalars computed from the diffusion tensor directly from 12-phase-cycle
bSSFP volumes in a voxel-wise manner. The Lo norm is used as a loss function along with
an uncertainty term that is used to output the uncertainty of the predicted voxel as well. The
network employs dense layers where the amount of neurons per layer and the number of layers
as well as the batch size are subject to a secondary optimization algorithm. Further, not only
the voxel to be predicted is passed as input to the network but also the neighboring 9 voxels.
The general method employed is shown in 2—24.

Phase-cycled bSSFP (complex)

. ¥ 12pc v
Imaginary Rea

N —

1

[ e e e e e e e e e e e e

==> | Hidden layer

F :

L d

L]

L]
— Hidden layer
Hyperparameter optimization
» #Hidden layers NoRaad
* #Neurons per HL Output layer oo

» Batch size *

v
Sum of Evaluation of NN performance
(on unseen testing data)

Ced
RD

S ————

Aziuth Inclination

Figure 2.24. The method employed by Birk et al. [4].
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3. Methods

In this section, the dataset used, preprocessing and details on how the estimations were generated
are presented.

3.1. The Dove Dataset

The dataset acquired for the DOVE study contains a variety of modalities recorded at 3T By
field strength (Ask Flo) using a Magnetom Prisma produced by Siemens Healthineers in
Erlangen, Germany with 64-channel receive head coils. Besides our main modalities of interest
— phase-cycle bSSFP and DWI — MP2RAGE Ask Flo [62] images were acquired as well.

The dataset contains 120 healthy subjects each of which was scanned multiple times in 3-5
sessions at different times of the day. Phase-cycle bSSFP data was acquired in 3 sessions for
most participants. The whole brain was imaged in 3D sagitally with 12 phase cycles with phase
increments uniformly distributed between [0°,360°]. A flip angle of 15°, an isotropic resolution
of 1.4 mm?, a Ty of 2.4 ms, T of 4.8 ms was used with a field of view of 224 mm and a band-
with of 401 Hz per voxel. To the best of the authors knowledge, this is the largest collection of
bSSFP images Aks Flo that has been acquired so far.

DWI was acquired in 4 sessions using an interleaved multi-slice single-shot SE-EPI DWT se-
quence with a b value of 1000 s/mm?, a resolution of 2mm isotropic, a T of 62ms, a Tx of
3500ms, a field of view of 220mm, fat supression using saturation.

Finally, magnetization-prepared two rapid gradient-echo T;-weighted images were acquired in
one session sagitally at a resolution of 1mm?, with a T of 2.98 ms, a Tx of 5000ms in a single
shot fashion with a field of view of 256mm and flip angles of 4° and 5°.

3.2. Preprocessing

Regarding preprocessing, BIDScoin was used to convert the dataset from a collection of DI-
COMs per scan to one NIfTT file with a folder structure complying to the BIDS standard [I0,
97, 28]. Nibabel was used to read and write data [7]. All modalities were then coregistered to
the T1-weighted image using SPM [21].

For bSSFP, the phase was rescaled from the scanner-produced range [0,4095] to radians
[—7,m] and phase correction was applied by multiplying the phase image of each of the 12
phase-cycles by a complex exponential with the phase of the sum of the complex data in the
exponent.

Phase corrected; = Phase; - exp (— iz (Z Complexi7m7y7z>>
x7y7z

Next, artifacts due to the Gibbs phenomenon were removed using DiPy [22]. The complex
bSSFP data were resampled to the resolution of the DTI data — 2mm?® — using FSL [79] and a
mask generated from the DTI images was applied. Finally, phase and magnitude were extracted,
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normalized to be in the range [0, 1] for each phase and magnitude across the whole dataset and
aligned into one channel alternatingly, such that the image has 24 channels, each contianing one
3D volume. One sample of the first two channels is shown in B, B2. In another experiment,

Figure 3.1. A data sample of the first channel containing the magnitude of the first phase cycle of the
preprocessed pc-bSSFP images that is fed into the neural network.

Figure 3.2. A data sample of the second channel containing the phase of the first pahse cycle of the
preprocessed pc-bSSFP images that is fed into the neural network.

a derived image is used: Instead of using all 12 phase cycles, only one phase-cycle is repeated 12
times to generate an image that have the information content of a single phase cylce only while
having the same shape.

DWI data was distortion corrected using FSL’s [79] TOPUP, the brain was extracted using
BET and Eddy currents were corrected with eddy. Then DTIFIT was applied to estimate the
diffusion tensor from the images, resulting in 6 channels corresponding to the upper triangular
tensor elements per voxel. Channels were then normalized to the range [0,1] across the whole
dataset where the diagonal elements of the tensor and the off-diagonal elements were normalized
separately. A sample of the first two channels is depicted in B=3 and B4.

MP2RAGE Ti-weighted images are masked and resampled to match the DTT resolution.
Then data was normalized to the range [0, 1] and repeated to 6 channels such that it matches
the DTT input dimensionality. A sample of this is shown in BH
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3.2. PREPROCESSING

Figure 3.3. Sample of the first channel of a preprocessed DTI corresponding to the D,, element of the
tensor.

Figure 3.4. Sample of the second channel of a preprocessed DTI corresponding to the D, element of
the tensor.

Figure 3.5. Sample of a preprocessed Ty -weighted image fed to the NN.
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3.3. Machine Learning-based DWI Tensor estimation from bSSFP
Data

Several libraries and frameworks are used to implement the neural network that predicts the
diffusion tensor from the inputs:

« PyBIDS [97] provides means to query a BIDS-compliant dataset to mitigate the overhead
of traversing the folder structure.

o TorchlIO [61] is a library for MRI-based data loading pipelines that supports extended data
augmentation.

o PyTorch [60] is a framework for programming neural networks providing layers like con-
volutions and transpose convolutions.

o PyTorch Lightning [IR] is an extension built on top of the Torch framework to ease dis-
tributed training, finding the pareto-optimal learning rate with respect to convergence
speed and quality and extended logging facilities.

o MONALI [iT] offers a set of pre-defined blocks, architectures, metrics and loss functions for
deep learning in medical applications.

o NumPy [B1] provides basic matrix and tensor functions in an efficient manner to post-
process data for example computing Eigenvectors and -values.

o Pandas [6R| provides data structures and functions to construct and aggregate tabular
data for evaluation of e.g. relative errors per voxel per image and aggregate them into
average errors per voxel per segmentation mask.

o Seaborn [93] and Matplotlib [40] are libraries for plotting data.

3.3.1. Data Sampling and Augmentation

Deep Learning requires many data samples to produces results of acceptable quality. As there
are mostly only two sessions per subject where both DWI and bSSFP were recorded, all bSSFP
samples are paired with all DWI samples per subject across sessions. The goal is to infer the
diffusion tensor for a subject, not necessarily specific or sensitive to variations in the time of
the day, daily differences and the like. If only the two sessions would be used, there would
only be about 250 data samples which is little compared to the thousands or even milions of
samples that NNs usualy require. When combining all images across sessions, we get 4 - 3 = 12
samples per participant instead of just two, resulting in approximately 12 - 120 = 1440 samples.
However as not for all subject, all sessions were recorded either due to subjects compliance to
the scanning schedules or other reasons, 1077 samples are available.

To further increase the non-identical data samples during training, data augmentation was
applied using TorchIO. Data augmentation is the act of slightly introducing noise and other
pertubations into a data sample, that are characteristic to the source of the data, such that
the NN is not trained on the exact same image but slight variations of it. This leads to better
generalization and robustness to noise.

The augmentations added to the training inputs is two-fold:

1. a random bias field is added with a probability of 25% to mimic magnetic field inhomoge-
nieties. It is modeled using a linear combination of polynomial basis functions as described
in [88]. In this work the maximal order is 3 and the coefficitents are sampled uniformly
between [0, 0.25]. An example of a bias field augmentation with greater coefficients than
used in this work is shown in B.
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3.3. MACHINE LEARNING-BASED DWI TENSOR ESTIMATION FROM BSSFP DATA

Figure 3.6. Left: Example image before a random bias field was added. Right: Example image after a
random bias field was added [1].

Figure 3.7. Left: Example image before a Gaussian noise was added. Right: Erample image after a
Gaussian noise was added [1].

2. gausian random noise is added to the image with a probability of 25%, zero mean and a
standard deviation in the range of [0,0.01]. An example of strong gaussian noise augmen-
tation is shown in B2

Effectively, the augmentation is minimal as can be seen in B8. Ask flo

3.3.2. Architecture

The backbone architecture of the model follows the standard UNet architecture and bases on
the implementation of BasicUNet of the MONAI package. It makes the following modifications:

o normalization and dropout is added at each block to increase generalization and cause
faster convergence,

e 3D inputs are supported as the task is to train on the full 12-pc-bSSFP,
e input and output dimensions are adapted to the task,
o Instead of ReLU, PReLU is used, to add more flexibility to the model,

e the number of blocks and features are adapted to match the input dimensions. In this work
5 blocks for each contracting and expanding paths are used with the number of feature
maps per block: 48,96,192, 384, 768, 384,192, 96, 48, 24

Besides the backbone, input heads for each modality have been added. They consist of a ResNet
block as shown in with 6 input channels, 24 output channels and 3 convolutionals layers
with ReLU activations, and batch normalization with a batch size of 1, which boils down to
instance normalization. A basic overview of the modified architecture is shown in B9. A more
detiled plot can be found in the appendix .
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Figure 3.8. Samples of the training data after data augmentation was applied (with a probability of 1).

ResMet Block
DTl input

h

ResMet Block
pc-bSSFP input

Y

ResNet Block
bSSFP input ’

ResMet Block
T1w input

UNet

Figure 3.9. The architecture of the NN used to predict DT from bSSFP.
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3.3. MACHINE LEARNING-BASED DWI TENSOR ESTIMATION FROM BSSFP DATA

3.3.3. Training

The loss function that is optimized is a sum of three different loss functions:

1. the L1 loss function to capture low frequency features and provide an optimization criterion
which minimizes the differences between source and target based on the actual voxel value.

2. the SSIM loss, which is defined as 1 — SSIM.

3. the perceptual loss function with MedicalNet as pretrained netork [13]. MedicalNet is
based on ResNet-10 [33] and has been trained on a large dataset containing different
organs, modalities and pathologies.

AdamW is used as optimization algorithm with a leanring rate ¢ = le — 4, running moment
coefficients 0.9 and 0.999, and a weight decay of 0.01. Further, the training was distributed on
4 NVidia GeForce RTX 5000 GPUs using the distributed data parallel strategy, that split the
dataset into 4 and performs training on each subset to merge the losses at the end of each epoch
and aggregate the gradients accordingly. The update is then executed on a single GPU and the
next epoch is branched to 4 GPUs again. Early Stopping is used as termination condition with
a patience of 5 epochs.

Two approaches have been explored. First, training the modalities with randomly initial-
ized parameters directly on the DT generation task. The second approach is to pre-train an
auto-encoder, i.e. a network that takes the DT as an input and generates it. This helps to
store information about the task and output modality in the parameters of the model. Next,
we transfer the NN to the new task of predicting the DT from a different modality by train-
ing theResNet input block, while the rest of the parameters in the NN remain frozen. Then,
all weights are set to trainable and the learning rate is decreased to le—>5 for the finetuning stage.

After training, the 108 unseen data samples are used to evaluate the model. For that, the
model is used to infer a prediction and the loss is calculated . Each predicted normalized diffusion
tensor is divided into 3 ROIs corresponding to CSF, GM and WM. The average relative error
per voxel is then computed for each of the diffusion tensor elements and ROIs. Then the DT
is de-normalized by applying the inverse transformation, i.e. x - (max —min) + min where z is
the value of the voxel and min, max are the minimum and maximum value of the DTs across
the whole dataset. From that, the scalars introduced in P13 are computed. For each of these
scalars, again the average relative error per voxel, ROI and modality is computed.
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4. Results

When directly training the task to predict the DT from a given modality, the training time is
a lot smaller compared to the pre-trained version. The qualitative and quantitative differences
between modalities are shown in this section.

Test Loss
0.05 7 - L1
W Perceptual Loss
I SSIM Loss
0.04 1
0.03 A
0.02 4
0.01 A
0.00 -j -

DTI pc-bSSFP bSSFP
modality

Figure 4.1. Test loss of the models for each modality when training the task without additional initial-
ization steps.

4.1. Single-Stage Training

In B0 we can see the test loss for each modality, split by the sub part of the loss. For all
modalities, the perceptual loss is very small. The majority of the loss is based on the SSIM loss.

While all losses are close in magnitude, the aut-encoding task works best, while pc-bSSFP
performs worst without additional initialization steps.

However — as can be seen in B2 — all predictions contain artifacts of different sizes hinting,
that the direct training approach does not suffice to generate results of acceptable quality. Still,
the scalars were computed and evaluated to see how robust each scalar is.

Quantitatively, the diagonal elements of the diffusion tensor are predicted with a relatively
small error between 5% and 30%. The off-diagonal elements of the diffusion tensor vary greatly
between modalities: 10% for DT up to 3000% for pc-bSSFP. Surprisingly, bSSFP data with just
the first phase cycle repeated performs astonishingly well.

The data is shown in 3.

The mean relative errors of mean diffusivity is — given the artifact and the bad prediction
quality of off-diagonal elements — very robust as shown in B. FErrors are in the range of
20% to 50% which however still renders them too imprecise for real-world applications. For the
fractional anisotropy, the case is a lot clearer: not a single modality performs better than 100%
relative error. Even the previously rather acceptable result of the auto-encoder is not confirmed
as this performs wost with errors of up to 600%.
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Figure 4.2. Prediction examples for all modalities: left top — DT, right top — pc-bSSFP, left bottom
— bSSFP, right bottom — T1-weighted.

Mean relative Error of elements in the normalized Diffusion Tensor in %
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Figure 4.3. Mean relative error of the DT elements for each modality and group, split by diagonal and
off-diagonal elements for directly trained models.
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4.2. MULTI-STAGE TRAINING

Mean relative Error of Mean Diffusivity in %

Mean relative Error of Fractional Anisotropy in %
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Figure 4.4. Left: Mean relative error of the mean diffusivity for directly trained models. Right: Mean
relative error of the fractional anisotropy for directly trained models.

This is another indicator, that the chosen training strategy does not suffice for the taks.

4.2. Multi-Stage Training
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Therefore, pre-training has been applied such that information about the output modality
is encoded in the weights on initialization of the training for the actual task. The losses are
comparably in magnitude to the direct training. However, DT performs much better, pc-bSSFP
as an input is superior to bSSFP and T;-weighted in terms of the loss.

4.2.1. Quantitative Re

sults

When comparing the mean relative error of the elements in the normalized diffusion tensor, we
can see in B0 that while the diagonal elements are predicted with comparable performance to
the direct training, the off-diagonal elements improve order of magnitude for mos modalities.
According with the loss, pc-bSSFP input outperforms both bSSFP with the first phase cycle
repeated and Tp-weighted inputs. Off-diagonal elements in the white matter still have a rather
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Figure 4.6. Mean relative error of the DT elements for each modality and group, split by diagonal and
off-diagonal elements for multi-stage-training models.

large relative error compared to the other ROIs over all modalities.
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Figure 4.7. Left: Mean relative error of the radial diffusivity for multi-stage-training models. Right:
Mean relative error of the axial diffusivity for multi-stage-training models.

Fir both radial and axial diffusivity, the relative errors are up to 25%. Here, the CSF is the
most difficult region of interest to predict with the exception of RD when using DT as input.
All non-DT inputs perform comparably within a margin of approximately 5% as shown in EZ2.

Similarly for MD and FA, we can see that DT outperforms all other inputs in terms of
prediction error. Again, we can see that the CSF ROI has the largest errors with the exception
of DT as an input.

Finally, inclination and azimuth are very robust with absolute errors below 0.5° for inclination
and 2° for azimuth.
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4.2. MULTI-STAGE TRAINING
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Figure 4.8. Left: Mean relative error of the mean diffusivity for multi-stage-training models. Right:
Mean relative error of the fractional anisotropy for multi-stage-training models.
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Figure 4.9. Left: Mean absolute error of the inclination angle in degree for multi-stage-training models.
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4.2.2. Qualitative Results

As the main goal of this thesis is to explore full volume-based inference of the DT from pc-bSSFP
data, the focus is in the qualitative evaluation will be set on this input modality. Predictions for
all modalities will be made available on the server of the institute. All of the following figures
contains the ground truth on the left hand side and the prediction on the right handside.

One example for each diagonal and off diagonal were chosen for comparison. The diagonal
element (D,,, see B10) is predicted well in terms of detail, while the contrast is slightly different.
No atrifacts are visible.

Regarding the off-diagonal example (D, see BIT), we can see that the contrast is mostly
corresponding. The level of detail is perceivably lower than in the ground truth. Especially
the high frequency components of the off-diagonal elements seem to be difficult to learn for the
model with the current architecture.

For the MD, the predictions seem to be matching quite well both in terms of contrast as well
as in level of detail, thus corresponding to the diagonal elements of the diffusion tensor in terms
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Figure 4.10. Comparison between D, of original DT and predicted DT using pc-bSSFP as input
modality.

Figure 4.11. Comparison between D, of original DT and predicted DT using pc-bSSFP as input
modality.
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4.2. MULTI-STAGE TRAINING

Figure 4.12. Comparison between MD calculated from the original DT and the predicted DT using
pc-bSSFP as input modality.

Figure 4.13. Comparison between FA calculated from the original DT and the predicted DT using pc-
bSSFP asinput modality.




of prediction quality. Fractional anisotropy corresponds more closely to the off-diagonal tensor
elements in terms of prediction quality. However, the contrast is slightly darker in the predicted
FA map than in the ground truth. Further, the level of detail is lower as well.

Figure 4.14. Comparison between azial RGB images calculated from the original DT and the predicted
DT using pc-bSSFP as input modality.

To compare directionality information in a visually evaluatable way, RGB maps are shown in
?7?7. The main white matter tracts seem to be captured in the prediction and even some details
are preserved. Nevertheless, the contrast is slightly darker and the prediction is not as detailed
or crisp as the ground truth.
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4.2. MULTI-STAGE TRAINING

Figure 4.15. Comparison between coronal RGB images calculated from the original DT and the predicted
DT using pc-bSSFP as input modality.
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5. Discussion

As we could see in the results, the predictions are estimates within a reasonable error margin.
At the same time the level of detail is not as good as in the ground truths. Thus, different
strategies are described to decrease model size such that more memory demanding data types
can be used for the parameters, such that the processing corresponds more to the nature of
data. In this work the inputs have been treated like 3D images instead of a sequence of complex
representations of bulk magnetizations. Then strategies to adapt the model architectures are
discussed to not only match the weights to the complex representation but the processing as a
sequence as well — instead of treating the sequence as channels in an image.

5.1. Limitations

The model described in the methods section has 51 = 5.1 - 107 milion trainable parameters.
This equals to approximately 14 GiB of VRAM on a GPU. Several ways exist to shrink this
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Figure 5.1. Comparison of the number of parameters of NN models across years.

rather large model to a smaller one. The input size is of critical importance, as it co-defines the
number of weights in the NN. Smaller input dimensions result in a smaller amount of weights and
thus trainable parameters. Voxel-wise regression has been performed in [56] with a rather small
multi-layer perceptron architecture, with rather small relative errors, but some impreciseness
in the overall structure of the predictions, e.g. in and around the ventricles. In this work, the
full volumes have been input to the NN with smaller errors but a lot more computational effort
both in terms of calulcations neccessary for one update as well as training duration. Those two
approaches are extremes on a spectrum. A common approach in deep learning for MRI is to feed
the image patch-wise [B61]. With this, the amount of structural information passed to the NN can
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be chosen by the user via the size of the patch as well as the amount of parameters to be trained.

Currently, the complex data is flattened into channels as well as the temporal dimension of
the input. Complex weights would allow the model to accept complex inputs a priori. To take
the temporal dimension into account directly — rather than indirectly, computing maps from
each time step in the contracting branch and merging them in the expanding branch — either
of 1D temporal convolutions, recurrent neural networks like LSTMs or vision transformers can
be used [[7&, &7)].

Here we presented one instance of a neural network per modality. This lacks the statistical
power draw conclusions about which modality is best suitable to predict the diffusion tensor.
To make such a statement, the model needs to be trained with different initializations (as these
are random) to make specific statements. Further, the architecture was chosen based on experi-
ments conducted by the author and common practices and can not be assumed to be the optimal
architecture. Approaches like neural architecture search provide means to infer architectures in
a more structured and empirical manner [94].

A NN-based approach enables the predictions of the desired quantity from a given input,
however, the resulting method is not easily interpretable and does not provide many insights
on or an analytical formulation of the relationship between input and output. Inital work on
bSSFP and white matter tracts has been carried out by [65, 54].

The perceptual loss is used to capture high frequency components of the target, however this
approach is limited. It is able to catch some higher frequency components, but fails to capu-
ture all of them. A patch-based GAN loss as described in [42] has shown to be suitable for
this purpose, however it adds additional trainable parameter to the model and slows training
considerably.

The data augmentation applied in this work was quite minimal. Stronger data augmentation
can help to increase robustness and generalization of the NN to unseen inputs further [26].

The masks used in this work and especially the probabilistic segementations generated by FSL
for evaluation is of poor quality. Svenja K. is currently regenerating these masks and probabilistic
segementations using FreeSurfer improving the quality of the evaluation of the generated results.

5.2. Future Work

Besides the above mentioned limitations to be addressed, there are more starting points for
future research. Pretraining has demonstrated to improve the generation results [92].

Regarding generative Al for visual modalities, Diffusion Models have shown stunning results,
but are even more expensive computationally [92]. An extension of this is the Latent Diffu-
sion Model, which promises to provide both, the high quality generation of targets and reduced
computationalcomplexity compared to diffusion models [71]. Further, instead of using stable
diffusion, flow matching — a more efficient method using neural ordinary differential equations
— can be used to further increase efficiency of the more costly model [R3].

Instead of predicting the diffusion tensor, one option would be to predict the Ts-weighted

images used for the estimation of the diffusion tensor or the scalars extracted from the diffusion
tensor directly as done in [5].

50



5.3. CONCLUSION

Finally, instead of predicting a single modality from another single modality, a more basic
model can be constructed, that is able to do translations from various to various modalities.
Strategies to achieve that can be found in [[74, 63]. This would require a foundational model
which is then finetuned to a variety of specifc generative tasks. In the recent years, transformers
that work on image data using convolutions have been proposed and may be a good architecture
for the foundation model [i6, B2].

5.3. Conclusion
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Figure .1. The architecture of the model used in this work. Please zoom in to explore in detail.

Detailed Model Architecture
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B. Direct Training: Qualitative Plots for all Scalars

C. Multi-Stage Training: Quantitative Plots for all Tensor Elements
and Scalars

Figure .8. Comparison between Dy, of original DT and predicted DT using pc-bSSFP as input modality.

D. Direct Training Evaluation Statistics

Modality ROI Scalar Median 1% 25% 75% 99%

bssfp CSF  dxx 22.98 6.05 8.52 28.17 38.05
dwi-tensor CSF  dxx 9.76 4.64 5.79 27.18 38.67
pc-bssfp CSF  dxx 21.07 5.02 6.71 26.49 32.75
tlw CSF  dxx 17.18 4.25 7.23 24.62 83.23
bssfp GM  dxx 22.76 5.04 6.77 27.18 46.05
dwi-tensor GM  dxx 10.67 6.43 7.76 38.13 54.55
pc-bsstp GM  dxx 22.24 4.68 5.58 25.06 42.99
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tlw GM  dxx 16.62 3.40 5.74 23.03 47.92
bssfp WM dxx 9.88 4.61 5.82 26.12 44.61
dwi-tensor WM  dxx 11.29 7.55 8.63 44.94 56.83
pc-bssfp WM dxx 24.19 4.92 5.56 26.18 28.64
tlw WM dxx 18.81 3.83 5.62 25.80 47.36
bssfp CSF  dxy 12.02 3.36 6.29 2988.29 6577.62
dwi-tensor CSF  dxy 9.02 5.88 7.73 5589.47 10579.18
pc-bsstp CSF  dxy 2512.40 4.31 5.78 3393.45 6022.24
tlw CSF  dxy 1894.97 3.54 6.74 3074.58 8235.55
bssfp GM  dxy 10.48 3.52 6.79 3365.76 9672.37
dwi-tensor GM  dxy 9.70 7.50 8.48 5653.00 10503.94
pe-bssfp GM  dxy 2531.02 5.26 6.22 3620.04 7964.46
tlw GM  dxy 2153.02 3.89 7.02 3887.60 9851.58
bssfp WM  dxy 9.11 5.16 7.39 182272 5892.20
dwi-tensor WM  dxy 10.13 8.05 9.26 2494.32 9002.88
pc-bssip WM  dxy 1529.50 6.80 7.39 1871.34 3031.21
tlw WM  dxy 1209.74 4.65 7.04 164799 6134.25
bssfp CSF  dxz 17.81 4.99 8.54 4917.17 9621.07
dwi-tensor CSF  dxz 10.69 7.59 9.42 6687.19 19404.34
pc-bsstp CSF  dxz 2527.38 4.10 5.79 3780.94 6709.16
tlw CSF  dxz 1885.15 3.71 6.63 3885.35 8265.64
bssfp GM  dxz 12.54 5.26 8.48 4545.06 7355.37
dwi-tensor GM  dxz 11.55 9.22 10.24 6651.75 14 392.92
pc-bssfp GM  dxz 2687.94 4.96 6.04 3657.43 5151.54
tlw GM  dxz 2243.68 3.99 6.99 3457.69 10889.91
bssfp WM  dxz 10.91 6.49 8.76  2169.77 7522.11
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D. DIRECT TRAINING EVALUATION STATISTICS

pe-bssfp WM  dyz 1385.95 6.44 7.11 1852.83 4389.51
tlw WM  dyz 1069.09 5.24 6.83 1469.13 7113.53
bssfp CSF  dzz 23.69 6.36 8.90 30.99 68.43
dwi-tensor CSF  dzz 8.80 3.65 5.05 22.15 38.87
pc-bssfp CSF  dzz 20.80 4.96 6.48 26.65 92.00
tlw CSF  dzz 17.30 4.28 6.88 24.59 87.07
bssfp GM  dzz 23.15 5.28 7.28 30.86 44.64
dwi-tensor GM  dzz 9.92 5.11 6.77 33.41 47.68
pc-bssfp GM  dzz 21.74 4.63 5.39 23.69 34.25
tlw GM  dzz 15.26 3.16 5.28 24.46 42.76
bssfp WM dzz 11.62 5.09 8.13 31.89 50.08
dwi-tensor WM  dzz 11.51 7.27 8.79 42.04 56.14
pe-bssfp WM  dzz 27.25 5.61 6.37 29.44 32.42
tlw WM  dzz 16.36 3.15 5.55 24.35 45.72
bssfp CSF fa 304.67 153.60  225.60  402.28  568.62
dwi-tensor CSF fa 598.26  413.11  509.66  668.20  744.90
pec-bssfp CSEF fa 240.16 187.28  214.12  288.09  326.35
tlw CSF fa 224.36 139.36  174.00 336.87  524.00
bssfp GM fa 303.00 101.05 22791 410.36  548.41
dwi-tensor GM  fa 540.10  432.63  496.93  607.78  672.01
pc-bsstp GM fa 267.23 21045  258.03  280.47  308.74
tlw GM fa 271.24 129.89  177.61  380.76  514.21
bssfp WM fa 112.91 45.38 7777 151.16  190.04
dwi-tensor WM fa 203.60 157.76  188.85  221.82  236.35
pc-bssfp WM fa 97.05 83.41 90.23 101.19 11241
tlw WM fa 97.40 54.79 70.54  140.32  189.99
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D. DIRECT TRAINING EVALUATION STATISTICS

dwi-tensor CSF rd 35.62 25.81 31.12 47.33 62.15
pe-bssfp CSF rd 29.26 22.27 26.82 35.09 82.49
tlw CSF rd 30.80 17.62 22.59 36.11 81.62
bssfp GM 1d 37.69 24.64 31.58 45.48 62.04
dwi-tensor GM rd 52.73 43.00 49.38 62.24 71.21
pec-bssfp GM rd 29.58 26.10 27.76 32.75 42.02
tlw GM rd 29.83 18.05 21.99 40.21 53.86
bssfp WM rd 35.95 22.47 28.88 49.16 66.13
dwi-tensor WM rd 64.93 53.66 58.07 72.77 83.83
pc-bssfp WM rd 28.85 24.94 27.96 30.29 34.15
tlw WM rd 32.01 20.07 21.88 47.66 67.58
bssfp CSF  inclination 69.76 53.42 64.62 74.65 88.60

dwi-tensor CSF inclination 58.27 52.14 56.09 60.68 70.92
pe-bssfp CSF inclination 104.32 83.45 95.61 108.58  124.36
tlw CSF  inclination 66.27 54.60 60.53 69.86 74.47
bssfp GM  inclination 79.20 59.02 72.38 95.13  136.60
dwi-tensor GM  inclination 54.97 49.90 51.52 07.64 68.82
pc-bsstp GM  inclination 120.78 88.26  107.50  135.08  155.96
tlw GM  inclination 69.56 58.11 63.90 75.41  102.79
bssfp WM  inclination 112.87 66.92 80.07  130.67  173.03
dwi-tensor WM inclination 56.82 53.54 56.15 61.55 65.71

pc-bssfp WM inclination 157.15 82.10 129.35 169.95 184.30

tlw WM  inclination 80.02 59.32 74.87 85.66  106.67
bssfp CSF  azimuth 403.04 291.39  353.79  483.60 2062.73
dwi-tensor CSF  azimuth 353.69 258.31  315.11  409.58 1468.24
pc-bssip CSF  azimuth 360.32 273.79  329.44  406.40 1416.85
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tlw CSF  azimuth 351.25 262.37  315.10 406.34 1386.04

bssfp GM  azimuth 511.23 281.30  390.24  605.82 1684.69
dwi-tensor GM  azimuth 473.36  337.85  392.82  549.41 1469.08
pc-bssfp GM  azimuth 442.01 315.66  383.72  518.75 1460.95
tlw GM  azimuth 426.05 325.85  392.90 527.27 1605.71
bssfp WM  azimuth 630.79 268.55  445.85  736.33 1382.23
dwi-tensor WM  azimuth 575.90  416.73  496.42  674.39 3397.96
pc-bsstp WM  azimuth 502.32 335.52  445.79  589.29 2383.49
tlw WM  azimuth 523.02 360.03  442.02  660.57 3689.50

E. Fine-Tuning Evaluation Statistics

Modality ROI Scalar Median 1% 25% 75% 99%

bssfp CSF  dxx 11.90 3.68 5.62 15.63 25.94
dwi-tensor CSF  dxx 4.39 1.75 2.21 6.04 10.06
pc-bssfp CSF  dxx 11.48 3.61 6.33 18.90 27.53
tlw CSF  dxx 9.89 3.32 4.95 16.00 26.04
bssfp GM  dxx 9.79 2.55 3.89 12.92 25.71
dwi-tensor GM  dxx 4.75 1.82 2.13 7.33 13.53
pc-bssfp GM  dxx 8.70 2.93 4.25 13.01 22.61
tlw GM  dxx 7.52 2.19 3.42 10.52 25.93
bssfp WM  dxx 8.29 2.34 3.49 12.07 32.16
dwi-tensor WM  dxx 5.94 1.83 2.68 10.05 18.86
pc-bssfp WM  dxx 6.57 2.25 3.17 9.88 13.92
tlw WM dxx 7.80 2.25 3.52 11.10 30.00
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bssfp CSF  dxy 29.65 4.07 5.73 41.81 77.24
dwi-tensor CSF  dxy 9.15 1.91 2.53 18.72 65.81
pc-bssfp CSF  dxy 22.76 4.13 6.33 46.52 77.43
tlw CSF  dxy 25.01 3.22 4.65 35.61 69.91
bssfp GM  dxy 37.63 4.09 5.29 47.72  152.80
dwi-tensor GM  dxy 9.89 1.80 2.32 23.45  189.53
pc-bsstp GM  dxy 23.02 4.20 6.22 49.83  219.69
tlw GM  dxy 27.54 3.31 4.25 44.26  431.51
bssfp WM  dxy 111.34 5.34 6.39 163.32  415.98
dwi-tensor WM  dxy 25.52 1.95 2.83 74.82  389.93
pc-bssfp WM  dxy 65.48 5.18 7.53 184.63  522.54
tlw WM  dxy 87.04 4.35 5.18  158.24  727.03
bssfp CSF  dxz 32.86 4.09 6.37 42.19 89.31
dwi-tensor CSF  dxz 7.98 1.80 2.25 17.42 58.40
pc-bssfp CSF  dxz 22.17 4.15 6.14 44.39  117.73
tlw CSF  dxz 23.41 3.01 4.98 38.01  189.80
bssfp GM  dxz 37.27 4.38 5.58 44.89 82.24
dwi-tensor GM  dxz 8.99 1.76 2.16 19.43 67.76
pec-bssfp GM  dxz 21.54 4.23 5.72 45.50 71.65
tlw GM  dxz 24.55 3.16 4.16 45.51 108.77
bssfp WM  dxz 119.28 5.41 6.62 156.36 5331.02
dwi-tensor WM dxz 20.12 1.87 2.56 60.22 2741.50
pc-bssfp WM  dxz 54.23 5.46 7.32 138.93  372.35
tlw WM  dxz 81.95 4.30 5.01  129.99  493.32
bssfp CSF  dyy 12.63 3.62 5.60 16.13 22.53
dwi-tensor CSF  dyy 4.75 1.62 2.26 7.00 11.79
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tlw CSF  dzz 9.63 3.22 5.14 17.32 80.81
bssfp GM  dzz 10.27 2.63 4.12 13.49 30.05
dwi-tensor GM  dzz 5.51 1.81 2.19 7.57 16.91
pc-bssip GM  dzz 8.60 2.98 4.16 12.81 30.13
tlw GM  dzz 7.86 2.18 3.54 11.39 28.28
bssfp WM  dzz 8.83 2.44 3.48 14.50 25.67
dwi-tensor WM  dzz 6.32 1.78 2.90 10.95 21.34
pc-bsstp WM  dzz 7.94 2.36 3.64 11.59 18.20
tlw WM  dzz 8.21 2.07 3.54 12.90 27.52
bssfp CSF fa 24.14 14.64 21.16 25.62 30.65
dwi-tensor CSF fa 11.71 7.65 10.53 16.00 35.33
pe-bssfp CSF fa 27.17 15.25 21.73 34.28 44.12
tlw CSF fa 18.92 13.15 16.01 23.91 39.01
bssfp GM fa 21.55 14.22 17.88 23.52 38.12
dwi-tensor GM fa 12.11 8.55 9.48 21.18 42.45
pc-bsstp GM fa 23.95 14.64 19.03 30.33 38.34
tlw GM fa 15.62 12.13 13.85 24.02 49.69
bssfp WM fa 17.05 14.64 16.45 23.59 42.57
dwi-tensor WM fa 15.59 9.28 11.19 24.60 39.85
pc-bsstp WM fa 21.21 15.27 18.22 24.62 30.75
tlw WM fa 15.00 11.45 13.16 21.35 49.03
bssfp CSF  md 16.12 9.85 13.62 19.32 42.98
dwi-tensor CSF md 6.70 4.52 5.82 9.23 11.25
pc-bsstp CSF  md 18.34 10.17 14.34 21.31 51.21
tlw CSF  md 15.90 8.34 12.25 18.82 44.37
bssfp GM md 12.86 6.67 9.46 16.43 27.70
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pe-bssfp GM d 16.45 9.63 13.20 21.84 38.37
tlw GM rd 14.37 7.16 9.07 20.36  102.32
bssfp WM 1d 13.23 7.09 8.79 22.16 42.23
dwi-tensor WM rd 11.47 7.41 9.69 18.17 24.60
pc-bssfp WM rd 14.58 7.05 10.52 17.01 49.78
tlw WM rd 11.46 6.27 7.70 20.65 69.33
bssfp CSF  inclination 44.59 40.74 42.76 46.20 70.68

dwi-tensor CSF inclination 37.50 30.85 34.46 38.43 83.76
pc-bssfp CSF  inclination 48.14 42.88 46.09 49.69 64.08
tlw CSF  inclination 45.04 40.70 43.62 47.20 62.75
bssfp GM  inclination 45.17 39.87 43.08 47.39 74.33
dwi-tensor GM inclination 34.78 29.57 33.32 36.55 91.29
pc-bssfp GM  inclination 47.45 42.31 45.80 49.03 67.65
tlw GM  inclination 41.47 36.76 40.38 43.72 66.75
bssfp WM  inclination 46.04 37.40 40.56 50.79 69.06
dwi-tensor WM inclination 31.99 24.87 27.08 38.17 78.80

pc-bsstp WM inclination 44.72 39.06 42.10 50.82 66.81

tlw WM  inclination 48.34 35.75 41.57 50.82 64.35
bssfp CSF  azimuth 155.15 143.25  149.07  4GTIR900497.38
dwi-tensor CSF  azimuth 132.05 114.56  126.85 336BB637251.62
pc-bssfp CSF  azimuth 158.04 148.12  153.43 37658044 855.89
tlw CSF  azimuth 150.24 138.36  141.96 3%A%H651 540.34
bssfp GM  azimuth 173.49 148.50  162.65 198109414 761.57
dwi-tensor GM  azimuth 145.53 114.30  135.69 16547505 779.92
pc-bsstp GM  azimuth 181.15 150.28  169.04  19718815425.24
tlw GM  azimuth 161.71 138.66  153.40  1788%989377.51
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Figure .9. Comparison between D, of original DT and predicted DT using pc-bSSFP as input modality.

Figure .10. Comparison between Dy, of original DT and predicted DT using pc-bSSFP as input modality.
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Figure .11. Comparison between D, of original DT and predicted DT using pc-bSSFP as input modality.

Figure .12. Comparison between RD calculated from the original DT and the predicted DT using pc-
bSSFP as input modality.
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Figure .13. Comparison between AD calculated from the original DT and the predicted DT using pc-
bSSFP as input modality.
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