
Deep Learning-Based Image Optimization for
Low-Field MRI

Dissertation
zur Erlangung des akademischen Grades

Doktoringenieur
(Dr.-Ing.)

von M. Sc. David Schote
geb. am 30.07.1995 in Braunschweig

genehmigt durch die Fakultät für Elektrotechnik und Informationstechnik
der Otto-von-Guericke-Universität Magdeburg

Gutachter:

Prof. Dr. rer. nat. Georg Rose

Prof. Dr. rer. nat. habil. Oliver Speck

Prof. Dr. Mikko Nissi

Promotionskolloquium am 11. September 2025





Abstract

Point-of-care low-field MRI systems become increasingly interesting in modern medicine
because of their small footprint and cost-effective profile. The portability of such devices
poses new challenges, as they are often operated under uncontrolled and changing environ-
mental conditions. The low magnetic field (50 mT) and the high B0 field inhomogeneities,
in combination with temperature fluctuations, and electromagnetic interferences culminate
in a poor signal-to-noise ratio and severe image artifacts. The current state of research lacks
suitable and robust correction methods that can be implemented directly into point-of-care
devices using high-performance computing systems.

In this work, the combination of a novel, highly adaptable MR console and deep-learning
based image reconstructions is presented and evaluated to boost the imaging performance
of point-of-care low-field MRI devices. The console shows comparable in vivo imaging
results to state-of-the-art proprietary systems with additional features such as a fully
transparent acquisition process, integration of auxiliary sensors and direct application of
deep-learning based image reconstruction techniques.

By combining data driven image denoising and B0 field prediction with model-based image
reconstruction, a physics-informed end-to-end reconstruction network is introduced and
evaluated for low-field MRI. The proposed method outperforms conventional reconstruction
techniques based on the training and evaluation with simulated low-field MRI data.
However, when the model is applied to real in vivo low-field MRI data, considerable
challenges are identifiable. To address these challenges, a conventional regularization
approach is combined with the estimation of regularization parameter maps by a neural
network in an iterative approach in order to optimize image denoising. Thereby, the
applicability of the neural network to real low-field MRI data could be improved. Finally,
it could be shown that a model trained with supervision can be adapted to other data by
applying a subsequent self-supervised refinement step. By integrating the methods and
strategies presented in this work, low-field MRI image quality is successfully improved,
enhancing its diagnostic value for future clinical applications.
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Zusammenfassung

Niedrigfeld MRT Systeme für die Point-of-Care Anwendung erfreuen sich aufgrund ihres
geringen Platzbedarfs und ihrer kostengünstigen Nutzung an zunehmendem Interesse in der
modernen Medizin. Die Mobilität derartiger Systeme birgt jedoch neue Herausforderungen,
da sie unter anderem bei veränderlichen und unkontrollierten Umgebungsbedingungen
betrieben werden. Das niedrige Magnetfeld (50 mT) und die hohen B0-Feldinhomogenitäten
in Kombination mit Temperaturschwankungen und elektromagnetischen Interferenzen
resultieren in einem schlechten Signal-zu-Rausch-Verhältnis und starken Bildartefakte. Im
aktuellen Stand der Forschung fehlen passende und robuste Korrekturverfahren, die mit
leistungsfähigen Computersystemen direkt in Point-of-Care-Geräte implementiert werden
können.

In dieser Arbeit, wird eine neuartige, anpassbare MR Konsole in Kombination mit Deep
Learning-basierter Bildrekonstruktion vorgestellt und evaluiert, um die Bildgebungsleistung
von Point-of-Care-Niedrigfeldsystemen zu optimieren. Die Konsole erlaubt In-vivo Bildge-
bung, die mit proprietären Systemen auf dem neuesten Stand der Technik vergleichbar ist,
und ermöglicht darüber hinaus zusätzliche Funktionen wie einen vollständig transparenten
Akquisitionsprozess, die Integration zusätzlicher Sensoren sowie die direkte Anwendung
Deep-Learning-basierter Bildrekonstruktionstechniken.

Durch die Kombination von datengetriebener Rauschenunterdrückung und B0-Feldschätzung
mit modellbasierter Bildrekonstruktion wird ein physikalisch-informiertes End-to-End-
Rekonstruktionsnetzwerk für die Niedrigfeld-MRT vorgestellt und evaluiert. Die vorgeschla-
gene Methode übertrifft konventionelle Rekonstruktionsverfahren basierend auf Training
und Evaluation mit simulierten Niedrigfeld-MRT-Daten. Bei der Anwendung auf reale in
vivo Niedrigfeld-MRT-Daten, wurden jedoch erhebliche Herausforderungen identifiziert.
Um diese Herausforderungen zu adressieren, wird ein alternativer Ansatz untersucht, der
konventionelle Regularisierung mit der Schätzung von Regularisierungsparameterkarten
durch ein neuronales Netzwerk in einem iterativen Ansatz kombiniert, um die Rauschun-
terdrückung zu optimieren. Dadurch konnte die Übertragbarkeit des neuronalen Netzes
auf reale Niedrigfeld-MRT-Daten verbessert werden. Schließlich konnte gezeigt werden,
dass ein mit Supervision trainiertes Modell durch einen nachfolgenden selbstüberwachten
Verfeinerungsschritt an andere Daten angepasst werden kann. Durch die Integration der
in dieser Arbeit vorgestellten Methoden und Strategien wird die Bildqualität der Low-
Field-MRT erfolgreich verbessert, wodurch ihr diagnostischer Wert für zukünftige klinische
Anwendungen gesteigert wird.
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1 Introduction

1.1 Affordable low-field MRI

Magnetic Resonance Imaging (MRI) is widely recognized as one of the most powerful
diagnostic imaging modalities available in modern medicine. Its key benefits stem from
its capacity to generate high-contrast cross-sectional images of soft tissues, without the
use of ionizing radiation. This non-invasive property makes MRI an ideal choice for
diagnosing and monitoring a wide range of conditions, ranging from neurological disorders
to musculoskeletal injuries and cardiovascular diseases [1]. Beyond anatomical details,
MRI also enables functional assessments, such as diffusion imaging, providing insights into
physiological processes [2]. This versatility has established MRI as the gold standard in
numerous clinical and research settings.

Since its early days, MRI has been dominated by high-field systems and applications
[3]. However, high-field systems lack accessibility, require a lot of infrastructure, and are
expensive [4], [5]. These key challenges, combined with technical advances made in recent
decades, contribute to the growing interest in low-field MRI systems. The definition of a
low-field MRI system is ambiguous, because the terminology is used by a wide range of field
strength between 10 mT and 1 T [3]. In recent years, a notable shift has occurred towards
0.55 T systems for clinical applications, while current research focuses on the more compact
Point-of-Care (POC) systems with field strengths less than 100 mT [3], [6]–[10], for which
the terminology low-field is used in the context of this thesis. Instead of superconductors,
which require extensive infrastructure and maintenance, permanent magnets can be used
to generate the static magnet field of a low-field MRI scanner. A major advantage of such
systems is their portability: smaller magnets and a compact footprint allow these systems
to be deployed in decentralized settings such as intensive care units [11], [12], at bedside
[13]–[16], in ambulances [17], or even in patients’ homes [18]. Due to reduced field strength,
systems are inherently safer. This facilitates access for implants patients and makes
the system interesting for intraoperative use [19]. Open-source low-field systems have
emerged, whose design encourages innovation, customization, and cost effectiveness, with
the ability to reduce the material costs of a fully functional MRI scanner to under 50 000e
[20]–[22]. This development has the potential to truly democratize MRI, particularly
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in resource-limited environments, regardless of infrastructural or economic constraints
[23]–[25].

The clinical questions that are targeted by most of the low-field MRI systems include
neurological issues, stroke assessment, subdural or epidural hematoma, hydrocephalus,
extra ventricular drain placement/shunt assessment, or elevated intracranial pressure [25],
[26]. In addition to the brain, the extremities are also a major point of interest [18], [27],
[28]. Most recently, a whole body low-field scanner has been presented, which extends the
field of application to cardiac and lung imaging, among others, which broadens the clinical
scope of low-field MRI [29].

Although low-field MRI presents numerous advantages, its renaissance has also introduced
significant technical challenges that need to be addressed to achieve clinical viability and
reliability [3], [30], [31]:

• Inherently lower Signal-to-Noise Ratio (SNR) poses challenges in detecting subtle
anatomical details.

• Higher relative magnetic B0 field inhomogeneities.

• Operation in uncontrolled environments introduces temperature fluctuations and
various sources of Electromagnetic Interference (EMI) that can severely compromise
images.

• Differences in relaxivity at lower field strengths generate different image contrasts
compared to conventional systems.

Overcoming these issues is an active field of research, as they can have an impact on
diagnostic findings [32]. Considerable advances in artificial intelligence and its application
to image reconstruction and optimization provide promising solutions to these challenges.

1.2 Overcoming limitations by deep learning

In recent years, deep learning-based approaches have emerged as promising solutions to
enhance image quality in MRI. More specifically, most methods address artifact and bias
correction, noise reduction, or resolution enhancement across all different field strengths
[33]. With regard to low-field MRI, various deep learning-based techniques have been
developed, targeting the challenges mentioned above.

Most of the methods presented for low-field MRI employ deep Neural Networks (NNs)
trained with supervision to enhance image quality by denoising. Training such models
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usually requires pairs of noisy and clean images for effective noise removal. However, noise-
free, undistorted low-field reference data is technically unfeasible to obtain. Consequently,
low-field MRI images are often retrospectively simulated from high-field MRI data, such
as the 3 T FastMRI dataset [34], serving as a noise-free reference [35]. In [36], a k-space
to image deep learning model is proposed which reconstructs noise-free images from noisy
low-field k-space data at 6.5 mT and 47 mT. Supervised training is conducted with pairs of
clean and noisy samples simulated with a dataset acquired at 3 T. Similarly, the authors of
[37] employ a denoising autoencoder architecture which is trained on 0.35 T images using
1.5 T data which is retrospectively deteriorated by additive Rician noise. The simulation
of training data based on high-field images can be extended by involving quantitative
parameter maps, as shown by the authors of [38] which propose a denoising network for
a 47 mT Halbach system. However, for supervised training, this requires access to an
extensive quantitative dataset. Beyond pure denoising applications, extensions of the NNs
for undersampled data at 0.1 T and 55 mT [39], [40] and increased resolution [35], [41]
at 50 mT have been proposed. After training with simulated data, methods are often
directly transferred to the application on actual low-field MRI data, showing promising
results. However, due to the lack of a ground truth image, a quantitative evaluation is
challenging.

Low-field MRI denoising techniques based on supervised learning assume that the data
during training and the data at model inference is similar. That is, the domain shift
between the simulated training data and actual low-field MRI data is sufficiently small.
Although many approaches show promising results, this assumption is never entirely true
[42], [43]. As an alternative to supervised learning, self-supervised learning methods have
been proposed, which exploit inherent structures and redundancies in the data to learn
the separation of signal and noise. In the domain of low-field MRI at around 50 mT
however, such techniques are not yet very common. A dual-domain self-supervised learning
approach for non-cartesian low-field MRI at 64 mT is proposed in [44]. The authors trained
a reconstruction network with a loss function combining loss components in image and
k-space domain, showing promising results for denoised low-field MRI data.

In addition to poor SNR, high B0 field inhomogeneous can pose a major issue with low-
field MRI systems, as it degrades the image quality by introducing geometric distortions.
However, if the B0 field map is known, the distortions can be corrected in the image
reconstruction. For some specific applications at 3 T MRI, supervised methods have been
proposed to estimate and correct for B0 field inhomogeneities using NNs [45], [46]. In
[45], the authors proposed a NN that estimates an undistorted image from a complex-
valued distorted image. The authors of [46] employ a comparable NN, but estimate the
B0 field map instead of a corrected image, which is used in a subsequent model-based
reconstruction step to correct for distortions. Both methods yield promising results, but
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they target conventional systems with a field strength of 3 T and have not yet been
applied to low-field MRI. At low field strength, the relative B0 inhomogeneities are usually
>1000 ppm and can cause stronger geometric distortions. Therefore, the authors of
[47] proposed a method specifically targeting low-field MRI systems at ∼ 60 mT. Their
approach employs two U-Net models to subsequently denoise and correct for B0 induced
artifacts in the image domain, after reconstruction. Each U-Net is individually trained with
supervision using paired images, where the distorted images are retrospectively simulated.
However, interpreting the role of the individual U-Net layers, particularly the one for B0

field distortion correction, remains challenging. The use of such black-box methods can
introduce instabilities in image reconstruction, making it sensitive to small perturbations
in the input [48]. To enhance the interpretability and stability of NNs, the authors of
[49] propose to integrate them in an iterative algorithm and train the network in an
end-to-end fashion. Thereby the acquisition model of the data can be incorporated into the
training process to constrain the model output and improve the interpretability, robustness,
and reliability of the solution. Such an end-to-end-trainable network architecture has
been successfully applied to accelerated cine MRI reconstruction at 3 T [50]. Applying
a similar approach to low-field MRI, where the acquisition model explicitly accounts for
B0 field inhomogeneities, could help to improve the interpretability and quality of the
reconstruction. However, in the current state of research, no such methods have been
proposed for low-field MRI.

1.3 Scope of this thesis

Within the scope of this work, deep learning-based techniques are investigated for Halbach-
based low-field MRI systems with a B0 field strength of 50 mT, and particularly for the
system proposed by the Open-Source Imaging Initiative (OSI2) called OSI2One [22]. In
general, the system has proven its imaging capabilities [7], [51], [52], however, the image
quality is limited due to the various technical challenges introduced in Section 1.1. The goal
of this thesis is to investigate deep learning techniques which improve image quality and
imaging performance of such systems and thereby enhance the clinical value of affordable
POC low-field MRI system. Implementing such techniques, necessitates a versatile console
with a transparent, adaptable and interpretable image acquisition pipeline. The consoles
which have been used so far are based on proprietary hardware and software, limiting their
functionality. By governance of the data acquisition pipeline, important prerequisites for
the development of deep learning-based reconstruction and optimization methods are met.
Thus, the development of a versatile and open console for low-field MRI which enables the
application of deep learning-based methods builds the foundation of this work.

Deep learning methods have proven their value for image quality enhancement in low-field
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MRI. However, the majority of methods are purely data-driven black box approaches what
raises questions about their reliability and robustness, particularly in clinical contexts.
Inspired by the results of algorithm unrolling techniques presented for 3 T MRI, the combi-
nation of model-based reconstruction with deep learning for image quality enhancement in
low-field MRI is investigated for the first time. More specifically, the method is targeting
both, image and B0 field reconstruction which have been identified as the main issues
in low-field MRI. The combination of model-based reconstruction with deep learning is
expected to yield more robust reconstruction results and constraint impact of NNs.

To this end, the main objectives of the work are defined as follows:

• Development of a versatile and transparent acquisition system for the OSI2One
low-field scanner, capable for in vivo measurements and image reconstruction.

• Investigation of combined model-based reconstruction with deep learning for low-field
MRI, targeting image and B0 field reconstruction.

• Evaluation of different training concepts, including supervised learning, end-to-end
training with algorithm unrolling, unsupervised learning, and multi-stage training.

After establishing the theoretical foundations in Chapter 2, Chapter 3 presents the
development of the Nexus console for advanced low-field MRI acquisitions. It introduces
the hardware and software architecture of the console, demonstrates its versatility, and
compares acquired in vivo images with those obtainable from a state-of-the-art console
at a 50 mT low-field MRI system. The goal is to establish a transparent acquisition
and reconstruction framework, in the sense that the acquired data and its processing
pipeline from Analog-to-Digital Converter (ADC) samples to raw data are interpretable.
Building on these imaging results, Chapter 4 introduces a signal model for low-field MRI
and integrates it with NNs in an iterative reconstruction algorithm. By unrolling this
algorithm, end-to-end network training is achieved. The network is first evaluated on
simulated low-field MRI data before being applied to in vivo scans acquired with the
Nexus console in Chapter 5. Chapter 6 explores an alternative regularization approach,
while Chapter 7 investigates a multi-stage training strategy to improve model adaptability
across different data distributions. Finally, Chapter 8 compares the performance of all
proposed methods and concludes the work with an integral discussion.
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2 Theoretical background

2.1 Magnetic resonance imaging

MRI is based on the principles of Nuclear Magnetic Resonance (NMR), where the magnetic
properties of atomic nuclei are used to generate detailed images of the human body. This
section explains the core concepts of MRI, including spin, Larmor frequency, Larmor
precession, net magnetization, the Bloch equations, spatial encoding, and the signal
equation.

2.1.1 Magnetization

Atomic nuclei with an odd number of protons or neutrons possess a property known as
nuclear spin, denoted by I. When a static magnetic field B0 is applied to an ensemble of
nuclei, they occupy discrete energy levels depending on their spin value. For hydrogen
nuclei 1H, the spin value is 1

2 which allows two discrete spin manifestations ±1
2 and two

possible energy levels [53], parallel or antiparallel to B0.

The difference between the two energy levels defines the resonance condition [1]. In an
external magnetic B0 field, the nuclear magnetic moments experience a torque that causes
them to precess around the axis of the magnetic field. The frequency of precession is the
resonance frequency ω0, named after Joseph Larmor (1857-1942) [54]:

ω0 = γB0. (2.1)

The gyromagnetic ratio γ is a constant specific to the type of nucleus. For the hydrogen
nuclei it is 42.58 MHz/T. Due to its spin properties and abundance in water and biological
tissue, hydrogen is the most important nucleus for MRI.

The spin property of nuclei gives rise to a magnetic moment µ, contributing to the
magnetization vector of the object under investigation. Within the scope of this work,
vectors are denoted by a bold symbol. In a small volume element or voxel V , in which the
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magnetic field is approximately constant, the set of spins in V forms an ensemble with a
(net) magnetization [53]

M = 1
V

∑
µ∈V

µ. (2.2)

2.1.2 Bloch equations

The time evolution of the magnetization is described by the Bloch equation, which account
for both the precession of the magnetization and relaxation processes. After interaction
with an external magnetic field Bext. it is described by the differential equation [53]

dM
dt

= γM×Bext. −
Mx

T2
x̂− My

T2
ŷ − Mz −M0

T1
ẑ. (2.3)

Proton interactions are modeled by different time constants for the different components
of the magnetization vector M. Mx and My account for the transverse components and
Mz for the longitudinal component, parallel to B0. M0 is the magnetization at equilibrium.
In (2.3), the unit vectors x̂ and ŷ span the transversal plane while ẑ points in the direction
of the static magnetic B0 field. The terms T1 and T2 are referred to as spin-lattice
relaxation time and spin-spin relaxation time, respectively. These terms describe how the
magnetization, i.e. the transverse and longitudinal components, returns to equilibrium after
being disturbed, e.g. by a temporally applied, external magnetic field Bext., generated by
an Radio Frequency (RF) pulse. The process is governed by two relaxation mechanisms:

• Longitudinal relaxation governed by T1, describing the recovery of the z-component
of the magnetization.

• Transverse relaxation by T2 which is the the spin-spin relaxation decay. However,
effectively the transverse relaxation is governed by T⋆

2, which is the superposition
T2 and the B0 field inhomogeneity induced dephasing by T′

2 in the xy-plane. It is
defined by 1

T⋆
2

= 1
T′

2
+ 1

T2
.

These relaxation times influence image contrast and are fundamental in MRI pulse
sequences. It should be noted, that this is a simplified yet effective model, which is
sufficient for the requirements of this work.

2.1.3 Signal equation

To create an image, spatial information must be encoded in the MRI signal. This is
achieved by superimposing linear magnetic field gradients G = [Gx, Gy, Gz] which spatially
vary Bz. These gradients can be defined by Gx = ∂Bz

∂x
, Gz = ∂Bz

∂y
, and Gz = ∂Bz

∂z
respectively.
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The gradients cause the Larmor frequency to vary linearly with position, allowing different
spatial locations to be distinguished on the basis of frequency and phase. According
to Maxwell’s equations, named after James Clerk Maxwell (1831-1879), the transversal
field components Bx and By, known as concomitant fields, are also unavoidable included
in the gradient field. They cause an additional phase accumulation of the transverse
magnetization when a gradient is active [54], [55]. However, for the purpose of this work,
their effect is neglected. The frequency domain, containing the trajectories k(t) is called
k-space and is defined by:

k(t) = γ

2π

∫ t

0
G(t′)dt′, (2.4)

where G(t) is the time-varying gradient field.

By Faraday’s law, the time-varying (transversal) magnetization in Equation (2.3) induces
an electromotive force. It is proportional to the volume integral of the time derivative of
the magnetization and results in an electrical potential across the receiving coil. In a basic
configuration, a single RF coil is used to transmit the excitation pulse and subsequently
receives the Magnetic Resonance (MR) signal. The MR signal is amplified and demodulated
at the center frequency ω0 and is found to be the Fourier transform of the spin density
ρ(r) over the imaged volume V :

s(t) =
∫

V
ρ(r)e−i2πk(t)·rdr. (2.5)

For the sake of simplicity, the relaxation effects introduced in (2.3) are absorbed into the
spin density.

2.1.4 Acquisition process

The core operational component of a MRI system is the console. This unit is responsible for
computing the gradient waveforms and RF pulses as delineated in the pulse sequence. The
gradient waveforms are subjected to amplification by the Gradient Power Amplifier (GPA),
resulting in the generation of transient electromagnetic fields at the gradient coils with
frequencies up the kHz range, which serve to spatially encode the MRI signal along three
orthogonal dimensions. In order to alter the orientation of the magnetization vector, RF
pulses near the resonance frequency ω0 are employed which depends on the B0 field strength
according to (2.1) and ranges from ∼ 2 MHz at low-field system with approximately 50 mT
to ∼ 128 MHz for conventional clinical 3 T system. They are amplified by a RF Power
Amplifier (RFPA) to establish a transverse magnetic field Bext.. Various pulse shapes can
be employed to modify the excitation profile of the transverse field, generating transverse
magnetization. Immediately after switching off the transmitted RF pulse, the transversal
magnetization begins to decay according to Equation 2.3. To facilitate the transition
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between two operational modes, a Transmit/Receive (T/R) switch is utilized, which
safeguards the pre-amplifier from high peak amplitude RF during transmission mode and
ensures seamless amplification of low amplitude signals in the receiving mode.

Processing involves demodulation, quadrature detection, band limiting, sampling, and
decimation [54]. Given the phase sensitivity of the MRI signal, it is imperative to maintain
phase-consistent modulation and demodulation. Typically, quadrature demodulation is
employed to disaggregate the signal into its in-phase (I) and quadrature (Q) components.
In an analog receiver design, this procedure entails mixing the received signal with a
reference signal at the Larmor frequency, followed by low-pass or band-pass filtering to
extract the I and Q components. Hereby, the Larmor frequency, which does not carry any
meaningful information, is removed from the signal, which is centered at zero frequency.
With the unwanted sidebands removed the analog signal is digitized by the ADC. The
digitized signal may be further processed by digital filters and resampling operations,
yielding the final raw data.

Alternatively, the entire signal processing pipeline can be implemented using a fully digital
design. Demodulation, filtering, and resampling are achieved solely by digital processing
of the MR signal [56]. While this approach requires much higher sampling rates and
more computational resources, due to the digital signal demodulation, it offers enhanced
flexibility and control over the processing stages. At a field strength of 50 mT (ω0 ∼ 2 MHz),
oversampling by a factor of 10 to 20 is technically feasible. When designing the digital
decimation filter, a key consideration is the prevention of signal loss or distortion. In
this context, Finite Impulse Response (FIR) filters have demonstrated great efficacy,
particularly in low-field MRI applications [57].

2.2 Challenges in low-field MRI

Conventional clinical MRI scanners are usually operated with field strength at 1.5 T or 3 T.
In principle, the fundamental technology does not differ between conventional systems
and low-field MRI systems. However, there are some distinctions that have an impact on
the image quality and thus are covered within this Section.

2.2.1 Signal-to-noise ratio

In MRI, the static magnetic B0 field is responsible for aligning the nuclear spins, creating
a net magnetization in the tissue. The strength of M0 is proportional to B0, which in
turn directly influences the strength of the detectable signal, measured as SNR. SNR is a
critical parameter in MRI, as it determines the clarity and quality of the images produced
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and directly affects the diagnostic utility of the image. In low-field MRI, the weaker B0

field significantly reduces net magnetization, leading to a smaller SNR. This reduction
in magnetization is problematic because it limits the overall signal available for imaging,
contributing to poorer image quality [5].

Noise in a MRI system mainly arises from two sources: the resistive losses of the imaging
hardware and the thermal noise of the subject being imaged. The contribution of noise
is frequency dependent and at lower frequencies dominated by coil noise. In comparison
to high-field systems, the overall magnetization is much lower in low-field MRI leading
to less signal and a reduced SNR. Dependent on the B0 field strength, the SNR scales
approximately by SNR ∼ B3/2

0 [31]. In addition, POC low-field MRI systems are operated
in environments that are less controlled than those used for high-field systems, further
compounding the SNR problem. EMI from external sources can introduce additional noise,
which is particularly problematic in portable low-field MRI systems. These systems are
typically more exposed to environmental noise sources, which degrade the already low
SNR even further.

In conclusion, the diminished SNR observed in low-field MRI systems is primarily attributed
to the weakened net magnetization resulting from the reduced B0 field, further compounded
by environmental influences and field inhomogeneities, as expounded in the subsequent
section. This combination of factors represents a significant obstacle to achieving high
quality imaging, especially in clinical contexts where precise anatomical delineation is
essential.

2.2.2 Static magnetic B0 field

As discussed in the previous section, the intrinsically lower B0 field leads to less SNR.
Another critical issue in low-field MRI is the inhomogeneity of the B0 field. Ideally, the B0

field should be uniform across the imaging volume to ensure that all spins experience the
same magnetic environment. Inhomogeneities in the B0 field – where the field strength
varies spatially – cause spins to precess at slightly different frequencies, resulting in phase
dispersion according to equation (2.1). This phase dispersion leads to signal dephasing
described by T′

2, degrading the coherence of the spin system and reducing the measured
signal.

The roots of the inhomogeneities in the field B0 are intrinsic and extrinsic. Intrinsic sources
are related to the fundamental properties of the magnet used in the MRI system. In
low-field systems, permanent magnets are often employed. Variations in the manufacturing
of these magnets, material imperfections, and the geometry of the magnet all contribute
to inhomogeneities in the B0 field. Extrinsic factors, such as temperature fluctuations
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of the surrounding environment, can also exacerbate B0 field inhomogeneities. These
external influences can alter the magnetic field distribution, further compromising the
homogeneity of the B0 field. Considering a standard clinical 3 T system, the relative
B0 field inhomogeneities observable in low-field MRI are about 1000 times larger [58].
The absolute field inhomogeneity which effects the 1

T⋆
2

relaxation is therefore increased
by a factor of ∼ 15. Figure 2.1 illustrates the combination of image degradation factors,
including low SNR as discussed in Section 2.2.1, and the strong B0 field inhomogeneities.

(a) (b) (c) (d) (e)

Figure 2.1: Simulation of factors contributing to differences between 3 T and 50 mT low-
field MRI: (a) 3 T image, (b) downsampled to typical 50 mT resolution, (c) geometric
distortions due to the B0 field, (d) low SNR, (e) a narrow receive profile of the RF coil.

2.2.3 Relaxation times

Although relaxation times are affected by the field strength, they introduce secondary
effects related to SNR and image contrast. The T1 relaxation time decreases with the field
strength, leading to faster signal recovery at low field strengths. This can be explained by
the magnetic coupling between hydrogen and the solid tissue components [51], [59]. The
enhanced T1 relaxation can be beneficial in terms of scan efficiency and image contrast [5].
Due to the larger T1 value differences in the tissues, the tissue contrast is increased. The
T2 relaxation, which governs the decay of the transverse magnetization, is conversely less
affected by the field strength and is often offset by rapid dephasing due to inhomogeneities
of the B0 field, accounted by T′

2.

2.3 Conventional image reconstruction for low-field MRI

As described earlier, the MRI data are acquired in the k-space. To obtain an interpretable
representation, the k-space data need to be transformed from the frequency domain to
the image domain. This section derives an operator that is suitable for performing the
transformation and that considers the impact of the B0 field.
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2.3.1 Problem formulation

Based on the signal equation (2.5) a linear image reconstruction problem can be formulated
in matrix-vector notation by

y = AxTrue + ε, (2.6)

where the system matrix A can be defined by the Fourier transform F : CN → CN in
the simplest case, that maps the complex-valued clean image xTrue ∈ CN showing the
true object to the measured noisy data y ∈ CN . In this context, N equals the number
of image voxels or acquired k-space sample points respectively. The measurement error
that is modeled by complex-valued, zero mean, additive white Gaussian noise [60], [61], is
denoted by ε. Within the scope of this work, only single-coil Cartesian acquisitions are
considered as these are usually used in low-field MRI. Instead of F more sophisticated
system matrices can be used, which consider undersampling or partial sampling techniques,
where the number of sample points may deviate from the number of image voxels. As
introduced in Section 2.2.2, the B0 field plays a crucial role in low-field MRI and can lead
to geometric distortions in the image. The forward problem under consideration of the B0

field can be extended to
y = E(x, ω) + ε. (2.7)

Here, the forward operator E : CN ×RN → CN maps the (unknown) complex-valued clean
image x ∈ CN and the (unknown) real-valued static magnetic field deviation ω ∈ RN to a
set of measurements y ∈ CN . To simplify the problem, the extended operator is restricted
to equispaced, two-dimensional fully sampled single-coil Cartesian acquisitions. The values
of the discrete B0 field vector ω are given in radians, which equals the frequency deviation
in Hertz multiplied by 2π.

The elements of E can be defined according to the signal equation (2.5) taking into
account the magnetic field inhomogeneities. Thus, the time-dependent, discrete signal
equation considering field inhomogeneities ω and image x for a discrete-time point t =
[t1, t2, ..., tN ]T ∈ RN is given by

ym =
N∑

n=1
xne−iωntme−ikmrn + εm, m = 1, . . . , N. (2.8)

Hereby, xn = x(rn) and ωn = ω(rn) are dependent on the spatial voxel location r ∈ RN ,
while the acquired signal y ∈ CN , with ym := y(tm) and the k-space trajectory km := k(tm)
are dependent on the sample time points vector t. Within the discretization step, the
center of a voxel approximation is used implicitly, which is common practice in MRI [54].
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2.3.2 Model-based image reconstruction

Assuming the general expression of the forward problem (2.6), x can be estimated by
minimizing the regularized least-squares misfit

x̂ = argmin
x
F(x), F(x) = 1

2 ∥A(x)− y∥2
2 + αR(x). (2.9)

Since ε is assumed to be uncorrelated white noise with uniform variance, the Euclidean
norm is appropriate [62]. For fully sampled Cartesian single-coil imaging with uniform
coil sensitivity and ignored relaxation and B0 inhomogeneity, the system matrix A is
orthogonal and its inverse is given by A−1 = AT. If the acquired data would be noise-free,
or if ε is sufficienly small, regularization would not be required and the solution is given
by ATy. However, because of the poor SNR in low-field MRI, the problem is ill-posed
and regularization is required to obtain a denoised solution close to xTrue. In general, the
regularization term R(x) introduces prior knowledge about x that can be used to improve
the quality of the estimate x̂. Usually, the regularizer is weighted by a regularization
parameter α that balances the data fidelity term and the regularization term. The optimal
choice of regularizer R(x) does not exist and remains an active research field. Different
approaches exist, where two prominent examples that are also relevant for this work, are
Tikhonov [63] and Total Variation (TV) [64], [65] regularization. Tikhonov regularization
is defined by R(x) = ∥x− x′∥, where x′ is a prior or reference of x that can potentially
also be defined as zero. The disadvantage of this regularization method is the bias towards
the prior or the reduced image contrast in x̂ if the prior is zero. TV regularization in turn
enforces piecewise smoothness in the image and is defined by R(x) = ∥∇x∥1, where ∇ is
the gradient operator. It is particularly useful for preserving edges and fine details in the
image.

To find a solution x̂ for which the functional F(x) in (2.9) is a minimum, the derivative
of the functional ∇F(x) is enforced to be zero, i.e. solving ∇F(x) != 0. Therefore, often
iterative methods are employed in practice, dependent on the forward problem. One
approach is the Conjugate Gradient (CG) method, which iterates from an initial guess
and updates the solution in directions that are mutually conjugate with respect to AHA
[66]. This process continues until a convergence criterion is met, yielding a solution to the
problem, that is, the reconstructed image. Another approach is the Primal Dual Hybrid
Gradient (PDHG) algorithm, also known as the Chambolle–Pock algorithm [67]. It aims to
solve convex problems, particularly those with a saddle-point structure, using a primal-dual
construct. The primal problem aims to solve for the unknowns in an optimization task,
while the dual problem is derived from it, optimizing the trade-offs between the objective
and constraints of the primal. The algorithm updates the primal and dual components in
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an alternating pattern and terminates when a desired accuracy or stopping criterion is
reached.

2.4 AI-based image reconstruction and optimization

The conventional model-based approaches for image reconstruction and denoising intro-
duced in the last section rely on iterative methods to optimize data-consistency terms
with regularization. These methods can be computationally complex or suboptimal in
capturing complex patterns in the acquired data. For many different applications, such as
for low-field MRI, deep NNs have shown superior performance in contrast to conventional
methods [44], [68], [69]. As a cornerstone of this work, the following section introduces
(deep) NNs in general and the two main categories supervised and unsupervised learning.
The fundamentals are supplemented by current state-of-the-art applications and by an
outline of the objectives of this thesis.

2.4.1 Deep neural networks

Deep NNs can be understood as functions, mapping elements of an input space to elements
of an output space. In the case of image denoising, the input space contains the noisy
images, while the output space contains noise-free reference images. These functions
depend on a set of trainable parameters, Θ ∈ Rℓ, which are optimized throughout the
training process. A function fΘ : V → W , where v 7→ w := fΘ(v), is made up of several
contributing layers. Each layer is represented by a sub-function fΘi

, for i = 1, . . . , Nlayers,
which takes the form fΘi

( · ) = ϕi(Wi · +bi). Here, Wi and bi represent the weights and
biases of a layer applied to the input · , while ϕi is a nonlinear activation function applied
element-wise to the vector. The entire NN, i.e. the function fΘ is a composition of these
layers, forming a deep structure [70]:

fθ :=⃝Nlayers
i=1 fθi

, with θ :=
Nlayers⋃

i=1
θi, (2.10)

In the context of image denoising, the NN learns the complex relationships between
the noise and the underlying image features, estimating a denoised version of a noisy
input. This approach is particularly interesting for low-field MRI where the image quality
particularly suffers from poor SNR.

There are many different approaches to construct such a deep NN. A widely used ar-
chitecture in modern deep learning is the U-Net model [71], which is widely applied in
various image denoising tasks [72]. It has a characteristic shape composed of two main
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parts: a contracting encoder path and an expanding decoder path. The encoder gradually
reduces the spatial resolution of the input by applying convolutional operations followed
by downsampling. This process captures the context information, extracting high-level
features helping the network to understand the structure of noise and information. Each
layer in the encoder decreases the resolution but increases the depth of the feature maps,
thereby encoding increasingly abstract information. The decoder, on the other hand,
progressively up-samples the feature maps, reconstructing spatial details, and focuses on
restoring the fine details, producing a high-resolution output. Conventionally, the U-Net
architecture incorporates so-called skip connections between corresponding layers in the
encoder and decoder. They allow high-resolution features from the encoder to be directly
transferred to the decoder, preserving crucial details that might otherwise be lost during
the downsampling process. The symmetric structure, combined with skip connections,
makes it particularly effective for tasks like image denoising, where both global context
and fine details need to be preserved in the output. More recent advances of the U-Net
extend the encoder-decoder architecture by additional techniques. Without any claim to
completeness, some examples of these techniques are listed below.

• Residual groups, that is, residual blocks stacked to preserve identity mapping and
improve gradient flow [73].

• Channel attention to adaptively reweighting channel-wise features to highlight
the most informative channels [74].

• Multi-head self-attention, splitting the representation into multiple attention
heads to capture various dependencies of features in parallel [75].

• Upsampling to increases the spatial resolution of feature maps for high-resolution
output [76].

• Additional skip-connections to bypass intermediate layers, retaining rich spatial
information from earlier stages [71].

2.4.2 Minimization of the objective function

Giving a set of elements from the input and the output space, a dataset can be defined
by

D := {(vi, wi)
Nsamples
i=1 }, (2.11)

where Nsamples counts the pairs of inputs and outputs. For the general formulation, the
meaning of inputs and outputs is not specified further. Usually, the data set D is divided
into fractions of training, validation, and test data. The goal is to optimize Θ for any
mapping v 7→ w := fΘ(v) only by using a limited number of samples drawn from the
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training data set. The validation data is used to validate fΘ at different stages during the
training while the test data remains unknown for the model until the end of the training
and is usually employed to evaluate the performance of the model.

Finding the optimal parameters Θ of the NN fΘ, which was defined in the previous section,
is achieved by minimizing an objective function, or loss function:

min
Θ
L(Θ), L(Θ) := 1

|D|
∑

(v,w)∈D
ℓ
(
fθ(v), w

)
. (2.12)

The performance measure ℓ is chosen depending on the task fulfilled by fΘ, while there
are many options [77]. For image denoising, Mean Squared Error (MSE) is often used
[78]. In general, it measures the accuracy or similarity between the networks prediction
given the input v with respect to the output or target w. Potentially, ℓ can also combine
different measures using, by a convex combination for instance. Equation (2.12) can also
be extended by an optional regularization term to improve the learning process. With the
backpropagation algorithm [79], the gradient of the loss with respect to the parameters
Θ can be calculated. Based on the gradient, the learning step can be performed using
techniques such as stochastic gradient descent [80] or a variation of it like Adam [81].

2.4.3 Supervised learning

In supervised learning, the training dataset usually contains pairs of inputs and an
associated labels or targets. For low-field MRI this translates to pairs of noisy inputs
and noise-free targets. Supervised learning involves observing images from the input and
target space and learning to predict a noise-free output from the input [80], in the case of
low-field MRI.

Obtaining the dataset of inputs and targets is not trivial. For the low-field MRI denoising
problem, it means obtaining a noise-free representation of the scanned object. This can be
achieved by paired low-field and high-field acquisitions using co-registration [12]. However,
acquiring such data is very costly and introduces errors due to the registration process.
Instead, training data for supervision can be retrospectively simulated from high field
MRI data, which is considered as the noise-free reference [39], [40]. The simulated data
usually contains errors caused by approximations, e.g. due to contrast differences at low
and high field, but it is inexpensive to collect as different datasets are publicly available
[34], [82], [83]. If the forward problem is known, it can be used to simulated input data
retrospectively for a given target, which originates from an acquisition at higher field
strength, e.g. at 3 T. However, due to differences in hardware, the transferability from
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simulated to real low-field MRI data is limited. A dataset for supervised training can be
descrived by

DSupervised =
{
(xi

Noisy, xi
True) | xi

Noisy = xi
True + εi

}
, (2.13)

with εi ∼ N (0, σ2). Supervised training is carried out by performance measures between
prediction and the target which serves as a ground truth. The objective function to
minimize can be defined using an MSE loss function:

LSupervised(Θ) = 1
|DSupervised|

∑
(xNoisy,xTrue)
∈ DSupervised

∥fθ(xNoisy)− xTrue∥2
2 . (2.14)

To be able to transfer the trained model and apply it to real low-field MRI data, the choice
of the input space is particularly important, as it determines the generalizability of the
trained model. For example, if a model is trained only on image data with a T2-weighted
contrast, its performance is probably worse when applied to image data with a T1-weighted
contrast.

2.4.4 Unsupervised learning

Unsupervised learning usually aims to implicitly or explicitly learn the probability distri-
bution of input [80]. Here, the data set does not provide a target that is associated with
the input. Instead, different techniques have emerged, exploiting only noisy data in pairs
or in single instances. The approaches are introduced in the following.

Noise2Noise

Noise2Noise [84] is an unsupervised technique that addresses the central challenge of
training a denoising model without requiring noise-free ground-truth images. Instead of
clean targets, the method only requires two (or more) noisy observations of the same
underlying signal of interest. However, the noise must originate from the same statistical
distribution. Since the signal of interest is highly correlated in both observations, whereas
noise is not, the model can be trained to predict the signal of interest from one of the
observations given another noise observation with the same underlying signal. In low-field
MRI this corresponds to having two measurements of the same anatomy under identical
parameters, differently corrupted by noise.

To illustrate this, let DNoise2Noise be a dataset with pairs of seperate noisy measurements
of the object xTrue. The dataset can be defined as

DNoise2Noise =
{
(xi

Noisy,1, xi
Noisy,2) | xi

Noisy,1 = xi
True + εi

1, xi
Noisy,2 = xi

True + εi
2

}
, (2.15)
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with εi
1, εi

2 ∼ N (0, σ2). Although xTrue itself is never observed, it is assumed that the noise
in xNoisy,1 and xNoisy,2 is zero mean and independent across the two acquisitions. Because
each noisy observation is an unbiased estimator of xTrue, one can train a denoising network
fθ(x) to map from one noisy observation xNoisy,1 to the other xNoisy,2 while relying on the
following mean squared error objective

LNoise2Noise(Θ) = 1
|DNoise2Noise|

∑
(xNoisy,1,xNoisy,2)

∈ DNoise2Noise

∥fθ(xNoisy,1)− xNoisy,2∥2
2 . (2.16)

By minimizing the objective function, the prediction fθ(xNoisy,1) converges to xTrue, as the
expectation value xNoisy,2 given xTrue remains xTrue. It is also possible to jointly denoise
multicontrast low-field MRI data using the Noise2Noise strategy, which has the advantage
of preserving more of the detailed information in the images [85].

Noisier2Noise

In contrast to the Noise2Noise approach, where two noisy measurements of the same
anatomical structure form a paired training set, Noisier2Noise relaxes this constraint by
learning a denoising function from unpaired noisy data without requiring ground truth [86].
Data collection for the Noise2Noise approach can be challenging, especially in low-field
MRI because two acquisitions of the same subject are required for training. The key
idea of Noiser2Noise is to artificially introduce additional noise into one set of real noisy
images, thereby creating a noisier domain that approximates the distribution of the original
noisy data. Although this noisier set is derived directly from the real noisy images, the
added noise is independent of the underlying clean signal. This preserves the unbiasedness
required to train a denoising network.

Let xNoisy denote a noisy image drawn from a real distribution of noisy low-field MRI
images. By adding more corruption to xNoisy, a second image xNoisier is produced. The
corresponding dataset can be written as

DNoisier2Noise =
{
(xi

Noisy, xi
Noisier) | xi

Noisy = xi
True + εi

1, xi
Noisier = xi

Noisy + εi
2

}
, (2.17)

with εi
1, εi

2 ∼ N (0, σ2). Even though xNoisy itself is noisy, the added noise can be controlled
to be zero-mean and signal-independent, so that xNoisier represents a noisier version of
the same scene. Then, a denoising network fθ is trained to map from xNoisy to xNoisier.
Because xNoisier still carries the same signal information of interest as xNoisy, it can act as
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a target in a MSE objective function:

LNoiser2Noise(Θ) = 1
|DNoisier2Noise|

∑
(xNoisier,xNoisy)
∈ DNoisier2Noise

∥∥∥fθ

(
xNoisier

)
− xNoisy

∥∥∥2

2
(2.18)

Noise2Self

In contrast to previously introduced approaches, the Noise2Self method [87] relies solely
on a single noisy observation. The idea is that each pixel can be predicted from its
surrounding context without directly observing its own noisy value, thereby preventing
the network from trivially learning an identity mapping. In the context of low-field MRI,
this allows to train a denoising model on an individual image or volume, by exploiting the
correlations between neighboring pixels or voxels. The method introduces a blind-spot
masking strategy that manipulates pixels or voxels on a predefined grid. Usually, the
masked pixel is replaced with a local mean value, because setting the masked pixels to
zero introduces intensity discontinuities and can reveal the location of the masked pixel,
which impairs the network of learning the contextural information in the data. During
training, a mask is chosen which manipulates the input of the model, such that the model
prediction depends on the remaining contextural information. The selection of masked
positions, is defined by the masking operator M. The objective function is only evaluated
on positions restricted to indices defined by the complement of the mask Mc.

Given a noisy image xNoisy, the denoising model fθ and a masking operator Mi which
manipulates certain positions by local mean values at locations i and its complement Mc

i ,
the objective function, to train the denoising network can be defined by

LNoise2Self(Θ) =
∥∥∥Mc

ifθ

(
MixNoisy

)
−Mc

ixNoisy

∥∥∥2

2
. (2.19)

Because training with Noise2Self is usually performed per sample, the definition of a
dataset is not necessary. The noisy input xNoisy is manipulated at locations i by the
masking operator Mi while the prediction error is only evaluated at the unseen locations i

using the complement operator Mc
i . During training, the locations i are changed over the

epochs. Because the masked noisy target is an unbiased estimate of the underlying clean
image x, matching the networks prediction to it still drives it toward a denoised output.

Within this thesis, the Noise2Self self-supervised training strategy is considered, as it
neither requires a dedicated training dataset nor assumptions about the actual noise
distribution. However, the review of the various self-supervised training strategies should
provide a broader context and a better understanding of the chosen approach.
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One of the most critical components of an MRI system is the console which controls the
acquisition process by interacting with the different system components. In essence, the
console transmits gradient and RF waveforms to the different amplifiers, i.e. GPA and
RFPA, and receives the amplified MR signal from the pre-amplifier. As introduced in
Section 2.1.4, different console designs exists which are either fully digital or incorporate
analog components for specific processing stages. Regardless of whether the MRI system
is a conventional clinical system and POC low-field research systems, the console carries
out the data acquisition, serving as the interface between the analog and digital worlds.
The acquired MR data may then undergo subsequent signal processing steps and image
reconstruction.

To develop effective deep learning-based image reconstruction and optimization techniques,
targeting POC low-field MRI, a transparent and performant, yet compact MRI console
is desired. For the integration of data-driven deep learning techniques with model-based
reconstruction, as explored in the subsequent chapters, a detailed traceability of the acqui-
sition process is advantageous. A transparent system enables an accurate implementation
of the signal model and ensures a close match between simulated training data and actual
low-field MRI data. As this work is particularly targeting the compact OSI2One POC
low-field MRI system, image optimization and reconstruction is intended to be performed
directly on the portable device. With respect to the limited space, the acquisition and
deep learning-based processing should be managed by a single system, which provides
enough computational resources for these purposes. Another important consideration for
portable systems is their susceptibility to changing environmental conditions. Temperature
fluctuations or EMI can affect the acquired data and negatively impact image quality.
Advanced techniques have demonstrated that EMI can be mitigated by additional sensing
coils positioned around the system [88]–[90]. Consequently, a console is required that
supports the integration of additional sensors which provide environmental information to
be integrated into the data processing pipeline or into the image reconstruction model.
In addition, the console should be cost-effective to align with the overarching goal of the
OSI2One system, which is to democratize MRI.

Existing consoles are constrained by limitations in technical specifications, accessibility, and
cost, which restrict the implementation of advanced low-field techniques. Consoles with
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proprietary software pose constraints in customizability, interpretability and compatibility
to existing pulse sequence standards [91], [92], data formats [93] and image reconstruc-
tion frameworks [94]. The limited access impedes technical innovations for this critical
component, resulting in high costs and redundant engineering efforts [22]. In recent years,
open source software has been developed for the use with proprietary Software Defined
Radios (SDRs) [95]. The device integrates a field-programmable gate array (FPGA) and
a microcontroller within a compact design. Although the software can be customized
in principle, it requires specialized knowledge in FPGA programming. Additionally, the
current memory limitations of the SDR board restrict the maximum duration of Pulseq
sequences that can be executed by the console. With its current configuration, the console
supports only two transmit and receive channels, which is insufficient for accommodating
additional sensors. Moreover, the lack of on-board computational power necessitates an
external system for processing the acquired data.

To address the increasing technical requirements of state-of-the-art POC low-field imaging,
this chapter introduces the Nexus console, which is a versatile and high-performance
console targeting low-field MRI systems. The console is capable of integrating various
sensor information from additional receive channels. Throughout the subsequent section
the hardware and software architecture of the system is introduced, which is used to
conduct in vivo brain measurements with a healthy volunteer. Additional experiments
emphasize the versatility of the proposed system. The results presented in this chapter
have been published in Magnetic Resonance in Medicine [96] and were previously presented
at the annual meeting of the International Society for Magnetic Resonance in Medicine
(ISMRM) in 2024 [97]. They serve as the basis for image reconstruction and optimization
techniques, which are presented in Chapters 5, 6 and 7.

3.1 Architecture description of the console

The aim of this work is to propose a low-field MRI console that not only enables MR data
acquisition with additional sensor information but also functions as a high-performance
reconstruction system, capable of integrating advanced deep learning-based image re-
construction techniques. Leveraging Python-based software and adhering to established
open-source MRI sequence standards [91], [92] and data formats [94], the console ensures
seamless integration into existing MRI workflows, while providing exceptional customiza-
tion options and enabling rapid prototyping. Within the scope of this work, the console is
targeting the portable POC low-field MRI scanner OSI2One [22] with a B0 field strength
of ∼ 50 mT. The following section introduces the hardware architecture and the software
framework of the Nexus console [97] and summarizes the capabilities of the system.
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Figure 3.1: Halbach-based MRI scanner (∼ 50 mT) at Physikalisch-Technische Bunde-
sanstalt (PTB) with installed gradient coils, the main MR coil (top left) and additional
noise sensing coils (left). GPA with power supply, RFPA, T/R switch with pre-amplifier
and the Nexus console are installed below the magnet. A detailed view of the Nexus
console (right) shows the 8-channel receive and the 4-channel transmit module with
the General Purpose Input/Output (GPIO) expander. (Adapted from [96] CC BY 4.0,
2025).

3.1.1 Hardware setup

The console design follows the framework outlined by Winter et al. [98] and is built
around a Supermicro X12SPL-F motherboard (Supermicro Computer Inc., San Jose, USA)
equipped with a 24-core Intel 6312U CPU (Intel Corporation, Santa Clara, USA) and
256 GB of RAM. The setup is mounted in a 19-inch rack case as shown in Figure 3.1
and includes seven PCI express slots, accommodating the measurement cards (Spectrum
Instrumentation GmbH, Großhansdorf, Germany).

The Digital-to-Analog Converter (DAC) is the 16-bit Arbitrary Waveform Generator (AWG)
module M2p.6546-x4, offering four analog transmit channels at a maximum sampling rate
of 40 MS/s and a ±12 V output. This module is supported by 512 MS of on-board memory
and has four ports, expandable to 20. The ADC is the 16-bit M2p.5933-x4 digitizer
module, capable of 40 MS/s sampling on up to eight single-ended receive channels, with
512 MS of on-board memory and a streaming rate of 700 MB/s. These cards can directly
stream data to CUDA Graphics Processing Units (GPUs) and synchronize with up to 15
additional cards, allowing for expanded channels if needed. The installed cards support
MR systems with operating frequencies of up to ∼20 MHz, with the option to upgrade to
higher-performance cards for systems at even higher field strengths.
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The architecture of the OSI2One low-field MRI system with a Larmor frequency of ∼2 MHz
is depicted in 3.2. The RF transmit signal (TX1) is routed to an RFPA, which subsequently
sends the amplified pulses through a passive T/R switch to a single-channel RF coil. The
AWG module generates the gradient waveforms (Gx, Gy, Gz), which are directly connected
to the GPA. The received MR signal is pre-amplified before being digitized by the RX1
channel of the digitizer module. Additionally, two GPIO ports are utilized for RFPA
unblanking and digitizer gating. Precise synchronization and timing are ensured by
transmitting clock and phase reference signals through two other GPIO ports. In this
configuration seven analog receive channels remain which can be used for additional sensors,
e.g. for EMI sensing coils, as well as the additional 16 digital GPIO lines.

3.1.2 Software architecture

To operate the hardware setup described in the previous section, an open source software
framework is implemented. It handles all the parts of an MRI acquisition including the
sequence calculation, transmission of RF and gradient waveforms, sampling and processing
of the MR signal. All the steps are performed digitally, giving full control over the
transmitted and received signals. This Section describes the console’s system environment,
the sequence execution, signal acquisition and processing steps, which are implemented
within the Nexus console software architecture.

System environment

At PTB, the console operates on AlmaLinux version 9.3, with the spectrum cards running
on kernel version M2p 2.17 build 17916 and library version 6.05 build 21120. At Leiden
University Medical Center (LUMC), Microsoft Windows 10 is used as the operating system
for the console.

The console software, which is completely written in Python, integrates several modules
as shown in Figure 3.2, including acquisition control, sequence provider, transmit device
and receive devices. Upon startup, the corresponding instances are created using the
device configuration file. The acquisition control instance administrates the sequence
provider, the transmit and the receive device. It facilitates script-based execution of MR
experiments what is particularly suitable for a research environment. In combination with
a user interface, the presented framework can be deployed as the backend of the console
software [99]. The Python-based implementation allows for easy customization up to the
low level control of the measurement cards, i.e. the DAC and ADC modules.
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Figure 3.2: Schematic of the Nexus console showing the flow of information from the
sequences defined by PyPulseq to the acquisition raw data in ISMRM Raw Data
(ISMRMRD) format. The Python-based console software interpretes the MRI sequences
and replays gradient and RF waveforms by the AWG module (transmit device). A
connection from AWG to digitizer module (receive device), enables precise sampling of
the pre-amplified MR signal. (Adapted from [96] CC BY 4.0, 2025).

Sequence execution

The console software seamlessly builds upon Pulseq sequences [91] using the PyPulseq [92]
implementation. As indicated in Figure 3.2, the sequence provider class directly inherits
from the PyPulseq sequence definition, denoted as pp.Sequence, and adds functionality to
interpret the sequence for the AWG module. In Pulseq sequences are composed of blocks,
where each block may contain up to three gradient events, an RF event, and an ADC
event. When calculating the sequence, gradient events are analyzed and interpolated on
the raster time of the AWG module. Pulseq defines the gradient amplitudes in kHz/m
which need to be converted to corresponding voltage values in mV. This conversion is
determined by the gradient coil efficiency, the GPA gain, the gyromagnetic ratio, and
a scaling factor for the Field-of-View (FOV). The resulting waveform is then stored as
16-bit integer values in a pre-allocated Numpy array. The maximum channel output can
be individually set for each channel and determines the resolution of the waveform. This
allows to configure different resolutions for gradient and RF outputs. A sanity check
ensures, that the calculated waveforms do not exceed the maximum which would result
in a truncation. RF events in Pulseq are defined by their envelope waveform which is
interpolated similarly to the gradient waveforms. Additionally, the RF waveforms needs
to be modulated by the Larmor frequency, which is done digitally. Unlike the gradient
conversions, the transformation of RF amplitudes expressed in Hz into 16-bit voltage levels
in mV is non-trivial due to its dependence on the coil load. To address this, an arbitrary
B1 scaling factor is introduced which allows fine-tuning the conversion by dedicated flip
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angles calibration protocol. All the waveforms of the four output channels are stored in a
single Numpy array using Fortran order.

Beside the analog waveforms some digital control signals are required to enable the RFPA
or trigger the digitizer module, i.e. the ADC, by a gating signal. In addition to the ADC
gating signal a phase reference signal is transferred between transmit and receive device
to maintain phase stability of the system. These digital control signals are transferred
synchronously with the analog waveforms by utilizing the most significant bits of the three
gradient waveforms. This effectively reduces the available gradient precision to 15-bit
which is a trade-off that is also commonly adopted in commercial MRI systems. Despite
this reduction in nominal resolution, techniques such as oversampling and dithering can
be employed to enhance the effective resolution of the waveforms.

Each sequence calculation is tied to a specific set of acquisition parameters, which include
the Larmor frequency, B1 scaling, FOV scaling, and gradient offsets. These parameters
are encapsulated in a unique, hashable dataclass, facilitating validation of the computed
sequence before execution.

Signal acquisition

The signal acquisition is control by an instance of the TX device class and an instance
of the RX device class which are both managed by the acquisition control instance and
inherited from a common abstract device class. This abstract base device implements
common functionality to establish or close the connection to the measurement card or to
read and report the current device status. Since the transmit and receive device need to
operate in parallel, the acquisition control maintains multiple operation loops which are
running in concurrent python threads.

Prior to the sequence execution, the buffer of the AWG card is populated with the pre-
calculated sequence samples. During sequence execution, the pre-filled buffer is replayed
by the AWG module. The buffer works as a ring buffer that is constantly monitored within
the operation loop of the TX device and is refilled with new sequence data points, as soon
as memory chunks are replayed by the AWG card. This approach enables the streaming
of longer sequences in sections, effectively overcoming the on-board memory limitations of
the measurement card. The operation loop persists until the sequence is fully completed,
or the acquisition control interrupts the loop.

In parallel to the TX device, the RX device operates the digitizer card in a gated acquisition
mode. The gated acquisition mode ensures that only data points within the gate signal are
sampled, along with a predefined number of pre- and post-trigger samples. Such an ADC
event is defined by a pair of timestamps which is written to an exclusive timestamp buffer
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on the digitizer card. Within the operation loop, the RX device continuously monitors
this buffer and waits for the completion of a new gate event. Based on the timestamps of
a new gate event, the ADC duration and the number of sample points can be calculated
by the time delta of the timestamp pair. The timestamp buffer is immediately reset, and
the acquired sample points are transferred from card memory to the main memory. Once
the transfer is complete, the card memory is released and can be filled with new data
points. Data is received as 16-bit integer values which correspond to a voltage amplitude
dependent on the maximum input voltage of channels. All the channel data of the readout
is stored in a single Numpy array with Fortran order. The operation loop of the RX device
is running until all the expected gate events were received, or until the loop is interrupted
by a timeout or error.

Signal post-processing

Once the acquisition is finished, the acquisition control triggers the post-processing
workflow. In a first step, the Numpy array with the received sample points is rearranged
into separate dimensions for averaging, receive coils, gate events and readout samples. The
gate events may already be correctly sorted, however, in general the sorting depends on
the trajectory which is defined by the sequence. After sorting the data, the phase reference
signal is separated from the primary input at receive channel zero. The pure receive signal
is subsequently converted to a voltage amplitude. Both, the receive signal and the phase
reference signal are then demodulated and decimated using a FIR filter from SciPy [100],
where the decimation factor depends on the receive bandwidth. This workflow remains
fully digital, what enables access to the unprocessed raw data.

To encapsulate the acquisition raw data with the Pulseq sequence, the specific acquisition
parameters, device configuration and additional metadata, an acquisition data object is
generated at the end of the processing workflow. The acquisition data object provides
a method for non-standardized saving of the acquisition data and for the export to
ISMRMRD format [93]. Non-standardized saving stores the restructured Numpy array
which is advantageous for development work, while the standardized ISMRMRD format
ensures seamless integration into existing reconstruction frameworks [94]. If required,
the unprocessed raw data, meaning the acquired data points before demodulation, can
be stored as well. However, this needs to be enabled explicitly due to the high memory
demand. The meta information, which can be extended by custom user inputs, is stored
in a JavaScript Object Notation (JSON) file which is human-readable and can be easily
imported to a python dictionary if needed.
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3.2 Experimental setup

Based on the implemented hardware and software, different experiments are conducted to
explore the Nexus console performance. Demonstrations include three-dimensional imaging
in vivo, the detection and mitigation of EMI using additional sensing coils, monitoring
of temperature and B0 drifts, as well as a self-monitoring experiment which utilized a
feedback loop that includes the hardware components to obtain calibration data of the
system.

3.2.1 System configuration

Experiments with the Nexus console are conducted at two facilities: LUMC and PTB
in Berlin. On both sites, identical console configurations are used, however, some of the
hardware components differ. The PTB setup utilizes a 1 kW open-source RFPA [101] and
GPA [102], while LUMC employs a 250 W RFPA (Barthel HF-Technik, Aachen, Germany)
and a B-AFPA 40 GPA (Bruker Corporation, Billerica, USA). On the receive side, both
facilities utilize the ABL0050-00-4510 pre-amplifier (Wenteq Microwave Corporation,
Monrovia, USA) to amplify the signal obtained by the MR coil. Within the device
configuration, the gradient channels of the console are configured to provide the maximum
output at both systems, utilizing as much of the GPA input range as possible. The channel
which outputs the RF waveform is configured to a maximum of 200 mV, maintaining a
higher resolution. Additionally, the sampling rate for the AWG and digitizer card must
be configured. As all channels operate with the same sampling rate, it is determined by
the channel with the highest sampling requirements. For a Larmor frequency that is at
approximately 2 MHz a sampling rate of 20 MS/s is chosen which yields an oversampling
factor of 10 to avoid aliasing. The same sampling rate is set for the receive device. Under
consideration of a 20 MS/s sampling rate, the current implementation limits the sampling
time to 25.6 s per ADC gate with a single receive channel, and 3.2 s with eight channels.
This is because the receive device expects a complete ADC event. However, usually the
ADC durations does not exceed 10 ms in practice.

3.2.2 Sequence development

Due to the relatively high field inhomogeneity of portable low-field MRI systems build with
permanent magnets, the use of sequences based on spin-echos are favorable. The relaxation
of transversal magnetization within a sample or subject is dominated by T⋆

2 effects, once
the magnetization is tilted into the transversal plane. Using a 180◦ refocussing pulse,
the magnetization can be pancake-flipped in the transversal plane, so that the vanishing
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magnetization refocusses after Echo Time (TE) [54]. By refocussing the magnetization,
the dephasing due to T⋆

2 can mostly be recovered. An interpreter for Pulseq sequences was
implemented which translates them into waveforms that can be replayed by the console.
Figure 3.3 illustrates the transition from sequence definition to calculated waveforms and
output measurements of a digital oscilloscope. Here, the first phase encoding step of a
two-dimensional spin-echo sequence with Cartesian sampling is presented as an example,
comprising excitation and refocusing pulses followed by a ADC event. As demonstrated
by the Figure, the measurement waveforms can be traced back directly to the calculated
waveforms and the description in PyPulseq. Calculated and measured waveforms are
well-matched.

When considering three-dimensional imaging experiments, sequences with a single readout
per excitation result in long acquisition times. Thus, a Turbo Spin-Echo (TSE) sequence
or more precisely a multi-shot Rapid acquisition with relaxation enhancement (RARE)
sequence [103] is implemented for the imaging experiments. The RARE sequence allows
acquiring multiple Phase Encoding (PE) steps with a single excitation using multiple
refocussing pulses, arranged in an echo train [54]. To achieve three-dimensional k-space
encoding, two phase encoding gradients are used, where each echo corresponds to a different
phase encoding step. Techniques have been developed to obtain an image by using only a
single echo train, referred to as single-shot RARE [104]. It allows fast image acquisition,
but noticeably decreases SNR.

During the echo train, the MR signal amplitude decays with 1
T2

. The peak amplitude of
an echo is defined as follows and depends on the number n of the echo in the train and
the Echo Spacing (ESP) time.

S(n) = S0e
− ntESP

T2 (3.1)

The TE of the echo train is defined by the total number Netl of the echos and the ESP
by Netl · tETL. Because of the T2-induced signal decay, the k-space data has non-uniform
T2-weighting what allows to systematically modulate k-space. An effective TE is defined
by the time at which the k-space center is sampled. As the contrast is predominantly
determined by the contribution of lower spatial frequencies, dedicated image contrasts
are obtained by k-space sorting. Figure 3.4a and 3.4b illustrate different ordering of the
k-space PE steps to obtain Proton Density (PD) and T2 contrast.

Based on these ordering techniques, different k-space trajectories with Cartesian sampling
are implemented with PyPulseq. The sequences with 3D k-space encoding utilizes two
PE and one Readout (RO) gradient. PD-weighted contrast is obtained by using an
inside-out trajectory with an Echo-train length (ETL) of 6 and TE/Repetition Time (TR)
of 20/500 ms. An interleaved linear trajectory with the ETL increased to 22 and a ratio of
TE/TR of 20/2000 ms, yields strongly T2-weighted image contrast with an effective TE of
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(a) Comparison of the sequence defined with PyPulseq and the calculated sequence waveforms,
including the digital RF enable and ADC gate signals.

(b) Waveform output at the Nexus console measured with a digital oscilloscope.

Figure 3.3: Comparison of the calculated and replayed sequence waveforms at the Nexus
console (Reproduced from [96] CC BY 4.0, 2025).
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(a) PD-weighted contrast (b) T2-weighted contrast

Figure 3.4: Different phase encoding techniques within an echo train of the RARE sequence
to obtain PD and T2 weighted image contrasts (adopted from [54]). The sub-figures
plot the signal intensity over the PE location in k-space.

220 ms. Both contrasts are acquired with a FOV of 240× 200× 210 mm (RO, PE1, PE2)
and a spatial resolution of 2× 2× 5 mm (RO, PE1, PE2). The readout bandwidth was
set to 20 kHz for both contrasts, resulting in an ADC duration of 6 ms with 120 readout
samples and a FIR decimation factor of 1000.

The sequence design was kept as simple as possible to allow easy debugging and to
guarantee that the sequence can be executed. For excitation and refocussing, RF block
pulses with pulse durations ≤ 200 µs are used. To compensate for gradient imperfections,
an adjustable time offset is added to the flat time of the frequency encoding gradient before
the ADC gate. The offset is empirically tuned and depends on the GPA. To minimize
saturation effects, three dummy shots were executed before image acquisition.

3.2.3 In vivo imaging

For a comparative reference, almost identical in vivo imaging experiments are performed
with a reference console, the Kea2 spectrometer (Magritek Inc., Aachen, Germany) which
has previously already been employed for imaging on the low-field MR system [7]. On the
hardware side, the key architectural difference between the Kea2 and Nexus consoles lies
in the signal processing chain. The Kea2 console integrates a pre-amplifier with 36 dB gain
and a noise figure of 1.2 dB prior to a second stage pre-amplifier with 22 dB gain. It uses a
passive T/R switch and a 40 MHz antialiasing filter. The down-conversion process utilizes
a combination of Cascaded-Integrator-Comb (CIC) and FIR filters. Unfortunately, not all
specifications of the signal processing chain were available. Given that the Kea2 console
lacks Pulseq compatibility, the three-dimensional TSE sequences were replicated with
identical acquisition parameters and correction terms using the native sequence description
language of the Kea2 console software.
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To assess the imaging performance of the Nexus console, experiments on a healthy
volunteer were conducted who provided informed consent, as approved by the LUMC
ethics committee. The PD- and T2-weighted 3D image contrasts are acquired with each
console for the same volunteer on two consecutive days. During acquisition, a Faraday cage
is installed around the volunteer to prevent any distortions from EMI. Image reconstruction
is performed using a simple Fast Fourier Transform (FFT) without further post-processing
after decimation. Therefore, the acquired k-space data is exported from the reference
console and reconstructed using the identical steps as with the Nexus console to guarantee
comparability with regard to the image reconstruction. For further comparison between the
Nexus console and the reference console, the SNR is calculated based on distinct regions of
signal and noise. This approach is inspired by the SNR assessment methodology outlined in
the National Electrical Manufacturers Association (NEMA) standard [105], which utilizes a
dedicated phantom for measurement rather than in vivo images. Additionally, the imaging
results from both consoles are evaluated using a diagonal profile plot, which covers different
anatomical structures for a comparative analysis.

Before image acquisition, calibration protocols were executed via the console to adjust
essential system parameters to the sample or the subject. The Larmor frequency was
calibrated by centering the frequency spectrum of an Free Induction Decay (FID) signal,
while a power calibration is conducted by maximizing the FID signal integral for the 90◦

flip angle. A shimming algorithm is employed to determine offsets for each of the gradient
axis, which are superimposed to the gradient waveforms, to achieve first-order active B0

shimming, compensating for static linear field inhomogeneities. The algorithm acquires
repeated FID signals to iteratively find the best combination of gradient offset values that
maximize the FID signal amplitude. Given that eddy currents may disturb the MR signal,
the refocussed signal may not be perfectly centered in k-space during readout. To mitigate
this effect, a correction time of 160 µs is added to the flat time of the readout gradient
before the ADC gate is enabled. This correction time, empirically determined from prior
experiments using a spherical phantom, is assumed to be invariant across different subjects.
The calibration steps which are individually performed for the Nexus console and the
reference system can be summarized in the following calibration protocol:

• Adjustment of the Larmor frequency

• Verification of the receive coil’s resonance frequency

• 90◦ flip-angle calibration

• Calibration of gradient offsets for active shimming

• Readjustment of the Larmor frequency
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3.2.4 Integration of auxiliary sensors

In addition to image acquisition, the utilization of auxiliary sensors play a crucial role as
they can help to identify sources of distortion that impact the image quality. What is
particular advantageous about the Nexus console is the versatile use of multiple different
sensors and their easy setup. To demonstrate the versatility of the console, different setups
involving auxiliary sensor and feedback from important system components setups are
demonstrated. Namely, system self-monitoring, EMI mitigation, temperature and B0 field
drifts are investigated.

Self-monitoring of system components

The Nexus console’s multiple receive channels are employed to record various system
parameters during data acquisition, demonstrating the benefits of additional channels and
their versatile utilization for system calibration. To monitor the transmitted RF waveform,
the RF output signal is fed back to the console input. The B1 field of the MR coil is
monitored using a pickup coil, while simultaneously, the forward and reflected power of the
RFPA are measured. To verify the GPA output, its current monitor is used to measure
the current equivalent of the gradient output voltage for each gradient channel.

A specialized sequence is designed within the PyPulseq framework to conduct the monitoring
experiment. The sequence consists of a block RF pulse with a duration of 400 µs, followed
by consecutive trapezoidal gradient pulses on each of the three gradient axis. The gradient
amplitude is set to 80 kHz/m and the gradient duration to 2 ms. Delays at the sequence
start, sequence end and in between consecutive sequence events are all set to 1 ms. To
acquire the entire sequence of test signals for monitoring, the ADC event covers the whole
sequence, beginning after the initial delay and concluding just before the dead time. This
monitoring sequence serves to visualize phenomena such as ringing at the RF coil or
performance of the T/R switch. It also enables to estimate a correction factor which
compensates for imperfect impedance mismatches between the outputs of the console and
the inputs of the GPA. It can result in a deviation of the calculated gradient amplitudes
what effects the FOV in imaging. Using the monitored signals provide information about
the time response of the GPA output, which can potentially be used to correct the timing
of the readout gradient.

Electromagnetic interference detection and mitigation

The versatility of the Nexus console is further demonstrated by integrating sensing coils
which acquire EMI during the image acquisition. For an experimental setup at PTB, a
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simple sphere phantom is imaged in the presence of different EMIs. Three EMI sensing
coils are constructed with 10 turns each and a diameter of 80 mm. Each sensing coil
connects to a ZFL-500LN preamplifier (Mini-Circuits, Brooklyn, USA) which provides
24 dB gain and a noise figure of 2.9 dB. The idea is that the EMI measured at the sensing
coils become more distinguishable.

For the experimental setup, the three EMI coils are distributed around the MRI system.
Two coils are positioned parallel to the bore, while one is placed at a 90-degree rotation, as
depicted in Figure 3.1. Four receive channels are enabled on the console to acquire the MR
signal simultaneously to the EMI. The original implementation of the External Dynamic
InTerference Estimation and Removal (EDITER) [88] algorithm is translated to Python
to mitigate the EMI in the acquired MR data. The scanner is operated in a shielded
environment without any meaningful EMI. Thus, artificial interferences are generated by
an external antenna to investigate distinct EMI sources. Here, the two cases of a single
frequency and broad band frequency EMI are distinguished to evaluate the detection
and mitigation capabilities with the Nexus console. For imaging, a two-dimensional TSE
sequence with PD-weighting is used, where only two gradients are employed. The TR/TE
ratio is 600/14 ms, the ETL is 18 and an isotropic FOV with 150 mm is used. Readout
and phase encoding dimensions of 120× 120, and a readout bandwidth of 20 kHz, resulting
in a total acquisition duration of 4.2 s. The MR signal is captured using a solenoid coil
with 140 mm in diameter. A spherical phantom with 70 mm in diameter is positioned in
the isocenter of the receive coil.

Temperature and B0 field sensors

Another example of changing environmental conditions is temperature. Due to the
temperature dependency of the permanent magnets which are used in the OSI2One
scanner, the B0 field changes depending on temperature. Using seven glass fiber sensors
(imc Test & Measurement GmbH, Berlin, Germany) which are attached at several points
on the Halbach magnet, as shown in Figure 3.10, the option of carrying out temperature
measurements is presented. Six out of the seven sensors are attached to the spaces between
the rings of the magnets and one probe is positioned inside the bore. The temperature
sensors are connected to a measurement module that transmits data to the console at
predefined time intervals via a network connection. An additional processing step ensures
synchronization of the temperature data with the MRI measurement. While this approach
introduces some complexity, it could be streamlined by employing probes which can be
directly attached to the digitizer card of the console enabling synchronized measurements.
Nevertheless, this setup highlights the high degree of flexibility offered by the console.
Concurrently, the static magnetic B0 field is measured next to the temperature probe inside
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the magnet bore using a PT2026 NMR probe (Metrolab, Plan-les-Ouates, Switzerland).
Temperature and B0 field are tracked over various stages of a fictitious examination. In
the first stage, the system is monitored for approximately 20 min after power on. At the
beginning of the second stage, a subject is positioned in the scanner. It is to be noted, that
during the experiment the RF coil was disconnected from the system. After another 10 min
interval at rest but with a subject in the scanner, the three-dimensional TSE sequence
with a duration of 6 min 28 s is executed. Finally, the system is monitored again at rest for
20 min. The experiment is conducted in a closed room without air conditioning, artificial
heating or significant airflow.

3.3 Results

To evaluate the versatility and the imaging performance of the Nexus console, different
experiments have been introduced in the previous section. This section presents the results
obtained from the experiments. First, the in vivo images of the healthy volunteer are
shown and compared to a reference console. Second, the results from multiple different
auxiliary sensors are provided.

3.3.1 In vivo imaging

Figures 3.5a and 3.5b show the PD- and T2-weighted image slices of the three-dimensional
data acquisition, which was acquired with the Nexus console at LUMC. The images depict
multiple transversal slices of the brain from a healthy volunteer. Both contrasts exhibit
an in-plane pixel resolution of 2 × 2 mm and a through-plane resolution of 5 mm. The
imaging FOV in the plane is 240 × 200 mm for RO and the first PE dimensions, while
the through-plane FOV, i.e. the FOV in the second PE dimension, is 210 mm. Due to a
static position of the FOV most of the slices does not contain any meaningful information.
Thus, only 15 out of the in total 42 slices are presented in axial orientation for each of the
image contrasts. The acquisition times were 5 min 52 s for the PD-weighted image and
6 min 28 s for the T2-weighted image.

Figure 3.6 compares similar image slice from the PD- and T2-weighted contrast from each
consoles. The scans were conducted on consecutive days, what introduces minor differences
in subject positioning, leading to minor differences in the selected slices. The reconstructed
three-dimensional magnitude images are normalized to their maximum value to enhance
comparability. Inspired by the NEMA standard [105], SNR is calculated for each image
slice using the same signal and noise regions. The selected signal and noise regions are
overlaid on the images in Figure 3.6 to verify correct positioning. For the PD-weighted
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(a) PD-weighted image contrast with TE/TR of 20/500 ms, ETL of 5 and an acquisition duration
of 5 min 52 s.

(b) T2-weighted image contrast with TE/TR of 20/2000 ms, ETL of 22 and an acquisition
duration of 6 min 28 s.

Figure 3.5: In vivo brain images of a healthy volunteer acquired with the Nexus console
on a 50 mT Halbach-based system. For each contrast, 15 image slices of a 3D TSE
sequence with 240× 200× 210 mm (RO×PE1×PE2) FOV and 2× 2× 5 mm resolution
are displayed. (Reproduced from [96] CC BY 4.0, 2025).
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(a) Comparison of PD-weighted images (b) Comparison of T2-weighted images

Figure 3.6: Comparison of the image quality obtainable by a three-dimensional TSE
sequence across consoles. The proposed Nexus console is compared to a reference console
which is commercially available. SNR is calculated from signal (S) and noise (N) regions
as denoted in the images, and reported at the bottom of each image. The profiles below
compare the intensity values along the diagonals in the images. (Adaptated from [96]
CC BY 4.0, 2025).

image, the SNR achieved with the Nexus console is approximately 8.4 % higher than that
of the reference console. In the case of T2-weighted image contrast, the SNR improvement
with the Nexus console reaches 23.2 %. While both sets of images demonstrate high quality,
a slight zebra artifacts along the readout dimension in the upper part of the brain is visible
in the Nexus images. This artifact is most probably attributed to miscalibration of the
B1 scaling factor, i.e. the flip angle, leading to signal leakage into the outer regions of
k-space. However, using simple post-processing methods, the causative k-space regions
can be filtered or cropped as demonstrated by Figure 3.7. Images from the reference
console in contrast exhibit marginally lower intensity, as evidenced by the comparison of
the magnitude profile. For each image contrast, the magnitude profile is compared along
the diagonal which is plotted on top of the images in Figure 3.6. Compared to the Nexus
console, the reference console exhibits an intensity drop in the right half of the profile in
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Figure 3.7: Comparison of the image reconstruction (top row) with full (left) and a
truncated (right) k-space (bottom row). The truncation and reconstruction has been
done in 3D along the readout dimension. Each readout is truncated by 12 samples in
the beginning and 12 samples at the end. For illustration, the magnitude data of a
single slice is shown.

the PD-weighted image.

In contrast to the reference system, the proposed console facilitates data export in
ISMRMRD format, allowing integration with reconstruction frameworks like Gadgetron
[94]. For image reconstruction, a Gadgetron client running in a Docker container was
employed, performing FFT-based reconstructions and saving the resulting images in
DICOM format.

3.3.2 Auxiliary sensors

Beyond imaging capabilities, the Nexus console allows to directly integrate different
auxiliary sensors. In this subsection, system monitoring, EMI mitigation, temperature
and B0 tracking results are shown.
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Figure 3.8: Monitoring results of RF and gradient waveforms, demonstrating system
characterization with the console. Left: Calculated RF waveform (black) compared
to measurements using a pickup coil (purple), with corresponding forward (blue) and
reflected (yellow) power at the RFPA. Right: Comparison of calculated (black) and
GPA-monitored (purple) gradient waveforms. (Adapted from [96] CC BY 4.0, 2025).

System monitoring

In a feedback-based measurement setup, the Nexus console’s additional input channels
were utilized to monitor the RF performance and compare gradient GPA monitor outputs
against calculated values, as demonstrated in Figure 3.8. This setup enables to identify
important system characteristics by a direct comparison of monitoring signals to the
calculated waveforms. All waveforms were replayed and sampled at 20 MS/s without
applying any decimation. The left plots in Figure 3.8 show the calculated and monitored
RF signal. Monitoring the transmitted RF signal was conducted using a pickup coil
positioned in front of the MR coil. Due to this measurement setup, identical amplitudes
are not expected in the comparison plot. Below, the corresponding forward and reflected
power, measured at the RFPA, is shown. Deviations from the ideal RF waveform were
detected in the pickup coil signal, corresponding to spikes in the monitoring signals from
the RFPA. Likewise, the measured gradient signals displayed on the right side exhibit
a slight delay compared to the calculated waveforms. The discrepancies between the
monitored and calculated amplitudes of the gradient waveforms are likely attributable to
the lower input impedance of the GPA. To fully utilize the analog output range of the
Nexus console, a higher impedance at the GPA input might be necessary. However, the
deviation which has an impact on the FOV can be compensated by a scaling factor which
can be derived from the monitored signals. The demonstrated monitoring setup allows
for the characterization of certain system components without the need for additional
measurement equipment.
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(a) No EMI (b) Single frequency EMI (c) Broad band EMI

Figure 3.9: Experimental results for EMI mitigation using three additional noise sensing
coils with the Nexus console. Compared to the image obtainable without any interferences
(a), single frequency (b) and broad band (c) EMI could be mitigated successfully using
the EDITER algorithm [88]. (Adapted from [96] CC BY 4.0, 2025).

Mitigation of electromagnetic interferences

Figure 3.9 showcases the effect of EMI contamination and mitigation using the EDITER
algorithm. For the detection of EMI, three coils were positioned around the magnet of the
MRI system. The experiments for EMI mitigation were conducted at the PTB system
which suffered from much higher B0 field inhomogeneities at the time of the measurements.
This leads to noticeable geometric distortion of the phantom, which is a spherical ball, and
less SNR compared to the in vivo experiments as can be seen in the image with no EMI.
Two types of EMI were evaluated throughout the experiments: a constant-frequency signal
and a broad-frequency band signal with a bandwidth of 100 kHz. The interferences are
clearly visible in both cases and further degrade the obtainable image quality. In contrast
to the main MR coil, which acquires the MRI signal, the three sensing coils only detect
the EMI signals but not the MRI signal. Using the EDITER algorithm this information
is used to significantly mitigate the EMI artifacts in the images. This works for the
single frequency distortion, as well as for the broad band EMI as shown in Figure 3.9. It
should be noted that in comparison to the setup used for the in vivo measurements this
experimental setup exhibited greater B0 field inhomogeneity (> 4000 ppm) at the time of
the experiments, resulting in some geometric distortions in the sphere phantom.

Temperature and B0 field monitoring

To further demonstrate the versatility of the Nexus console, temperature and B0 field
measurements were performed over different stages. Figure 3.10 illustrates the positioning
of the seven temperature probes (T1-T7) and the NMR probe which is located inside
the bore. The plot to the right side show the change of the B0 field, and below the
measured temperature change of each individual probe. In the course of the experiment,
the temperature constantly increases what leads to a decrease in the B0 field strength of
20 µT. A change in temperature caused by the subject is not observed by the temperature

52



3.4 Discussion

Figure 3.10: Positioning of the fiber Bragg grating temperature sensors (T1-T7) and the
NMR probe (left). Measurement of the room temperature increase and the correlated
decrease of the B0 field strength at different stages: System on (Sys. on), subject in the
scanner (Sub. in), execution of a TSE sequence (TSE), and subject removed (Sub. out).
(Adapted from [96] CC BY 4.0, 2025).

probes positioned at the outside of the magnet. Only the temperature measured by probe
T4 which is located inside the bore rises by approximately 2 K. However, this increase
can be attributed to the subject’s breathing, though it does not significant effect the
mean B0 field. The slight drop observed when the subject enters the magnets (Sub. in)
is likely caused by changes in the magnetic load. Execution the three-dimensional TSE
sequence, also doesn’t really effect the magnet temperature. During sequence execution,
the measured temperature increases by less than 0.5 K, what corresponding to around
112 Hz. The change in temperature throughout the overall experiment is most probably
caused by an increase of the room temperature, indicating that the Larmor frequency
should be updated in between multiple measurements.

3.4 Discussion

This chapter presented the Nexus console, which addresses the limitations of existing
low-field MRI consoles by a transparent, high-performance, and more flexible design
which is easy to adapt. The system, as demonstrated, comprises four transmit and eight
receive channels, with the potential to be straightforward extended by the incorporating
additional measurement cards. Architecturally, the motherboard features seven PCI
Express slots, of which five remain available for further expansion. Each card supports
between four and eight channels, allowing for a total system capacity ranging from 32 to
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52 channels, depending on the configuration of the measurement cards. Since the cards
support synchronization across up to 16 measurement units, an alternative hardware setup
could enable an even higher number of measurement cards and channels.

Without altering the imaging protocol, the console can integrate up to seven additional
EMI sensing coils. Effective EMI mitigation in different scenarios was demonstrated using
the EDITER algorithm [88], leveraging the additional sensor data to enhance the MR
signal quality. To further highlight the adaptability of the system, temperature and B0 field
monitoring were conducted during an MRI examination, utilizing auxiliary measurement
hardware. This data can be leveraged to automatically track variations in the Larmor
frequency, which shifts due to the temperature dependency of the magnet, as could be
observed throughout the experiment. The receive and transmit channels of the console are
not restricted to the applications demonstrated in this work but can be easily configured
to a wide range of other auxiliary sensors [106]:

• B0 field probes and current drivers for B0 shim coils [107] to enhance the field
homogeneity under changing environmental conditions.

• Motion-tracking sensors for artifact correction [108].

• Physiological monitoring devices such as electroencephalography (EEG) [109] and
electrocardiography (ECG) [110].

• RF pulse and gradient field monitoring [111].

• Parallel imaging with additional receive coils [112].

The implementation in Python, combined with native support for PyPulseq sequences,
facilitated the seamless development and execution of TSE-based sequences for three-
dimensional in vivo imaging. Furthermore, this allows to compare imaging results at
different field strengths using the same sequence without much additional effort. The
acquired PD- and T2-weighted images exhibit image quality comparable to that of a
commercially available state-of-the-art console. An increase in SNR was observed with
the Nexus console, which may be attributed to differences in the receive chain, variations
in post-processing, or environmental factors between experimental sessions. Unlike the
proprietary reference system, the Nexus console is fully digital and operates with an open-
source software framework, providing unrestricted access to unprocessed raw data before
down-conversion, as well as complete control over the data processing pipeline. With the
current implementation, waveform calculation from the Pulseq sequence is performed prior
to acquisition, introducing a delay before sequence execution and leading to high memory
consumption in case of longer sequences. However, this latency could be minimized using
parallel computing, allowing waveform computation to run in parallel with the sequence
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execution. An alternative approach involves the configuration of different transmit cards
with distinct sampling rates for RF and gradient waveforms or employing external DAC
hardware, such as the OCRA1 board [113], to output gradient waveforms through digital
channels at a lower sampling rate. Within the operational constraints of the Nexus
console’s measurement cards, which support a maximum sampling rate of 40 MS/s, the
sampling rate remains freely configurable, allowing adaptation to different experimental
frequency ranges. For example, given Nyquist sampling requirements, MR experiments
at frequencies below 20 MHz, such as 15 MHz (B0 ∼0.35 T), are feasible. Direct access to
unprocessed raw data at up to 40 MS/s enables the exploration of oversampling techniques
that could further enhance SNR [114]. If higher frequencies are required, the system can
accommodate AWG and digitizer cards with greater sampling rates, requiring only minor
modifications to the existing open-source software framework.

The integration of an ISMRMRD interface ensures compatibility with established re-
construction frameworks, such as Gadgetron [94]. Additionally, the ability to directly
streamline data from the measurement cards to a GPU facilitates seamless integration of
deep learning-based image reconstruction techniques which can be directly employed at
the scanner.

With an overall material cost of approximately 12 000e and no requirement for specialized
tools or expertise, the Nexus console offers a cost-effective and easily replicable alternative
given its performance. It bridges the gap between existing low-cost open-source designs,
which are underpowered for advanced applications, and expensive proprietary systems.
Assembly is as straightforward as building a PC, using standardized computer hardware
housed in a 19" enclosure. This enhances reproducibility for low-field MRI research while
also simplifying adherence to standard compliance procedures for electrical safety, as
specified in IEC 60601-157. Such conformity streamlines the approval process for in vivo
applications, fostering broader adoption of the Nexus console and potentially enabling
access to more transparent and comprehensible data.

3.5 Summary

With the Nexus console, a novel versatile and high-performance console designed for
advanced POC low-field MRI has been presented. Due to the implementation in Python
it is easily adaptable to integrate information from different auxiliary sensor, which can
help to provide robust imaging under changing environmental conditions. By providing
interfaces to established frameworks such as PyPulseq and ISMRMRD, the console enables
straightforward integration into existing workflows while supporting flexible customization
for rapid prototyping. The system has demonstrated reliable image acquisition using TSE
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sequences on two portable low-field MRI scanners operating at 50 mT, producing PD-
and T2-weighted image contrasts in vivo comparable to those obtained with a proprietary
reference console.

Throughout this chapter, image reconstructions were performed using FFT, demonstrating
promising results while also revealing limitations, particularly the impact of noise in
T2-weighted in vivo images. The challenges of imaging in the presence of strong B0 field
inhomogeneities further underscore the need for dedicated reconstruction techniques. With
its transparent acquisition pipeline and the capability to seamlessly integrate GPU-powered
techniques, the Nexus console establishes a solid foundation for deep learning-driven image
reconstruction and optimization in POC low-field MRI.
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Based on the acquisition results from the previous chapter, it can be concluded that the
limitations in low-field MRI are dominated by low SNR and high B0 field inhomogeneities.
Two similar low-field MRI scanners at different sites with different shimming were utilized
for the imaging experiments. In any of the measurements, the acquired data was affected
by noise which is noticeable in the image domain. Principally, the SNR can be improved
by averaging, but this leads to very long scan times what prevents the clinical use. Since
the system used at PTB had significant higher B0 field inhomogeneities at the time of the
experiments, the images suffer from geometric distortions. The system at LUMC, which
underwent an extensive shimming procedure to homogenize the B0 field, is significantly
less affected by such artifacts. Nevertheless, B0 field distortions need to be avoided as
much as possible in order to provide a correct representation of the anatomy and to
allow for accurate post-processing steps such as automatic segmentations. Changes in
environmental temperatures will affect the B0 field and portable POC systems are in
particular susceptible to these. Shimming a magnet involves multiple iterations of precise
field mapping, field optimization with thousands of small neodymium magnets, whose
field is subject to tolerances and precise manufacturing of magnet holders. Consequently,
effective shimming requires substantial workload and specialized equipment [115], making
ad-hoc application unfeasible. If the B0 field is known, the information can be used to
compensate inhomogeneity artifacts in the images [116], what motivates the investigation
of a B0-informed reconstruction approach.

Chapter 1 provided an overview of existing deep learning-based techniques which improve
the image quality by denoising and B0 field correction. None of the methods which involve
machine learning to estimate the B0 field map have been applied to a low-field system
yet and were developed for high field systems, where the relative field deviations are
much smaller. Consequently, these techniques are not directly applicable to low-field
MRI. However, a method targeting the estimation of image and B0 field map at low field
strength of about 50 m T using conventional regularization was proposed in [116]. The
authors propose different models for B0 field reconstruction based on the relative phase
difference of two acquisitions and B0-informed image reconstruction. Image and field map
estimation is carried out using an alternating optimization scheme. Despite promising
results, the reconstruction is, however, computationally expensive.
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To address the lack of a model-based reconstruction algorithm, targeting the image
and B0 field related problems, this chapter introduces a novel reconstruction network
which is fully end-to-end trainable and explicitly incorporates the physics of the data
acquisition process. Inspired by the algorithm unrolling techniques which have already been
successfully demonstrated for cine MRI [50], model-driven and data-driven reconstruction
are combined to yield noise-free images with corrected geometric distortions.

4.1 Formulation of the joint reconstruction problem

Based on the formulation of the forward problem (2.7), this section first introduces the
operator of the method, which takes as input the image as well as the B0 field map.
Because the operator is used in an end-to-end training later on, it must be defined in such
a way that it is differentiable. In a second step, the reconstruction problem is defined as a
joint minimization problem with a variable splitting approach, which divides the problem
into two sub-problems for the image and the B0 field map, respectively.

4.1.1 Approximation of the forward operator

Due to the dependency on space and time, the operator E in (2.7) becomes computationally
expensive to evaluate. To overcome this problem, an approximation of the term e−iωntm

based on time segmentation is used, as proposed in [117] which is computationally more
favorable. The approximation is given by

e−iωntm ≈
L∑

l=1
cl,me−iωnt′

l , (4.1)

where the vector t′ ∈ RL is defined by t′
l = l Tacq

L
, l = 1, . . . , L and n, m = 1, . . . , N .

L defines the number of time segments and N accounts for the total number of image
and k-space samples. The approximation is obtained by a linear combination with the
coefficients cl,m, which are introduced later in this subsection. For a fixed image x, the
function gx : CN → CLN is defined by

gx(ω) = (1L ⊗ x) ◦ e−i(t′⊗ ω), (4.2)

where 1L denotes an L-dimensional vector of ones and the exponential function is applied
component-wise. The Kronecker product is denoted by "⊗" and the Hadamard product
by "◦". The operator diag : CN → CN×N , x 7→ diag(x) = [x1e1, . . . , xNeN ], where {ej}N

j=1

denotes the standard basis of the space RN , which transforms a vector into a diagonal
matrix.
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4.1 Formulation of the joint reconstruction problem

For fixed ω, the linear operator Bω is defined by the matrix

Bω = [diag(e−iωt1), . . . , diag(e−iωtL)]T ∈ CLN×N . (4.3)

It should be noted that the linear operator Bω applied to x equals the evaluation of gx in
ω, i.e., gx(ω) = Bω. This notational aspect serves to highlight the fact that the function
gx is nonlinear with respect to the field map ω, but Bω defines a linear operator with
respect to the image x. Transformation from image to Fourier space is achieved by the
construction of a block diagonal Fourier operator FL := IL ⊗ F, where IL denotes the
L× L-identity matrix.

In (2.8), the field inhomogeneities ω cause phase accumulation. In the impulse response
function, this phase term can be neglected if the field map varies slowly enough. If the
number of L is chosen sufficiently small, the phase term in the impulse response function
can be neglected [118], [119]. To compute the coefficients cl,m in (4.1), the functions

γ : RN → CN×N , ω 7→ γ(ω) = e−iω·tT
, and (4.4a)

γL : RN → CN×L, ω 7→ γL(ω) = e−iω·(t′)T (4.4b)

are defined. For fixed ω, Γω ∈ CN×N is defined by Γω = γ(ω) and ΓL
ω ∈ CN×L by

ΓL
ω = γL(ω), respectively. Both matrices contain the exponential expression from (4.1)

whereby Γω contains all the time points, while ΓL
ω only contains segmented time points.

The approximation in (4.1) for all n = 1, . . . , N and m = 1, . . . , L can be compactly
written in the form of a system ΓL

ωCω = Γω, whose solution is calculated as

Cω = (ΓL
ω)†Γω, (4.5)

where (ΓL
ω)† is the Moore-Penrose inverse given by

(ΓL
ω)† := ((ΓL)HΓL

ω)−1(ΓL
ω)H. (4.6)

The matrix Cω from equation (4.5) contains L row vectors with N coefficient each, i.e.
Cω = [c1, ..., cL]T with cl ∈ CN , l = 1, . . . , L. To apply the coefficients to the Fourier
transformed vector of L images, C̃ω = [diag(c1), ..., diag(cL)] ∈ CN×LN is defined.

The time-segmented operator EL(x, ω) depends on two variables. For fixed ω, the operator
is denoted by EL

ω : CN → CN and for fixed x by EL
x : RN → CN . They are defined by

EL
ω(x) := (C̃ωFLBω)(x) (4.7a)

EL
x(ω) := υ(ω)FLgx(ω) (4.7b)
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respectively, where υ(ω) = C̃ω. EL
ω is linear with respect to x, while EL

x is nonlinear with
respect to ω due to the functions gx(ω) and υ(ω). Both of the operators from equations
(4.7a) and (4.7b) will be used in the formulation of two sub-problems. The proposed
reconstruction operator will be utilized in end-to-end training, requiring backpropagation
through the entire network, which underscores the need for a detailed notation.

4.1.2 Reconstruction problem

The reconstruction problem can be defined as a joint minimization task on the field map
ω and the image x. This is expressed mathematically as:

min
x,ω

1
2

∥∥∥EL(x, ω)− y
∥∥∥2

2
+Rx(x) +Rω(ω), (4.8)

where the objective function consists of a data fidelity term and two regularization terms.
The regularization terms Rx(x) and Rω(ω), enforce constraints on the image x and the
field map ω, respectively. The regularization for the image x is defined as:

Rx(x) = λx

2 ∥x− xNN∥2
2 , (4.9)

where λx > 0 is a regularization parameter. This term encourages the reconstructed image
x to remain close to a previous estimate xNN, which is provided by a NN. Similarly, the
regularization for the field map ω is given by:

Rω(ω) = λω

2 ∥ω − ωNN∥2
2 , (4.10)

where λω > 0 is a regularization parameter and ωNN is the field map estimate provided
by a NN. Substituting the regularization terms into the joint minimization problem, the
objective can be rewritten as:

min
x,ω

1
2

∥∥∥EL(x, ω)− y
∥∥∥2

2
+ λx

2 ∥x− xNN∥2
2 + λω

2 ∥ω − ωNN∥2
2 . (4.11)

Due to the dependency on two variables, directly solving the above problem is challenging.
To address this complexity, an approximation of the forward operator is utilized alongside
a variable-splitting approach. The approximation of the forward operator reduces the
number of Fourier transforms from M to L by segmenting the acquisition time into uniform
intervals.
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4.1 Formulation of the joint reconstruction problem

4.1.3 Sub-problem for the image

When the field map ω is fixed, the reconstruction problem reduces to the following
sub-problem:

min
x

1
2

∥∥∥EL
ω(x)− y

∥∥∥2

2
+ λx

2 ∥x− xNN∥2
2 , (4.12)

where EL
ω is defined as in (4.7a). Since EL

ω is linear with respect to x, the objective function
in (4.12) is convex. Consequently, the unique solution to this sub-problem can be obtained
by solving the linear system:

Hωx = bω, (4.13)

where the system matrices are defined as:

Hω = (EL
ω)HEL

ω + λx IN , (4.14)
bω = (EL

ω)Hy + λx xNN. (4.15)

The solution to this system can be efficiently computed using the CG method.

4.1.4 Sub-problem for the field map

For a fixed image x, the corresponding sub-problem becomes:

min
ω

1
2

∥∥∥EL
x(ω)− y

∥∥∥2

2
+ λω

2 ∥ω − ωNN∥2
2 . (4.16)

Due to the exponential correlation between ω and y this nonlinear sub-problem is much
more complex compared to sub-problem (4.12), which is why a first-linearize-then-solve
approach is used here. To simplify the problem, a first-order Taylor approximation is
applied to the forward operator EL

x , following a similar approach to that described in [120].
The Jacobian of EL

x , evaluated at a linearization point ω0, is denoted by JEL
x
|ω=ω0 . Using

this approximation, the forward operator can be expressed as:

ẼL
x(ω) = EL

x(ω0) + JEL
x
|ω=ω0(ω − ω0). (4.17)

By defining the modified data term as:

ỹ = EL
x(ω0) + JEL

x
|ω=ω0(ω0), (4.18)
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and substituting EL
x with ẼL

x in (4.16), the problem simplifies to the following linearized
sub-problem:

min
ω

1
2

∥∥∥JEL
x
|ω=ω0(ω)− ỹ

∥∥∥2

2
+ λω

2 ∥ω − ωNN∥2
2 . (4.19)

The solution to this sub-problem can be found by solving the linear system: The solution
to this sub-problem can be found by solving the linear system:

Gxω = dx, (4.20)

where the matrices are defined as:

Gx = (JEL
x
|ω=ω0)HJEL

x
|ω=ω0 + λω IN (4.21)

dx = (JEL
x
|ω=ω0)Hỹ + λω ωNN. (4.22)

This linear system can also be solved efficiently using the CG method.

4.2 Neural network architecture

The previous Section introduced the reconstruction problem which is divided to solve the
image and field map related sub-problems alternatively. Each of the sub-problems utilize
a different NN for regularization. This Section introduces a Convolutional Neural Network
(CNN) specifically designed to estimate B0 field maps and a U-Net architecture which
is capable of denoising complex-valued low-field MRI data. With the integration of the
CNNs for regularization, the end-to-end network architecture is presented.

4.2.1 Spherical harmonic network for B0 regularization

For the field map estimation, a novel NN architecture, referred to as Spherical Harmonics
(SH)-Net, is proposed. This approach follows a methodology similar to the Off-Resonance
Network (ORN) architecture, introduced in [46] and originally proposed in [45], estimates
a B0 field map from a single complex-valued distorted image. In the ORN, the estimated
field map is interpreted as a non-stationary convolution kernel, which can be learned
by a NN. Rather than learning the entire mapping from the complex-valued image to
the field map distribution, the proposed approach employs a physically motivated NN
structure. This design leverages the inherent spatial smoothness of B0 field maps, achieved
by parameterizing the field map as a linear combination of SH coefficients and basis
functions. Using SH harmonics has the advantage that an entire three-dimensional B0

field can be described by only a few coefficients [54].
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4.2 Neural network architecture

Figure 4.1: SH-Net to estimate a field map prior ωNN from a complex-valued B0-uninformed
FFT reconstruction. The network is built of an encoding path with two convolutional
layers per stage and a constant number of 16 filters. The last layer is a fully connected
layer that maps the values to 25 SH coefficients, which are used to calculate a spatially
smooth field map by (4.24). (Reproduced from [121] CC BY 4.0, 2024).

A B0 field map can be expressed as a weighted sum of SH functions, where the basis
functions Y η

ι (θ, ϕ) are defined by degree ι and order η. These functions depend on the
polar angle θ and the azimuthal angle ϕ. In the two-dimensional case considered here,
the azimuthal angle is fixed at 90◦, simplifying the basis functions to Y η

ι (θ). The field
distribution, parameterized by radius r, is described as a weighted sum of real SH functions
and coefficients in the polar coordinate system. The field map ω, expressed in polar
coordinates and parameterized by the SH coefficients hη

ι , is defined as:

ωr,θ =
ιmax∑
ι=0

ι∑
η=−ι

rιhη
ι Y η

ι (θ). (4.23)

Expressed in vectorized form, this equation can be written in a more compact way as

ω = Ψιmaxρ, (4.24)

where Ψιmax denotes the set of SH basis functions for orders up to ιmax and degrees η, and
ρ represents the corresponding coefficients.

As illustrated in Figure 4.1, the network consists of an encoder path that processes the
input image and outputs the SH coefficients. Instead of also learning the decoder path of
the network, SH basis functions are used to decode the output state of the encoder path as
denoted in (4.24). Thus, the proposed SH-Net architecture is designed to estimate the SH
coefficients of the underlying field distribution from the input image with complex values.
Empirical evaluations determined that the use of a fixed number of 16 feature channels for
each convolutional layer and five encoding stages provides optimal performance. In the
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4 Image and B0 field reconstruction

final stage of the network, the features are flattened into a vector and a fully connected
layer is applied to estimate the SH coefficients. Here, SH coefficients up to degree five
are generated, which has been shown to sufficiently describe the field map, as supported
by [115]. The input to the network is an initial B0-uninformed image reconstruction,
calculated as x0 = FHy. The network, which estimates the SH coefficients to calculate the
B0 field map according to (4.24), is denoted as ωNN = SHΩ(x0).

4.2.2 U-Net for image regularization

Due to the low magnetic field used for data acquisition, noise in the acquired k-space
data y is dominant. As a result, in (4.11), the NN-image prior to xNN should represent an
estimate of the noise-free image corresponding to the data y. For the denoising task, a
NN is employed, operating in the image domain to produce a denoised image xNN.

Assuming the availability of a reliable field map estimate ω, such as ωNN, the operator EH
ωNN

can be defined to reconstruct an image and correct for geometric distortion. In the image
domain, a U-Net architecture [71], [122], [123] is applied for denoising. This architecture
consists of an encoder and a decoder path, where the real and imaginary components of the
complex-valued image are processed as separate channels. The denoised and geometrically
corrected image is then estimated as xNN = uΘ((EL

ωNN
)Hy). In this context, the NN

architecture comprises four encoding stages, each featuring two convolutional layers, with
an initial filter size of 32 and a kernel size of three.

4.2.3 Algorithm unrolling with alternating reconstruction scheme

As introduced in Section 4.1, a variable splitting approach is applied which solves the
problem utilizing two sub-problems. The solution to problem (4.11) is approached by
solving (4.12) and (4.19) in an alternating pattern for a fixed number of iterations T ,
yielding and end-to-end trainable NN denoted as fT

Θ,Ω. Formally, fT
Θ,Ω is defined as:

fT
Θ,Ω : CN → RN × CN

y 7→ zT , (4.25)

where zT is the T -th element of the sequence (zt)T
t=1 defined as:


zt+1 := (ωt+1, xt+1),

ωt+1 := arg min
ω

1
2

∥∥∥JEL
xt

(ω)− ỹ
∥∥∥2

2
+ λω

2 ∥ω − ωNN∥2
2

xt+1 := arg min
x

1
2

∥∥∥EL
ωt(x)− y

∥∥∥2

2
+ λx

2 ∥x− xNN∥2
2 ,

(4.26)
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4.2 Neural network architecture

Figure 4.2: Overview of the end-to-end reconstruction network. The initial NNs estimates
of the B0 field map and the denoised image are obtained from B0-uninformed FFT
reconstruction. Using (EL

ωNN
)H the noisy data is reconstructed under consideration of

the estimate ω prior to denoising. Unrolling the end-to-end reconstruction network
yields the final results xT and ωT . Although the CNNs SHΩ and uΘ are applied only
once, their parameters as well as the regularization parameters λω and λx are optimized
during training. (Reproduced from [121] CC BY 4.0, 2024).

with initial values x1 := xNN and w1 := ωNN. The network fT
Θ,Ω maps the measured

k-space data y to an estimate of the ground truth image and the ground truth field map.
The NNs are applied only once before unrolling the algorithm to obtain the initial priors.

The optimization process, including both sub-problems, is described in Algorithm 1 and
illustrated in Figure 4.2. The initial noisy image reconstruction, performed using FFT,
is used to estimate a spatially smooth field map with the proposed SH-Net. Using the
field map estimate, a B0-informed image reconstruction is performed, which yields a
geometrically corrected but noisy image. By applying the denoising U-Net, a noise-free
estimate of the reconstructed and distortion-corrected image is obtained. Starting from
the NN priors, the method iteratively refines the estimates of the field map and the image
by alternating between solving the two sub-problems. The strategy is to always define
the operators EL

ω and EL
x with the best available solutions for ω and x, respectively. This

means that at the very first iteration, the NN priors ωNN and xNN are used to define the
operators EωNN and ExNN . After T iterations, the process results in an optimized field map
and a denoised, geometrically corrected image. During the end-to-end training process,
the final estimates for the image and the field map are used to update the parameters of
the underlying NNs involved in the regularization. The backpropagation from the final
estimates to the trainable parameters of the NNs is performed through the entire unrolled
optimization process.
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4 Image and B0 field reconstruction

Algorithm 1 Alternating optimization scheme to jointly update field map and image.
Require: Measured k-space data y

1: Compute initial priors:
2: ωNN ← SHΩ(FH(y)) ▷ Estimate B0 field map using SH-Net
3: xNN ← uΘ

(
(EL

ωNN
)H(y)

)
▷ Denoise geometrically corrected image by U-Net

4: Initialize variables:
5: ω1 ← ωNN, x1 ← xNN
6: for t = 1, . . . , T − 1 do
7: Field map update (sub-problem B):
8: ỹt ← y− EL

xt(ωt) + JEL
ωt (xt)(ωt) ▷ Update residual

9: bωt ← JH
EL

ωt (xt)(ỹ
t) + λωωNN ▷ Compute gradient term

10: Hωt ← JH
EL

ωt (xt)JEL
ωt (xt) + λωI ▷ Construct system matrix

11: ωt+1 ← CG(Hωt , bωt) ▷ Solve with conjugate gradient
12: Image update (sub-problem A):
13: bxt ← (EL

ωt+1)H(y) + λxxNN ▷ Compute gradient term
14: Hxt ← (EL

ωt+1)HEL
ωt+1 + λxI ▷ Construct system matrix

15: xt+1 ← CG(Hxt , bxt) ▷ Solve with conjugate gradient
16: end for
17: return Final estimates: zT := (ωT , xT )

4.3 Computational experiments

To evaluate the proposed method, different computational experiments are conducted. For
the training of the proposed methods, a supervised approach is applied which requires
ground-truth data for each sample. In the first part of this section, the simulation process
is explained to obtain training data and, subsequently, the training of the NNs. Two
comparison methods are introduced for the B0 field estimation which are used to evaluate
the novel SH-Net. In the next step, different algorithm unrolling schemes are evaluated
for the end-to-end training. Finally, the proposed joint method is compared with purely
model-based approaches.

4.3.1 Simulated low-field MRI data

For supervised learning of NNs, a relatively large amount of data is usually required
for training. In addition, for supervised learning, a clean and undistorted reference is
also required for the training process. Such ground truth data does not exist, which is
why often simulated low-field data are used for supervised training. As an alternative
to this, also self-supervised techniques could be employed, however, they still require
huge amounts of data. Since only a fraction of low-field in vivo data is available at
this point, synthetic low-field MRI data was simulated based on single-coil spin-echo
acquisitions of the knee at 3 T from the FastMRI dataset [34]. By selecting a single
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two-dimensional slice from each three-dimensional sample, 973 different complex-valued
samples are obtained. Retrospective simulation of low-field MRI data from ground truth
samples was implemented according to (2.7).

To obtain a variety of smooth random field maps, random SH coefficients are generated.
The B0 field of a low-field Halbach magnet can be relatively inhomogeneous, unless the field
has been optimizing over several iterations of shimming. However, the inhomogeneities
are rather slowly varying globally such that the low frequencies dominate. In order to
take this into account, the entries of the generated coefficient vector in (4.24) are weighted
exponentially decreasing. According to equation (4.24), ground truth field maps can then
be generated from random SH coefficients. The weighting function is chosen so that
field inhomogeneities in the range of ±6000 ppm are obtained. This corresponds to the
inhomogeneity of the PTB Halbach systems with only a few shim iteration used in Chapter
3 and to the inhomogeneity reported for other Halbach-based systems in the literature
[116]. The mean and standard deviation of the correlation coefficient between the field
maps showed no correlation or weak correlation, from which it can be concluded that the
field maps are sufficiently diverse. For the generation of training samples, SH coefficients
up to the order of 10 are used. The order of the simulation step is explicitly higher
compared to the order used in the network from Section 4.2.1 to mimic the continuous
character of the real field distributions.

Given ground truth field maps ω and images x, the k-space data y is retrospectively com-
puted according to (2.7). The retrospective simulation does not utilize the approximation
of the forward operator, which is only used to accelerate the reconstruction for training
and inference of the model. This also counteracts the inverse crime of using the identical
operator in simulation and reconstruction. During training, the standard deviation of the
Gaussian noise σy is randomly chosen from the interval [0.2, 0.6]. The test set was created
using three distinct values σy ∈ {0.2, 0.4, 0.6}.

The simulation of SNR and B0 field inhomogeneities is highly inspired by the characteristics
of real low-field MRI data, so that the methods trained on these data should in principle
also be applicable to data from actual low-field MR systems. The 973 unique image slices
are randomly combined with a total number of 1800 randomly generated and weighted
field maps. For training, validation and testing the data is split into fractions of 1260
(70%), 360 (20%) and 180 (10%), respectively. The resulting dataset is denoted by:

D = {(y, ω, x)|y = E(x, ω) + ε}. (4.27)
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4.3.2 Pretraining of neural networks

The network pretraining was performed by minimizing the MSE between the predicted
and ground truth field maps. With the previously defined dataset from (4.27), the
corresponding loss function is expressed as:

LSH(Ω) = 1
|D|

∑
(y,ω,x)∈D

∥ω − SHΩ
(
FHy

)
∥2

2. (4.28)

The network architecture, illustrated in Figure 4.1, consists of five encoder stages, each
comprising two convolutional layers with a kernel size of 3 and a fixed filter size of 16. It
is designed to predict 25 SH coefficients, corresponding to a maximum spherical harmonic
order of 4. With 858 trainable parameters, the model strikes a balance between complexity
and generalizability while mitigating overfitting. Pretraining was conducted over 400
epochs with a batch size of 1, using the ADAM optimizer with a fixed learning rate of
10−4. The total pretraining time was approximately 44 min.

For image denoising, a U-Net architecture with residual connections was employed, following
[123]. The U-Net featured four encoder steps, each containing two convolutional layers
with a kernel size of 3, mirroring the SH-Net encoder structure. The initial filter size for
the U-Net was set to 32. To train the denoising U-Net, a slightly different dataset is used,
which contains only noise but no geometric distortions:

DPre
u := {(x0, x) | x0 = FHy, y = Fx + ε}. (4.29)

By not using the previously defined dataset with geometric distortions caused by B0

field inhomogeneities, it is ensured that the U-Net solely covers the denoising task. The
correction of geometric distortions will be handled entirely by the SH-Net. The loss
function for the denoising U-Net is defined by

Lu(Θ) = 1
|DPre

u |
∑

(x0,x)∈DPre
u

∥x− uΘ(x0)∥2
2. (4.30)

Pretraining is carried out over 400 epochs, with a batch size of 1, using the ADAM
optimizer with a learning rate of 10−4. The duration of training for U-Net was measured
at approximately 21 min.

4.3.3 Comparison of B0 field map estimation methods

Spatially B0 field inhomogeneities cause relative phase differences dependent on the echo
time. A common way to reconstruct the B0 field map is to acquire multiple shifted
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echos and calculate the B0 map from the relative phase difference map. Therefore, the
discrete signal equation (2.8) is extended by a non-zero positive echo shift to simulate
the corresponding k-space data. The calculated B0 field map from the phase difference of
these two simulations serves as the first comparison method.

The ORN, published by [45] is a CNN with equally shaped convolutional layers and residual
connections that estimates an undistorted image from a single complex-valued distorted
image. In [46], the approach was adapted to estimate a field map from the initial distorted
reconstruction by the same architecture. In both cases, the CNN architecture consists of 8
convolutional layers with 3 residual connections, a kernel size of 5× 5 and 128 filters. The
CNN approach is implemented as proposed by the authors and compared to the proposed
SH-Net. To provide a fair comparison, the training was carried out as described in Section
4.3.2 by replacing SHΩ with ORNΞ in loss-function (4.28).

4.3.4 Algorithm unrolling for end-to-end training

The end-to-end training unrolls the optimization algorithm as described in Section 4.2.3.
This process is evaluated by three different cases for the iteration number T :

SP-A Only the image sub-problem is minimized once, using the field map provided
by the pretrained NN.

T = 1 Each sub-problem is solved once within a single iteration. This case investigates
the impact of the B0 field map sub-problem.

T = 3 Sub-problems A and B are alternated and solved over three iterations. Assuming
the image or field map result after one of the minimization steps can be improved,
this case investigates the interdependence of both sub-problems.

For all CG blocks, five iterations are performed to improve the data consistency of the
outputs for each sub-problem (4.12) and (4.19). The hyperparameters of the pretrained
NNs are further refined during the alternating optimization process using the ADAM
optimizer. The regularization parameters λx and λω, initially selected based on empirical
evaluations, are included as training parameters and adjusted during training.

The learning rates are set to 10−6 for the NN hyperparameters and 10−5 for the regulariza-
tion parameters. With a batch size of one, the training is pursued over 400 epochs. The
duration of training varied according to the number of iterations T , with longer durations
for higher values of T due to the increased complexity of the unrolling.

The end-to-end training is performed by minimizing the following loss function:

LT
α(Ω, Θ) = 1

|D|
∑

(y,ω,x)∈D

[
α∥ω − ωT (y)∥2

2 + (1− α)∥x− xT (y)∥2
2

]
, (4.31)
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where α > 0 is a weighting factor chosen to balance the contributions of the errors
associated with the field map and the reconstructed image. The network is implemented
in PyTorch, leveraging its automatic differentiation engine to compute gradients of the
trainable parameters.

4.3.5 Comparison to conventional approaches for joint image and B0 reconstruction

Based on the formulation presented in equation (4.8), a similar joint reconstruction method
was introduced in [120]. The approach uses a quadratic regularization term R = ∥∇x∥2

2

instead of the quadratic penalty terms derived from NNs. Although this method was not
originally developed for low-field MRI, it is included for comparison due to its structural
similarity to the proposed Algorithm 1. The quadratic penalty term is replaced by the
ℓ1 norm in this work, resulting in a TV minimization approach, which has been widely
adopted for MRI reconstruction [124]. To solve the sub-problem with respect to the
image, the PDHG method [67] is applied. The initialization for the field map is obtained
from the relative phase difference, while the starting value for the image is given by
x0 := FHy. T = 10 iterations are used in total to alternate between the optimization of
the sub-problems. Herein, the B0 field map sub-problem is solved using the CG method
for up to 100 iterations or until a tolerance of 10−5 is reached. The image sub-problem
is solved with 128 iterations of the PDHG method. The regularization parameters λω

and λx are selected by a grid search, ensuring the lowest MSE with respect to the ground
truth. Although this grid search is not feasible in practical scenarios, it provides a fair
basis for comparison by identifying the optimal parameters for this method. In essence,
this comparison reveals the impact of using NNs for regularization instead of conventional
approaches like TV.

A second comparison method, called the bi-model approach, is also based on conventional
techniques to jointly estimate the image and B0 field map [116]. This method uses separate
models to optimize the field map and the image and was specifically designed for heavily
distorted low-field MRI images, which is why it is chosen for comparison. The initial
field map is derived from the relative phase difference of two acquisitions and smoothed
using Tikhonov regularization. The optimization uses the original forward operator E,
i.e. without the approximation operator, with the extension by the echo time shift.
Reconstruction of both measured data, y1 and y2, is performed with ETE1 and ETE2 ,
respectively, and the resulting phases of the reconstructed images x1 and x2 are used
to update the field map. The Split-Bregman algorithm is used for image reconstruction
with two outer iterations, each involving up to 100 CG steps with a tolerance of 10−5.
Empirical evaluations indicated that three alternations between the sub-problems yielded
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the best results for the simulated dataset. A grid search over the test dataset was used to
determine the regularization parameters that minimized the image MSE.

4.3.6 Evaluation and metrics

To evaluate network performance, test data was generated with distinct noise levels by
simulating the forward problem (2.7) using Gaussian noise with standard deviations
σy ∈ {0.2, 0.4, 0.6}. The field maps estimated by the proposed SH-Net and the ORN
[46] were compared to the field map obtained from the relative phase difference of two
measurements with an echo time difference of 20 ms and the simulated ground truth.

For evaluation of the field map, the Mean Absolute Error (MAE) is computed. The
evaluation was performed on the entire field map and within a circular Region of Interest
(ROI) at the center of the map to exclude phase noise from areas outside the object of
interest. The ROI was defined with a radius of 32 pixels, encompassing approximately 20 %
of the total pixels. Data augmentation was applied to ensure that all test slices contained
meaningful information within this ROI. The reconstructed images were assessed using
Root Mean Squared Error (RMSE), Peak Signal-to-Noise Ratio (PSNR), and Structural
Similarity (SSIM) [125]. While RMSE and PSNR are global metrics, SSIM evaluates
image quality based on contrast, luminance, and structural comparison, making it more
sensitive to distortions such as blurring [125].

The regularization parameters for the comparative methods were optimized separately for
each noise level using a sample-wise grid search with the ground truth. Usually a ground
truth is not available, which is why this technique cannot be employed in practice.

4.4 Results

The preceding section delineated an overview of the computational experiments that were
conducted to systematically to assess the efficacy of the proposed reconstruction method-
ology. Initially, the section presents the outcomes of the novel B0 field estimation method,
followed by the results of the different algorithm unrolling schemes and subsequently, the
comparison of the proposed joint reconstruction approach against conventional methods.

4.4.1 Performance comparison of field map estimation methods

The results of the field map of SH-Net and ORN, which are obtained from a single echo, are
compared to the field map obtained from the relative phase difference of two measurements.
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4 Image and B0 field reconstruction

(a) Boxplot comparing the MAE of the field maps obtained from relative phase difference of
two measurements with different echo times, our proposed SH-Net and the ORN, whereby
the latter are based on a single echo. The comparison is carried out at distinct noise levels
σ ∈ {0.2, 0.4, 0.6} for the entire field maps (left) and within the ROI (right).

(b) Field maps obtained from our proposed SH-Net and the ORN compared to the phase difference
map and the ground truth at σ = 0.4.

Figure 4.3: Comparison of SH-Net and ORN on the test dataset after pretraining. (Repro-
duced from [121] CC BY 4.0, 2024).

Figure 4.3 compares the MAE of the results at three distinct noise levels given by the
standard deviation of the simulated k-space data, that is, σy ∈ {0.2, 0.4, 0.6}. For both the
entire field map and for the ROI, the SH-Net outperforms the other methods by showing
lower MAE values. For the entire field map the MAE of the SH-Net is 324.7 ± 145.3
(σy = 0.2) Hz, 324.6 ± 144.1 (σy = 0.4) Hz and 327.2 ± 142.4 (σy = 0.6) Hz, while the
ORN leads to an MAE of 711.3± 231.2 (σy = 0.2) Hz, 726.5± 240.7 (σy = 0.4) Hz and
742.8± 247.5 (σy = 0.6) Hz. The highest error was found for the phase difference maps
with 852.3±326.2 (σy = 0.2) Hz, 945.7±325.0 (σy = 0.4) Hz and 1107.8±350.4 (σy = 0.6)
Hz.
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4.4 Results

Figure 4.4: Comparison of different metrics during further fine-tuning of the pretrained
uΘ and SHΩ by unrolling the proposed scheme in Algorithm 1 with SP-A, T = 1 and
T = 3 alternations. For SP-A, the field map is entirely defined by the output of the
SH-Net and only the image is ensured to be data-consistent by solving problem (4.12).
(Reproduced from [121] CC BY 4.0, 2024).

4.4.2 Comparison of unrolling strategies for the proposed algorithm

The proposed end-to-end network addresses two sub-problems in an alternating fashion,
with each sub-problem optimized by the CG method. In resolving these sub-problems, the
operator is formulated with regard to one specific variable, with the other variable kept
constant. Between consecutive steps, i.e. sub-problem A or B, the operator is updated
based on the most recent solution.

Before evaluating the different algorithm unrolling strategies, the time-segmented approx-
imation of the reconstruction operator is validated. A comparison of the point spread
function between the full encoding operator E and its approximation EL is performed.
The field map used for the comparison exhibits a linear increase, with a maximum of
7517 ppm. With the full encoding operator E, the maximum value of the reconstructed
point reaches 99.99 % of the original value. Using the approximation EL with L = 24
results in 98.91 % of the original magnitude. Based on this evaluation, the approximation
is deemed sufficiently accurate.

Using the approximated operator, this section examines the various algorithm unrolling
strategies introduced in Section 4.3.4. Figure 4.4 illustrates the performance of the training
in the different strategies. The methodologies T = 1, T = 3, as well as a particular case
SP-A, where only sub-problem A is considered and the field map is defined entirely by
the SH-Net, are compared. Figure 4.4 shows the behavior of the components of the loss
function defined in (4.31). The left box plot shows the weighted combination for β = 10−6,
the center box plot shows the validation error of the image, and the right box plot shows
the validation error of the field map, respectively. The validation error is represented by
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dots, while the training error is represented by crosses for each epoch. Upon comparing
the three different cases, the NNs converge at similar levels. With a larger T , the error
increases at the beginning of training. Based on the error courses, the gap between the
training and validation errors is the lowest for case T = 3. The case SP-A tends to have
the lowest error over the combined and image-specific MSE. In contrast to the image MSE,
which decreases by −25.12 % (SP-A), −22.07 % (T = 1) and −28.49 % (T = 3), only small
improvements of MSE can be achieved for the field map. For the field map-specific MSE,
SP-A slightly increases by 0.32 % over the epochs, while T = 1 and T = 3 slightly decrease
by −1.26 % and −3.98 %. Within the ROI, T = 3 has the highest error, while T = 1 has
the lowest. Here, the validation error decreases relatively by −5.83 % (SP-A), −6.71 %
(T = 1) and −5.15 % (T = 3).

In terms of performance, all the approaches work well and the validation error with respect
to the field map in Figure 4.4 shows that the nonlinear SP-B is challenging. In contrast to
performance, the behavior with regard to overfitting can be distinguished more clearly
and T = 3 shows a considerably lower tendency to overfitting, as can be seen in the left
box plot of Figure 4.4. Consequently, T = 3 was used in the further analysis due to the
small gap between training and validation error, performance comparable to T = 1 and
the least tendency to overfitting.

4.4.3 Comparison to conventional approaches for joint image and B0 reconstruction

The proposed method employs a variable splitting strategy to address the B0-informed
image reconstruction and denoising problem through alternating optimization between two
sub-problems. To regularize these sub-problems, two NNs are utilized to estimate the noise-
free image and the B0 field map. During the end-to-end training process, the parameters
of these networks are refined by backpropagating through the unrolled algorithm. The
proposed combination of model-based reconstruction and deep learning-based regularization
is compared to the conventional methods introduced in Section 4.3.5.

All methods are compared on the simulated test data introduced in Section 4.3.1 with
Gaussian noise at three different standard deviation levels σy ∈ {0.2, 0.4, 0.6}. Figure 4.5
illustrates the comparison of RMSE, PSNR, and SSIM between the proposed method with
T = 3, the bi-model, the joint-model, and a B0-uninformed FFT reconstruction. Since
the final image quality is of particular interest, only the image metrics of the different
methods are compared. Complementary to these results, median and Interquartile Range
(IQR) of RMSE, PSNR, SSIM and MAE are reported in Table 4.1 for both the image and
the field map at the distinct noise levels σy ∈ {0.2, 0.4, 0.6}. The table of results (Table
4.1) provides median and IQR values for RMSE, PSNR, SSIM, and MAE for both the
image and the field map across all noise levels. Median and IQR are used instead of mean
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Figure 4.5: Boxplot comparison of image RMSE, PSNR and SSIM for B0-uninformed FFT
reconstruction, joint-model, bi-model, and end-to-end trained unrolled optimization
with T = 3. (Reproduced from [121] CC BY 4.0, 2024).

σy

B0-uninformed FFT/
Phase difference map Joint-Model Bi-Model Proposed, T = 3

Median IQR Median IQR Median IQR Median IQR

0.2

Image RMSE (a.u.) 1.7369 2.1287 0.9204 1.1941 0.8465 1.1148 0.1386 0.1851
Image PSNR (a.u.) 22.4169 3.6544 27.2592 3.9025 27.7094 3.0306 28.058 3.8212
Image SSIM (a.u.) 0.1955 0.0987 0.4204 0.094 0.4332 0.1082 0.6906 0.0832
Field Map MAE (Hz) 813.1 440.2 630.6 364.2 201.5 115.8 301.0 157.6

0.4

Image RMSE (a.u.) 2.1545 2.7612 1.0836 1.8792 0.9616 1.2318 0.1393 0.1857
Image PSNR (a.u.) 20.4635 2.8819 25.6011 3.4752 26.4848 2.7191 28.0603 3.5063
Image SSIM (a.u.) 0.1254 0.0643 0.3163 0.089 0.3746 0.0679 0.6661 0.0734
Field Map MAE (Hz) 932.3 420.7 657.7 370.6 205.6 121.7 306.4 154.1

0.6

Image RMSE (a.u.) 2.6819 3.6108 1.5388 2.8575 1.1324 1.5082 0.1449 0.1888
Image PSNR (a.u.) 18.4514 2.3879 22.9965 3.8283 24.7952 2.4025 27.7169 3.3339
Image SSIM (a.u.) 0.0869 0.0456 0.2228 0.0999 0.3139 0.0601 0.6293 0.0878
Field Map MAE (Hz) 1089.0 436.4 672.6 362.8 210.9 127.0 307.1 149.2

Table 4.1: Median and IQR of MSE, PSNR and SSIM for the reconstructed image x with
joint-model, bi-model, and unrolled optimization T = 3. The second table shows the
MAE for the field map of the corresponding methods. The data is shown for the noise
levels given by σy ∈ {0.2, 0.4, 0.6}. (Reproduced from [121] CC BY 4.0, 2024).

and standard deviation, because the observable error distributions are rather non-normal
according to the boxplots. Both values were calculated per method and metric for the
overall test dataset.

The results show that, compared to the B0-uninformed FFT reconstruction, all other
methods perform better on the reported metrics. In terms of noise robustness, errors
increase progressively with increasing noise levels σy of the input data for the B0-uninformed
FFT, joint-model, and bi-model approaches. In contrast, the proposed method maintains
consistent performance in different values of σy, with only a minor reduction in SSIM
observed. Moreover, an examination of the whisker graphs for RMSE in Figure 4.5 and the
corresponding IQR reveals that the proposed method produces fewer and less pronounced
outliers, further underscoring its robustness.
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4 Image and B0 field reconstruction

The MAE values for the field map confirm these findings. Field maps derived from phase
difference maps without additional regularization yield the highest MAE, followed by the
joint-model approach. Although the bi-model approach achieves the lowest MAE for field
maps, it marginally outperforms the proposed method. It is worth noting that both the
bi-model and joint-model approaches rely on relative phase difference maps derived from
two acquisitions, whereas the SH-Net employs a single acquisition, offering a more efficient
solution. Within the ROI, all methods show comparable performance, as summarized in
Table 4.1.

Figure 4.6 illustrates a comparison of image reconstructions for two representative samples
from the test dataset, obtained using B0-uninformed FFT, joint-model, bi-model and the
proposed unrolled algorithm with T = 3. Reconstructions are evaluated at two distinct
noise levels, σy = 0.3 and σy = 0.6, with all intensities scaled relative to the ground-truth
reference image. This comparison highlights the consistent performance that can be
achieved at varying noise levels by using NN-based regularization.

Figure 4.6 shows exemplary image and B0 field reconstruction results for noise levels
σy = 0.3 and σy = 0.6. The joint-model and bi-model approaches deliver comparable
performances in terms of SNR, while the proposed method demonstrates a slightly lower
SNR. At both noise levels and for both samples, the unrolled reconstruction algorithm
produces smooth images with minimal blurring artifacts. In contrast, the joint-model and
bi-model approaches exhibit a substantial increase in blurring. The bi-model approach
reconstructs geometric distortions with greater accuracy, although it is significantly affected
by blurring. The joint-model approach exhibits the highest residual error after correction,
which is particularly evident near the object boundaries. Within the object center,
the joint-model approach achieves higher accuracy compared to the bi-model approach.
The proposed method achieves relatively low overall error and high correction accuracy,
particularly in the central regions of the image. However, all methods retain a residual
error that remains relatively consistent between the noise levels evaluated, σy ∈ {0.3, 0.6}.
Figure 4.6b depicts the corresponding field maps for the images shown in Figure 4.6a.
Compared to the field maps derived from the relative phase difference map, all evaluated
methods produce smooth representations of the spatial field distribution. The field map
from the joint-model reconstruction exhibits substantial errors near the edges but lower
errors at the center. The bi-model approach and the proposed method achieve similarly
low overall errors, which align with the metrics reported in Table 4.1. As noise levels
increase, the error remains constant. This robustness in field map estimation under varying
noise conditions, as well as the spatial accuracy of the field maps, is consistent with the
observations from Figure 4.6.

The bi-model approach requires approximately 15 s for reconstruction per sample. The
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(a) Reconstructed magnitude images, error in arbitrary units.

(b) Reconstructed B0-field maps, error in Hz.

Figure 4.6: Comparison of reconstruction results from B0-uninformed FFT or phase
difference map, joint-model, bi-model and the proposed end-to-end trained unrolled
optimization. The first and the third row show the magnitude images or the field maps
respectively for noise levels σy = 0.3 and σy = 0.6. Rows two and four depict the
absolute error map with respect to the ground truth image or the field map respectively.
(Reproduced from [121] CC BY 4.0, 2024).
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joint-model approach achieves reconstruction within approximately 5 s. The proposed
model, once trained, requires less than 1 s for a sample size of 128 × 128. It should be
noted that none of the implementations were optimized for fast GPU computation, and
therefore these results should be interpreted as relative performance estimates.

4.5 Discussion

This chapter introduced a novel end-to-end training approach for the joint reconstruction
of image and B0 field maps. Utilizing a variable splitting technique the proposed method
integrates model-based reconstruction and deep learning in an end-to-end training, yielding
the first algorithm of this kind for low-field MRI.

For estimating the B0 field map, a novel SH-Net architecture was proposed, which estimates
SH coefficients. The spatial distribution of the field is derived via a linear combination of
the SH basis functions and the estimated coefficients, which are learned from B0-uninformed
FFT reconstructions. The design of the SH-Net is based on the physical property that the
B0 field maps exhibit inherent smoothness. This smoothness is ensured by estimating the
SH coefficients instead of the field map directly, thereby reducing the risk of introducing
local artifacts. Although this approach is effective for representing global field variations,
it presents a limitation when dealing with highly localized field inhomogeneities. In
contrast, alternative architectures, such as the ORN, are capable of resolving very localized
changes. However, given that the network is specifically designed to model variations in
the background B0 field, this restriction provides an advantage. The enforced smoothness
is expected to yield more reliable and robust field map estimations, particularly under
the condition of poor SNR, which are used for distortion correction by time-segmented
approximation of conjugate phase reconstruction [118], [126], [127]. Previous methods
for joint reconstruction of images and field maps have been limited to 3 T MRI systems
and relatively homogeneous B0 field distributions of < 3 ppm[120], [127], [128]. In this
work, low-cost MR systems are considered, which exhibit significantly higher relative field
inhomogeneities [52]. At the time of the measurements, the PTB system had B0 field
inhomogeneities above 4000 ppm. In addition, such POC systems may experience further
fluctuations due to environmental factors such as temperature variations that further
degrade the B0 field homogeneity [115]. The proposed network architecture demonstrated
the ability to estimate B0 field maps with strong field inhomogeneities from the data
which can be used to mitigate geometric distortions caused by it. The performance of
SH-Net was evaluated by comparing it to field maps derived from relative phase difference
and the ORN method, as proposed by [45], [46]. The results indicate that incorporating
SH coefficients yields the most accurate and smooth field maps. In contrast, ORN lacks
prior knowledge of spatial smoothness and requires 829 185 hyperparameters. The SH-Net
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model, with only 858 hyperparameters, demonstrates superior performance, generating
more realistic field maps.

In combination with a U-Net architecture, trained to denoise the low-field MRI data, the
NNs are used as regularizers when solving the joint reconstruction problem. The alternating
optimization is unrolled and used to fine-tune the NNs by end-to-end training, with different
unrolling schemes, i.e. number of alternations, being evaluated. Considerations included
the image-related sub-problem alone, as well as one and three alternations between the
two sub-problems. Although the overall performance in all of these configurations was
similar, the initial validation error was influenced by the number of iterations, T , used in
the approach. Since sub-problem B is nonlinear, it is unclear whether performance can be
further improved. Also, it should be noticed that the reconstruction operator itself is an
approximation and that the nonlinear optimization required Taylor approximation to obtain
a solution. However, the inclusion of data consistency contributes to the stability of the
solution and enhanced robustness. Despite a comparable final performance, differences in
validation error at the beginning of training suggest that a higher number of iterations may
be beneficial. For improved robustness, T = 3 was selected, accepting minor performance
trade-offs. Future work could reduce training durations by manually implementing the
backpropagation step, bypassing the automatic differentiation engine [129].

Training with simulated knee images was evaluated at epoch 320, as spontaneous error
deflections were observed near epoch 400 and the validation error had already converged.
The loss function used during training combined the image and the field map MSE, with
a constant weighting factor. However, different convergence rates were observed in the
validation errors, suggesting that static weighting might not be the optimal choice for
joint end-to-end training, potentially leading to training instabilities after epoch 320.
Perhaps, gradient normalization and rotation techniques could improve the simultaneous
optimization of both networks [130].

To classify the performance of the approach, the method with T = 3 alternations between
the sub-problems was compared to both the joint-model and the bi-model approach, using
the test data of the simulated low-field MRI knee images. The joint-model approach
does not incorporate SH coefficients, resulting in insufficient information in areas with
no acquired signal. This leads to lower field map accuracy at the object center, similar
to the performance of the bi-model approach and the proposed method. The bi-model
approach also uses SH coefficients, providing comparable field map accuracy, but requires
reconstruction times on the order of minutes and at least two acquisitions with different
echo times. In contrast, the proposed method achieves reconstruction times on the order of
milliseconds and requires only a single acquisition. The more extensive spatial description
of the field distribution allows for more accurate image reconstructions, especially at the
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object boundaries. However, residual errors from imperfect geometric distortion correction
remain visible in all approaches. For model-based methods, a reasonable search space
was determined for regularization parameters and the best coefficient combination was
selected to reconstruct the test data. The parameter configuration that minimized the
image MSE resulted in excessively blurry images at a noise level of σy = 0.6. While
this empirical parameter search is not applicable in practice, it demonstrates that the
proposed method outperforms the comparison methods, even when their hyperparameters
are optimized using ground-truth data. Regardless of noise level, the NNs-based approach
consistently outperforms classical regularization methods, providing sharper images and
significantly better SNR. This is reflected in the improved SSIM scores, as shown in Figure
4.4, compared to PSNR. The k-space samples used in this study were retrospectively
simulated from a ground truth to obtain data for training, validation, and testing. This
type of data cannot be generated in practice, but it facilitated comparison between different
SNR levels and field map configurations. Using a wide range of system characteristics, it
covers various experimental conditions.

4.6 Summary

The novel approach for joint image and B0 field reconstruction in low-field MRI, addresses
the main challenges of low SNR and high B0 field inhomogeneities. The proposed method
integrates physics-informed modeling with deep learning in an end-to-end trainable network.
For each of the problems, i.e. image and field map, separate networks are trained and
used as regularizers in an unrolled algorithm. Image denoising is achieved by a U-Net
architecture, while the novel SH-Net architecture was proposed to estimate spatially
smooth B0 field maps from the complex-valued image data. The end-to-end reconstruction
alternates between updates of the image and the field map throughout the unrolled
algorithm. In accordance with the results from the Nexus console, introduced in Chapter
3, realistic training data could be simulated, which was used throughout this chapter to
evaluate the performance of the method and compare it to existing methods. Based on
quantitative evaluations on the simulated data, superior performance of the proposed
algorithm could be demonstrated by higher SNR and more accurate geometric distortion
correction. The combination of model-based reconstruction with data-driven regularization
leads to more robust performance, especially for varying noise levels. While this chapter
focussed on the detailed methodology and the quantitative evaluation of the method,
the application on measured data, acquired with the Nexus console, is evaluated in the
subsequent chapter.
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The previous chapter introduced a method that integrates model-based reconstruction
with deep learning-based regularization for joint image and B0 field reconstruction in
low-field MRI. A time-segmented reconstruction operator was incorporated in an iterative
reconstruction algorithm which was unrolled for end-to-end training, to correcting geometric
distortions and denoise the image. Using simulated data, the optimal network configuration
was determined through quantitative evaluation against the ground truth. While the
method outperformed conventional approaches, its training and validation were limited to
simulated knee data.

Applying it directly to measured data, such as in vivo brain scans acquired with the Nexus
console, is challenging because the supervised model was trained on a data distribution
that differs significantly from real measurements [42]. To address this limitation, method
and training are adjusted to improve the applicability to measured data. This chapter
presents the modifications, followed by an overview of the computational experiments and
the results obtained from measured in vivo brain scans acquired with the Nexus console.

5.1 Method adaption

In the proposed joint reconstruction approach, two distinct NNs were introduced to
estimate the regularizers for both the image and the B0 field sub-problems. The SH-net
architecture, described in Section 4.2.1, estimates the field map using SH coefficients,
ensuring spatial smoothness of the network output. As described by (2.8), the B0 field
influences the phase of the MR signal. By explicitly incorporating phase information, the
network’s sensitivity to phase variations is expected to improve, leading to more accurate
B0 field map estimation. While the overall architecture remains largely unchanged, it is
adapted to process magnitude and phase data instead of real and imaginary components.
As a preprocessing step, the phase of the B0-uninformed FFT reconstruction is unwrapped
before being processed by the SH-net.

For image denoising, the U-Net architecture, introduced in Section 4.2.2, is employed. Since
both networks contribute to optimizing the image and B0 field map alternately, preserving
accurate phase information motivates the use of magnitude and phase representations in
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the denoising network as well. Instead of processing real and imaginary components, the
complex-valued image is decomposed into magnitude and phase, which are handled by
separate network branches. Each branch integrates a residual connection of its respective
input, i.e. magnitude or phase, which is added to the network output through a convex
combination. The outputs of the network branches are then recombined to form a complex-
valued image. Utilizing magnitude and phase information necessitates different activation
functions within the network. The magnitude, being strictly positive, is processed using a
ReLU activation function [131], while the phase, which can take negative values, employs
a leaky ReLU activation [132]. All other architectural parameters, including the number
of convolutional layers, initial filter sizes, and the depth of encoding stages, remain
unchanged.

5.2 Computational experiments

The goal of this chapter is to test the model performance on the measured in vivo brain data,
acquired by the Nexus console and presented in Chapter 3. Therefore, some adaptations
were presented in the previous section regarding the NNs which estimate the regularization
terms that necessitate a new training of the models. Additionally, some changes are applied
to the training process, which are described by the following. Subsequently, the testing on
the measured low-field MRI data is described.

5.3 Model training

In addition to the knee data, the FastMRI data set contains 2678 samples of complex-
valued T2-weighted brain data samples, acquired with a TSE sequence [34]. Due to the
higher similarity to the measured in vivo data at the low-field MRI scanner, the simulated
training data is adapted to the available brain samples. Since here only multicoil data
is provided, the coil data is combined in a first step using an implementation of the
Walsh algorithm [133], to obtain equivalent complex-valued single coil data. From the
three-dimensional coil-combined data, two-dimensional samples are extracted from the
center. The FOV of the FastMRI data remains unchanged, because it compares to the
FOV of the acquisition with low-field MRI scanner. To obtain comparable resolution, the
coil-combined data is further augmented by downsampling to the dimensions 100× 120
(PE × RO). The downsampled data are normalized in terms of magnitude and phase,
such that magnitude is within the interval [0, 1] and phase within [−π, π]. Retrospective
simulation as explained in Section 4.3.1, is used to add geometric distortions by randomly
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Figure 5.1: Photograph of the ACR phantom with a diameter of 203 mm and a height of
173 mm, mounted in a solenoid RF coil in side the OSI2One low-field MRI scanner. The
phantom contains a ring and a grid structure as can be seen on the photograph.

generated B0 field maps and Gaussian noise. The simulated low-field MRI brain data is
split into 1874/535/269 samples for training, validation and testing.

With the simulated low-field MRI brain dataset, pretraining is performed for each of the
networks, while the SH-net estimates a B0 field map from the phase information of the
Fourier transformed input, and the U-Net denoises complex-valued images. Both networks
are pretrained for 300 epochs using a ℓ1 loss function and the AdamW optimizer with a
weight decay of 10−2. To ensure better generalizability, the SH -net is pretrained with a
batch size of 20 and a learning rate of 10−3, while the U-Net is pretrained with a batch size
of 8 and an initial learning rate of 10−4. Using the pretrained NNs, the joint reconstruction
network is constructed with T = 3 alternations.

5.4 Model testing

Before applying the model which was trained with the simulated brain data on the
measured data from the low-field MRI scanner, the model is initially evaluated on the
simulated test data. Because a ground truth is available for the simulated data, the results
can be quantified in terms of Normalized Root Mean Squared Error (NRMSE) and PSNR.
Following the evaluation on the simulated test dataset, the method is applied to data
which was measured with the Nexus console, introduced in Chapter 3. Two different
TSE-based sequences were employed, as introduced in Section 3.2.2, yielding PD- and
T2-weighted three-dimensional images.
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Measurements have been carried out at two different systems at LUMC and at PTB, where
the PTB system suffered from higher magnetic field inhomogeneities ∼ 4000 ppm in the
measurement FOV at the time of the measurement. To assess the method’s capabilities
to correct geometric distortions under conditions similar to the simulations, images are
acquired using a phantom from the American College of Radiology (ACR). Figure 5.1
shows a photograph of the ACR phantom in the scanner, containing a ring structure and
a grid structure. The structures in the phantom are designed for quality assessment of
MRI systems. Unfortunately, a B0-mapping sequence was not available at the point of
the measurement, which is why the geometric distortion correction is evaluated based on
the images obtained from the structures in the phantom. After applying the method to
measured data from an ACR phantom, it is further tested on in vivo images of a healthy
volunteer, as presented in Section 3.3.1. This data was acquired at the LUMC system with
a B0 field inhomogeneity below 1000 ppm. Clearly identifiable geometric distortions in the
shown B0-uninformed reconstructions are not visible. Nevertheless, it is questionable, if
the method can detect the differences in the B0 field map and adapt to it.

For each of the T2- and PD-weighted data, including in vivo and phantom measurements,
a single slice of the measured three-dimensional data is used to test the joint reconstruction
approach. It undergoes magnitude and phase normalization as described for the simulated
low-field MRI data. Due to a lack of sufficient PD-weighted data for the simulation
of PD-weighted low-field MRI data, the training is solely based on T2-weighted data.
Therefore, the direct application to the PD-weighted data from the brain and the phantom
remains challenging. However, compared to the simulated knee data, the adapted training
data facilities a higher structural similarity to the measured data. Beside the quantitative
comparison for the simulated test data, the results for the measured data are only evaluated
qualitatively due to a lack of references.

5.5 Results

With the introduced adaptation of the NNs and the supervised training, the following
section first validates the modifications by evaluating the simulated test data. Furthermore,
the results from the phantom study and the application in vivo are evaluated.

5.5.1 Simulated low-field MRI brain data

Prior to the application of the trained model to real low-field MRI data, its performance is
assessed using the simulated test dataset. To demonstrate the performance, the end-to-end
trained joint model fT

Θ,Ω(y) with T = 3 alternations is applied to a representative sample
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from the test dataset. The output of the network zT := (ωT , xT ) encompasses both the
image and the field map results, which are referred to as ωT =3 and xT =3, respectively.
Figure 5.2a compares the magnitude images from B0-uninformed FFT of the input data
denoted as FT(y), the application of the NNs denoted by xNN, the end-to-end network
denoted by xT =3 and the ground truth. Their corresponding field map results are displayed
in Figure 5.2b. All the compared magnitude images and B0 field maps in Figure 5.2
are presented on the same scale. To obtain xNN, a B0-informed image reconstruction is
performed with the field map ωNN estimated by SH-Net, before the denoising U-Net is
applied. In comparison to the end-to-end network output xT =3, this step only utilizes
the network priors and does not consider any optimization. For each image and field
map, a magnified segment is displayed underneath to provide a more detailed view on the
reconstruction results.

Without correction, the input image exhibits noticeable geometric distortions, particularly
in the upper right and lower left regions of the brain. Using the field map estimated by
SH-Net within a B0-informed image reconstruction which is denoised by the U-Net already
yields a significant improvement over the input image. Employing the joint model further
refines the reconstruction, as can be seen in the zoomed-in plot at the upper boundary
of the left ventricle. Notably, a small dark spot present in the xNN image above the left
ventricle is corrected in the optimized image, xT =3. While the model effectively suppresses
noise, it also introduces some blurring compared to the ground truth, particularly where
stronger geometric distortions have been corrected. The overall shape of the estimated
field map closely matches the ground truth, with no substantial differences between ωNN

and ωT =3. Both B0 field map results show discrepancies in the upper right corner and at
the bottom in comparison to the ground truth. These regions, however, contain mostly
noise and lack meaningful information, making accurate B0 field map determination
challenging.

To assess the generalizability of the method across different samples, NRMSE and PSNR
of the complex-valued output image are evaluated on the test dataset. The box plots
in Figure 5.3 compare the B0-uninformed noisy reconstruction obtained by FFT against
the denoised image xNN after reconstruction with the estimated B0 field map and the
final output after alternating optimization, xT =3. The slight improvement observed in
the example from Figure 5.2 is also reflected in the box plot evaluation. The most
substantial enhancement of the B0-uninformed FFT reconstruction is achieved by the
cascaded application of the denoising U-Net and the SH-Net, yielding a reduction of the
mean NRMSE by 32.1 % and an increase of the mean PSNR by 29.4 % respectively. Further
refinement is obtained with the end-to-end network, which integrates the alternating model-
based reconstruction, leading to an additional 2.1 % decrease in mean NRMSE and a 1.1 %
increase in mean PSNR.
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5 Application of image and B0 field reconstruction in vivo

(a) Magnitude images of the input, i.e. FFT(y), the U-Net output and the optimized output in
comparison to the ground truth.

(b) Field map estimations from the SH-Net and joint optimization in comparison to the ground
truth field map.

Figure 5.2: Image and field map results of the joint optimization with intermediate NN
results for T = 3 alternations of the two sub-problems.
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Figure 5.3: Evaluation of input, NN and optimized complex-valued images from the test
dataset with respect to the ground truth.

Figure 5.4: Image magnitude and B0 field map reconstruction of the joint-model recon-
struction with T = 3 compared to B0-uninformed FFT reconstruction, when applied to
the PD-weighted data from an ACR phantom measurement at PTB. The closeup of the
circular structure illustrates the correction capabilities of geometric distortion.

5.5.2 ACR phantom measurements

To evaluate the capabilities of correcting the geometric distortions in measured data
with the proposed end-to-end reconstruction method, PD-weighted contrast of the ACR
phantom was acquired using the low-field scanner MRI at PTB in Berlin. Figure 5.4
compares the B0-uninformed FFT reconstruction of the measured data to the model output
with T = 3 alternations between the sub-problems. The resulting magnitude image xT =3

87



5 Application of image and B0 field reconstruction in vivo

and the B0 field map ωT =3 are shown. The ring structure was chosen for the comparison
in Figure 5.4 due to its improved visibility in contrast to the grid structure. Due to
the high B0 field inhomogeneities, the B0-uninformed reconstruction leads to geometric
distortions which are particularly visible on the left boundary of the phantom. Also, the
inner ring structure is distorted which can be seen in the zoomed-in section of Figure 5.4.
Unfortunately, there is an additional artifact superimposed to the geometric distortion from
B0 field inhomogeneities. It appears as a halo-like artifact in the vertical PE dimension
of the image at the upper and lower boundaries of the phantom. Recent experiments
indicate that it is attributable to the gradient system, and not dependent of the B0 field.
However, at the time of this work, the artifact is still under investigation. As it was only
observed at the PTB system, the origin in the console or the sequence can most likely be
excluded. Regarding the denoising performance of the method, the background noise could
be removed successfully, however, in comparison to the B0-uninformed FFT reconstruction,
the resulting image is relatively blurry. Using the proposed unrolled network for the
reconstruction, yields a partially corrected image of the ACR phantom. Particularly
the left boundary of the phantom is corrected in comparison to the B0-uninformed FFT
reconstruction. Comparing the closeup of the ring structure inside the ACR phantom, the
joint model reconstruction successfully corrects for the inner distortion.

5.5.3 Application in vivo

Figure 5.5 illustrates the application of the model to two different slices of the T2-weighted
in vivo data acquired at LUMC, as presented in Section 3.3.1. The scanner used for the
data acquisition exhibits a homogeneous B0 field, with inhomogeneities below 1000 ppm
within the FOV, thus noticeable geometric distortions are not to be expected. This means
that no significant geometric corrections are expected within the joint reconstruction,
which can be confirmed by the compared images in Figure 5.5. Only a slight compression
in the vertical direction can be recognized. The estimated field maps for the two slices of
T2-weighted in vivo data are consistent, displaying similar field distributions with local
differences, particularly in the lower and upper right regions. Compared to the ACR
phantom data, the shape of the B0 inhomogeneity map differs considerably, as expected
due to the use of different scanners. However, the observed inhomogeneity scale is similar
to that of the PTB system and does not reflect the inhomogeneity differences between
the two systems. Due to the lack of measured B0 field maps, a qualified statement about
the correctness cannot be made. Regarding denoising, the model effectively reduces noise
compared to the B0-uninformed FFT reconstruction, but also introduces some blurring in
the reconstructed images.

In addition to the T2-weighted data, Figure 5.6 compares the PD-weighted image magni-
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(a) Comparison for slice number 8.

(b) Comparison for slice number 16.

Figure 5.5: Image magnitude and B0 field map from the joint-model reconstruction with
T = 3 compared to FFT of the unprocessed k-space data for two different image slices
of the T2-weighted in vivo brain data, acquired at LUMC. The cutout below each image
sample shows a zoomed in section for a more detailed comparison.
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Figure 5.6: Image magnitude and B0 field map from the joint-model reconstruction with
T = 3 compared to FFT of the unprocessed k-space data for image slice 16 of the
PD-weighted in vivo brain data, acquired at LUMC. The cutout below each image
sample shows a zoomed in section for a more detailed comparison.

tude and the corresponding B0 field map reconstructed with the proposed model to the
magnitude image obtained from B0-uninformed FFT reconstruction. Since the training
data consisted exclusively of T2-weighted images, processing the PD-weighted data is more
challenging, as this type of contrast is unknown for the model. While noise is effectively
suppressed by the proposed reconstruction network, the resulting image appears blurred.
Details which are clearly visible in the B0-uninformed reconstruction, are lost throughout
the proposed reconstruction. The accuracy of the estimated field map remains uncertain.
However, it is consistent with the B0 field map obtained from the T2-weighted data, despite
the different image contrast.

5.6 Discussion

To apply the proposed network for image and B0 field reconstruction to measured data from
the Nexus console, the model was adapted to enhance phase sensitivity. For supervised
training, low-field MRI brain data with T2-weighted contrast was simulated to better
match the measured in vivo data. Before applying the model in vivo, these adaptations
were validated using a T2-weighted test dataset simulated under the same conditions as
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the training and validation data. In this evaluation, the joint reconstruction approach
improved NRMSE and PSNR by 2.1 % and 1.1 %, respectively. For qualitative assessment,
the proposed method was tested on data acquired from two different low-field MRI systems.
First, joint reconstruction was applied to PD-weighted data acquired from an ACR
phantom, allowing evaluation of geometric distortion correction. Subsequently, the method
was tested on PD- and T2-weighted in vivo brain data. It should be noted, that this
evaluation does not replace a quantitative assessment, but rather demonstrates the general
applicability of the method to measured low-field MRI data. A systematic investigation
using B0 field mapping sequences for instance is required to quantify the accuracy of the
reconstructed B0 field maps.

The geometric distortion correction was qualitatively assessed using the ring structure of the
ACR phantom, which provides high image contrast in B0-uninformed FFT reconstruction.
With the joint reconstruction network, both the inner ring structure and parts of the
phantom boundary were successfully corrected, despite the presence of additional artifacts
in the measured data. As concomitant gradient fields [55] or gradient non-linearities [116]
may also contribute to geometric distortions in the reconstructed images, a measurement
of the B0 field map is essential to be able to conclusively evaluate the model performance
with respect to the geometric distortion correction. When applied to in vivo brain data
acquired on a system with a magnet approximately four times more homogeneous, less
significant geometric corrections were observed as expected, and the estimated B0 field
profiles remained consistent across slices and image contrasts. This suggests that the model
applies reasonable corrections to some extent. However, the fact that the B0 field map is
always scaled identically raises concerns about the method’s reliability. All training samples
contain B0 field maps with inhomogeneities similar to those observed in the PTB scanner,
while none of the simulated data includes fully homogeneous B0 field maps. As a result,
the SH-Net was trained to estimate B0 field maps within a specific inhomogeneity range,
which may limit its ability to generalize to more homogeneous cases. This issue could be
addressed by expanding the training dataset to include samples with more homogeneous
B0 fields. Alternatively, incorporating additional sensor inputs or integrating data from a
second scan could improve the model’s ability to estimate B0 field maps more reliably.

The proposed joint reconstruction network effectively reduces noise across different ex-
amples. However, for data with PD-weighted image contrast, the output appears over-
smoothed, reducing the contrast compared to B0-uninformed FFT reconstruction. This
effect can be attributed to the higher signal intensity in PD-weighted data, which the model
was not trained on, as only T2-weighted samples were used during training. In contrast,
the results for the measured T2-weighted data exhibit sharper features, underscoring the
importance of data similarity between training and model inference.
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The proposed method employs NNs to regularize a joint reconstruction problem. For
both the image and field map sub-problems, the alternating optimization introduces only
minor improvements, with the output largely driven by the NNs estimates, as could be
observed by the evaluation on simulated test data in Figure 5.2. This suggests that the
balance between model-based and data-driven contributions may require further refinement.
Additionally, the data acquired with the Nexus console in Chapter 3 consists of three-
dimensional volumes, whereas the evaluation was performed on individual two-dimensional
slices due to GPU memory limitations. By manually implementing the backward pass of
an end-to-end network for training, as proposed in [129], the method could be optimized
for greater efficiency, enabling application to full three-dimensional data. This could, in
turn, enhance the B0 field estimation.

5.7 Summary

Building on the evaluation of simulated low-field MRI knee images, the joint method for
image and B0 field map reconstruction, which combines model-based and data-driven
approaches, was further extended for measured low-field MRI data. Supervised training
was conducted using simulated low-field MRI brain images with T2-weighted contrast, and
performance was validated on a simulated test dataset first. To assess the applicability of
the proposed method, a qualitative evaluation was performed using measured low-field
images with PD- and T2-weighted contrast. Partial correction of reasonable geometric
distortions caused by B0 inhomogeneities was demonstrated, and effective denoising was
achieved when the test sample closely matched the training data. However, the NNs used
to regularize the joint reconstruction network still have a significant impact on image
quality. Therefore, the following chapter explores an alternative regularization approach
and further investigates the alignment between simulations and measurements.
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As elaborated in the previous chapters, model-based reconstruction with regularization
by deep NNs enables joint image and B0 field reconstruction, outperforming conventional
model-based approaches. However, after training with simulated data, performance losses
can be observed when the model is applied directly to measured low-field MRI data.
Compared to the T2-weighted images, the results for the PD-weighted data were over-
smoothed and blurry. If the distribution of data used for training significantly differs the
distribution used at model inference, the model fails to maintain its performance. This
could be observed in the previous chapter, but has also been reported for other problems
in the literature [42].

The proposed method which was investigated throughout the previous chapters involved
a physical model for the reconstruction of images and field maps and two NNs for the
regularization. Instead of entirely leaving the regularization to the network, what still
requires very accurate model results, another viable approach is to rely on conventional non-
data-dependent regularization methods. In [134], an approach that learns a regularization
parameter map for image denoising was investigated, whose application to low-field MRI
data will be explored in the following. The approach relies on conventional regularization
and addresses the shortcoming of selecting an optimal regularization parameter. Thereby an
improved transferability of the method is expected. The reconstruction problem previously
considered was complex and required a time-segmented approximation of the reconstruction
operator in combination with first-order Taylor approximation. These approximations
were mainly introduced due to the consideration of the B0 field. For well-shimmed systems,
as in the case of the LUMC system which was used for in vivo measurements, the impact of
the B0 field inhomogeneities on image quality is negligible. Instead, SNR is the dominant
component which degrades the quality of the image. To reduce complexity and focus
on SNR, the following approach only considers the image-related denoising sub-problem
and the possibility of employing image denoising as a post-processing step. In turn, the
reduced complexity of the problem enables the application to three-dimensional image
data.
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6.1 Denoising network

This section presents the denoising problem, which is addressed by an iterative algorithm
using conventional regularization, weighted by a regularization parameter map estimated
through a NN. In principle, this step can be applied to the entire image reconstruction
problem addressed in Chapter 4. However, here the problem is simplified and restricted to
denoising as a post-processing step which does not involve image reconstruction. A more
general description of the method has been published in [134].

6.1.1 Denoising problem

To reduce complexity, only the denoising problem is considered for learning a regularization
parameter map. Considering a fully sampled k-space y, this simplifies the forward problem
2.7 to

y = FxTrue + ε (6.1)

where F is the Fourier operator and ε the noise, which corrupts the measured data. By
applying the inverse Fourier operator on both sides, the problem can be written as

xNoisy = xTrue + FHε, with xNoisy = FHy, (6.2)

where x is the desired clean image and xNoisy is the image corrupted by noise. Thus, the
simplification allows solving the problem solely in the image space, which is why it can
be considered as a post-processing step. To obtain a denoised version of the image, a
possible approach for regularization is TV denoising [64], [65], [135]. Using the ℓ1 norm,
the minimization problem can be defined by

arg min
x

1
2 ∥x− xNoisy∥2

2 + λ ∥∇x∥1 . (6.3)

Regularization is achieved by promoting sparsity in the image’s gradient domain, as ∇
denotes the finite difference operator for three spatial dimensions. The sparsity is quantified
using the ℓ1 norm, yielding the TV of x:

TV(x) = ∥∇x∥1 . (6.4)

To obtain a good result for the denoised image, the choice of the global scalar regularization
parameter λ is crucial. If λ is unfavorable, the regularization might be too poor or the
result is too smooth. The idea is to replace the scalar value with a parameter map Λ ∈ Rqn

+ ,
where q represents the directions of the partial derivatives and n the number of pixels or
voxels. This enables pixel- or voxel-dependent regularization and allows adaption of the
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regularization to individual samples. Thus, using a parameter map for the regularization
yields the following.

arg min
x

1
2 ∥x− xNoisy∥2

2 + ∥Λ∇x∥1 . (6.5)

This flexibility ensures that areas requiring more smoothing receive it, while areas with
important structural details are preserved. The end-to-end network is denoted by fT

Θ(xNoisy).
It estimates the regularization parameter map Λ from the noisy image xNoisy once in the
beginning, using some CNN with trainable parameters Θ. The regularization parameter
map is applied within the regularization of Problem (6.5), which is solved by the PDHG
algorithm [67]. The number of iterations is defined by T .

6.1.2 Learning the regularization parameter map

The overall denoising network consists of two parts, the CNN to estimate the regularization
parameter map and the iterative PDHG algorithm. In this context, the network uΘ predicts
the parameter map Λ from the input xNoisy, that is, ΛΘ = uΘ(xNoisy), with Θ denoting the
trainable parameter of the network. In this setting, xNoisy is a real-valued image with three
spatial dimensions, contaminated by noise. A U-Net architecture is used to estimate the
regularization parameter map from the input image. To constrain the regularization to a
positive value, a soft-plus activation function is applied to the network output. In addition,
the output, i.e. the regularization parameter map, is scaled by a multiplicative factor,
given that the arbitrary initialization of the network parameters Θ is deemed suboptimal.
All input images have an isotropic in-plane resolution of 2 × 2 mm and a resolution of
5 mm in the third dimension. This motivates the choice of two different regularization
parameter maps. Thus, the network is constructed to provide a two-channel output: The
first channel is replicated to serve as Λxy

Θ , while the second channel is utilized for Λz
Θ,

resulting in
uΘ(xNoisy) = ΛΘ = (Λxy

Θ , Λxy
Θ , Λz

Θ) . (6.6)

6.1.3 Primal dual hybrid gradient with total variation regularization

To solve the denoising problem defined in Equation (6.5), the PDHG algorithm [67] is
applied. The primal-dual construct involves two related optimization problems: the primal
problem, which directly solves for the unknowns in an optimization task, and the dual
problem, which focuses on optimizing the trade-offs between the objective and constraints
of the primal. Throughout the iterations, the algorithm alternates between updating
the primal and dual components, with each iteration refining the balance between noise
reduction and detail preservation. The variable T represents for the total number of
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Figure 6.1: Overview of the network architecture facilitating regularization parameter map
estimation by CNN and unrolling of iterative denoising scheme with TV regularization.

iterations or alternations between primal and dual update. Figure 6.1 illustrates the role
of the NN in solving the denoising problem with the PDHG algorithm. It shows the noisy
input image xNoisy and the regularization parameter map ΛΘ estimated by NNΘ. During
the training of NNΘ, the PDHG algorithm is unrolled for T iterations, leading to the final
denoised output fT

Θ(xNoisy).

6.2 Computational experiments

To investigate how image quality can be enhanced by estimated regularization parameter
maps, supervised learning with simulated low-field MRI data is used to train a NN which
estimates the parameter maps. The following section first addresses the data simulation
and supervised training, before introducing the different comparisons.

6.2.1 Simulation of low-Field MRI samples

For the supervised training, low-field MRI data is simulated based on high-field MRI
samples from the FastMRI dataset [34] which are adapted to match the image quality that
is typically observed on low-field MRI scanners. The simulation process is very similar to
the one described in Section 5.1. However, here B0 field inhomogeneities are neglected as
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the method targets the denoising of the in vivo images which do not suffer from severe
geometric distortions. Throughout this Chapter, real-valued three-dimensional data is
considered, as the method is restricted to denoising. Starting from the real-valued ground
truth, the 3 T images are down-sampled to dimensions 16× 100× 120 for (PE 2 × PE 1 ×
RO) which corresponds to the dimension of the measured in vivo data as shown in Chapter
3. Only samples with 16 or more slices are considered. Any sample exceeding this limit is
reduced to 16 slices located in the center of the slice encoding dimension. To simulate the
low SNR observed at low-field systems, the real-valued samples are augmented by Rician
noise. Using random numbers from a two-channel normal distribution, Rician noise is
defined by the root of the squared sum of both channels. The noise is scaled by a factor
that is manually tuned to match the SNR observed in vivo. During training, the scaling
factor is randomly chosen from a predefined interval to simulate varying SNR conditions
and to achieve better generalizability of the model at inference. In the in vivo images, a
characteristic receive profile is observable which can be explained by the narrow bandwidth
of the receive coil. Because the methodology focuses on denoising, this specific profile is
considered for the data simulation here. Using pure noise measurement data, the readout
profiles are obtained by calculating the standard deviation along the PE dimension of
multiple noise scans. A polynomial of degree 4 is fitted to the averaged readout profile
and normalized to weight the readout dimension of the simulated low-field MRI image.
The overall simulation process is illustrated in Figure 6.2. As most of the samples are
T2-weighted and because T2 is less dependent on the field strength which provides a more
realistic contrast in the simulated low-field regime, the supervised training is restricted to
the T2-weighted images. The total number of 2678 is divided into fractions of 70 %, 20 %,
and 10 % for training, validation, and testing.

6.2.2 Supervised training

The regularization parameter maps are estimated from single channel real-valued three-
dimensional low-field MRI images using a U-Net architecture [71]. It incorporates residual
connections between the encoder and decoder and consists of three encoding stages
with two convolutional layers per stage and the number of initial filters set to 32. The
output of the network architecture comprises two channels for the in-plane and through-
plane regularization parameter maps, i.e. Λxy

Θ and Λz
Θ, which are motivated by the

anisotropic voxel resolution. The NN is applied once in the beginning to obtain the
regularization parameter maps. Within the unrolled network fT

Θ(xNoisy), the NN estimates
the regularization parameter map once at the beginning. The PDHG algorithm then
iteratively solves the denoising problem for T iterations. During training, a moderate
T = 100 iterations are used, while testing employs a maximum of T = 1000 iterations.
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Figure 6.2: Simulation process to obtain pairs of noise-free ground truth and noisy low-
field MRI samples: Noise standard deviation and coil profile are estimated from real
data. A smooth coil profile is fitted to the readout profiles derived from pure noise
measurements along the PE dimension, using a 4th-degree polynomial before applying
it to the simulated low-field MRI image.

The unrolled network fT
Θ is trained in a supervised manner by optimizing its weights Θ,

using the objective function

L(Θ) = 1
NSample

NSample∑
i=1

ℓ(fT
Θ(xi

Noisy), xi
True), (6.7)

where ℓ denotes some loss-function. NSample accounts for the total number of training
or validation samples, respectively, depending on the current stage in training. With
the data introduced in Section 6.2.1, NSample = 1874 is used for the training phase and
NSample = 535 for the validation phase. For any of the experiments the L1-norm is used
as the loss function ℓ. To find the best Θ which minimizes (6.7), the AdamW optimizer
[136] is used. It is configured with an initial learning rate of 10−4 and a weight decay of
10−2. The learning rate determines the magnitude of the updates of the model parameters
during optimization, with a value of 10−4 ensuring stable convergence while avoiding
abrupt changes that could hinder the training process. The weight decay parameter
serves as a regularization term, preventing overfitting by penalizing large parameter values.
In particular, AdamW decouples weight decay from gradient updates, enabling more
effective control over model regularization without interfering with the adaptive learning
rate mechanism. This configuration facilitates both effective learning and improved
generalization.
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6.2.3 Comparisons

With the network trained on simulated low-field MRI data, different experiments are
conducted on the simulated test data and the actual low-field MRI data. Initially, the
proposed regularization methodology is assessed using the simulated test dataset. The
utilization of simulated data facilitates an objective quantification of errors relative to the
ground truth images, enabling a comparison with conventional approaches. Conventionally,
a scalar value is chosen at the global level to weight the regularization term. With a scalar
value, the problem to be solved corresponds to (6.3). To provide a fair comparison, the best
scalar is identified by setting λxyz a learnable parameter, which is optimized by supervised
learning as described in the previous section. Furthermore, the comparison is supplemented
by the case of two different scalars for each of the different spatial resolutions. This results
in the scalar λxy designated for the 2 mm in-plane resolution in RO and PE1 dimension, and
the scalar λz designated for the 5 mm through-plane resolution in PE2 dimension. Again,
supervised learning is used to find the best combination of scalars. The first experiment
observes the training loss and convergence of the different scalar values. By evaluating
the NRMSE and PSNR distributions over the test dataset, the scalar-based weighting
of the regularization term is contrasted with the proposed regularization parameter map
approach.

Subsequently, the different regularization approaches are then applied to the measured
in vivo low-field MRI data, which were acquired using the Nexus console introduced in
Chapter 3. The different regularization approaches are compared across both PD- and
T2-weighted three-dimensional data. For the network that estimates the regularization
parameter maps, the model weights trained on simulated T2-weighted low-field MRI data
are used. Since no ground truth is available for the in vivo data, reference-free metrics
are employed for quantitative comparison. Specifically, a no-reference blur metric [137] is
calculated, along with the SNR introduced in Section 3.3.1, which uses signal and noise
regions as depicted in Figure 3.6 to calculate the SNR.

6.3 Results

The evaluation of the learned regularization parameter maps is carried out in two distinct
stages. First, the model is tested on simulated low-field MRI data, allowing a direct
comparison with ground truth data for quantitative evaluation. Second, the trained model
is transferred and applied to in vivo data, demonstrating its generalizability and practical
utility. For both cases, identical models are considered, trained on simulated low-field
MRI data.
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Figure 6.3: Convergence of training and validation ℓ1-loss over epochs (left) and convergence
of λxyz, λxy and λz over epochs during training (right).

6.3.1 Simulated low-field data

Figure 6.3 shows the training and validation losses over 300 epochs on the left, evaluated
every second epoch. The solid lines represent the training loss, while the dashed lines cor-
respond to the validation loss. The learned regularization parameter map ΛΘ is compared
against a global scalar λ, with distinctions made between λxyz and the combination of
λxy and λz. Due to the similarity between the training and validation losses, the curves
are nearly indistinguishable. All training processes converge rapidly, reaching a minimum
around epoch 30. The training was continued until epoch 300 to exclude any overfitting,
which would be noticeable by diverging training and validation loss. The course of the
scalar lambda values λxyz, λxy, and λz is plotted on the right side of Figure 6.3. It can be
noticed that λxy and λz clearly converge to different values, which emphasizes the spatial
dependence of the regularization parameter. As expected, the joint regularization scalar
λxyz is in between λxy and λz, converging toward a compromise.

10 % of the simulated low-field MRI data was reserved as an independent test dataset,
unseen by the model during training. After training, the model parameters were fixed,
and performance was evaluated on the test set using the NRMSE and PSNR metrics.
The trained model was tested on noisy samples from the test dataset, with performance
measured against their corresponding ground truth. Figure 6.4 compares the performance
for learned global scalar values and learned regularization parameter maps.

The performance, obtainable with one or two global scalars, i.e. λxyz or λz and λxy, for
regularization yields similar performance. However, splitting the scalar into two distinct
values, representing through-plane and in-plane resolutions, respectively, yielded a minimal
improved NRMSE and PSNR values, over the test dataset. The mean NRMSE decreases
by 0.6 % and the mean PSNR increases by 0.2 %. The varying performance with two
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Figure 6.4: Evaluation of NRMSE and PSNR for the denoising performance on the test
dataset comparing λxyz, λxy and λz, and the proposed ΛΘ regularization.

different scalar values aligns with the findings from Figure 6.3, suggesting that lambdas
with different spatial dependence converge to different values. Introducing learned spatially
varying regularization parameter maps, which further employ this dependency, lead to
an enhancement of the results obtainable by the two different scalar values. Here, the
mean NRMSE noticeably decrease by additional 4.7 % and the mean PSNR increases
by 1.6 %. This underscores the advantage of accommodating spatial dependencies in the
regularization process.

A comparison by means of a single two-dimensional slice of a three-dimensional test
samples is shown in Figure 6.5. For both samples, the input is compared with the
different regularization scenarios and the ground truth. The in-plane and through-plane
regularization parameter maps are shown next to the image results obtainable with the
maps. Due to the use of TV regularization, all the results exhibit a more subdued grayscale
appearance compared to the ground truth. The example clearly emphasizes the importance
of the spatial dependency of the regularization parameter map. Not only do the in-plane
and through-plane regularization parameter maps differ significantly, but there is also
a clear distinction between the imaged object and the background in the Λxy

cnn maps of
Figure 6.5. Compared to the brain structures, the regularization of the background is much
stronger and more coarse. Finer structures inside the brain are weighted more individually,
resulting in a much sharper result. In comparison to regularization with global scalars, the
background noise can be removed much better with the estimated regularization parameter
map. The image slice shown in Figure 6.5 clearly shows a phatological bright spot in the
upper right part of the cortex, which is highlighted in the zoomed in section. None of the
compared methods fails to depict the structure correctly. All methods manage to delineate
the structure more clearly than in the original image.
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Figure 6.5: Comparison of reconstruction results for a representative sample from the test
data set of simulated low-field images with T2-weighted contrast. The first row compares
the magnitude images of the input, i.e. xNoisy, regularization with λxyz, the combination
of λz and λxy, and the map of regularization parameters against the ground-truth.
The second row shows the regularization parameter maps Λxy

Θ and Λz
Θ, which allow

interpreting the impact of the model.

6.3.2 In vivo data

Figures 6.6 and 6.7 each show a slice from the center of the T2- and the PD-weighted
images, comparing the image quality obtained by the different regularization methods.
A qualitative comparison across the T2-weighted results in Figures 6.6 shows that the
model can be successfully transferred to actual in vivo images and maintains its denoising
performance. The T2-weighted data closely matches the training data, yielding an overall
decent performance. Noise is effectively removed in all the compared cases of the T2-
weighted images, while important information in the denoised output is retained. The
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reference-free quantitative metrics, i.e. blur and SNR, were added to the denoising results
in Figures 6.6. TV regularization weighted by global scalar values, increases the SNR
compared to the input, which is a simple FFT reconstruction of the measured data. By
using two separate scalars, SNR increases by 6.7 %. The local regularization obtained
by estimating a regularization parameter map further increases the SNR by 3.8 %. The
regularization by TV introduces blurring to the images what increases the no-reference blur
metric calculated for the scalar-based approaches by 42 % with respect to the input. By
applying the estimated regularization parameter map the blurring only increases by 20.7 %,
yielding sharper results compared to the global regularization parameter, confirming the
previous observations. The spatially-dependent regularization which is achieved by the
estimated regularization parameter maps can be observed by the shown parameter maps
in Figures 6.6. In the center of the in-plane regularization map Λxy

cnn, the regularization
is low and a structure similar to the ventricles is visible. Here, the input image already
facilitates a relatively high contrast and less noise, thus less regularization is required.

In addition to the T2-weighted images, the results for the PD-weighted measurements
are shown in Figure 6.7. It should be noted that this example exhibits a different
contrast, which is unknown to the model, since it was trained exclusively on simulated
T2-weighted data. Given that the network only estimates the strength and location of the
regularization by the parameter map, the methods are still transferable and capable of
effectively eliminating the noise from the images. Compared to the T2-weighted results,
the PD-weighted reconstructions tend to be a bit over-smoothed, as can be seen by a
qualitative comparison of the results in Figure 6.7. Some finer details in the denoised
image appear less contrastive or even vanish, as can be seen in the zoomed-in section of
Figure 6.7. This effect is observed in both scalar-based regularization and the proposed
method using a regularization parameter map. Nevertheless, all methods demonstrate a
clear improvement in contrast compared to the background. According to the no-reference
blur metric, the regularization with λxyz and the combination of λz and λxy equally increase
the blurring by 30.5 % compared to the input. The image denoised using the estimated
regularization parameter map experiences an 11.1 % increase in blurring with respect
to the input. With the scalar-based regularization approaches, SNR of the noisy input
can be increased by 61.2 % with λxyz and by 71.8 % with the combination of λz and λxy.
Employing the regularization parameter map, SNR increases by 82.0 %. The parameter
maps shown in Figure 6.7 show a strong local change in regularization in the transition
between head and background, emphasizing the high contrast to the background in the
denoised image. The differences in regularization between the left and right hemispheres
can not be directly related to the shown image slice. However, it should be noted that the
approach estimates only one regularization parameter map Λxy

Θ for in-plane regularization,
which is applied across all the different slices.
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Figure 6.6: Reconstruction of the T2 weighted in vivo results obtained in Chapter 3 using
the unrolled network fT

Θ(xNoisy). For each slice, the original noisy input image, and the
denoised model output is shown along with the regularization parameter maps Λxy

Θ and
Λz

Θ.
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Figure 6.7: Reconstruction of the PD-weighted in vivo results obtained in Chapter 3 using
the unrolled network fT

Θ(xNoisy). For each slice, the original noisy input image, and the
denoised model output is shown along with the regularization parameter maps Λxy

Θ and
Λz

Θ. The training was performed on simulated low-field data with T2 weighted contrast.
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6.4 Discussion

This chapter introduced an approach to low-field MRI denoising that combines conventional
regularization by TV with a spatially dependent regularization parameter map estimated
by a NN. The algorithm was trained on simulated three-dimensional data and evaluated
on a simulated test dataset, as well as on measured low-field MRI data with PD- and T2-
weighted contrast. Quantitative evaluations on the simulated test data, using PSNR and
NRMSE, demonstrated that the regularization parameter map outperforms conventional
scalar-based approaches for weighting the regularization term. This emphasizes that a
spatially dependent regularization yields much better denoising performance in comparison
to global scalar values. In addition, the estimated regularization parameter map allows
for an interpretation of the network output. The application to the actual low-field
MRI data yields a significant improvement of SNR what could be shown by a reference-
independent measure. Employing TV regularization requires a trade-off between blurring
and denoising performance, which causes the reference-free blur metric to increase. Using
the regularization parameter map, the blurring introduced is only half as strong compared
to the global scalar values. However, since the model weights are transferred from simulated
data to actual low-field MRI data, the estimation of regularization is not optimal. This
applies for both the regularization parameter map, and for the scalar-based weighting.
By manually adjusting the strength of regularization, the regularization could be further
fine-tuned to the different data. Alternatively, the training data could be extended by
more diverse data, which also cover different image contrasts. This could in particular
benefit the results obtained for the PD-weighted images. For the PD-weighted data, the
lower increase in blurring compared to the T2-weighted data is a bit counterintuitive
to the qualitative assessment of the image quality after denoising. The improvement in
brain-to-background contrast appears to have a greater impact on the blur metric than the
enhancement of finer details, which inherently exhibit lower contrast. Because the network
only estimates two two-dimensional maps for in-plane and through-plane regularization,
spatial adaptability is limited. By estimating three-dimensional regularization parameter
maps, this problem could be addressed. Alternatively, the strength of the estimated
regularization parameter map could be fine-tuned to yield improved denoising results, but
would require a manual adjustment of the method which is usually unfavorable.

6.5 Summary

The joint image and B0 field reconstruction approach which was utilized in the previous
chapter combined model-based reconstruction and deep learning-based regularization.
It showed promising results but also revealed challenges when applying the method to
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measured data. Consequently, this chapter investigated an alternative approach which
employs conventional TV regularization in combination with spatially varying regularization
parameter maps estimated by a NN. These constraints limit the NN to estimating the
strength and location of the regularization, making its output more interpretable and
improving the denoising results for the acquired in vivo data.

By using spatially adaptive in-plane and through-plane maps to weight the regularization
instead of conventional global scalar values, improved denoising performance is obtained
while less blurring is introduced. The method could be successfully applied to measured
low-field MRI in vivo data. However, an optimal choice for the values in the regularization
parameter maps could not be obtained, as an overestimating of the regularization strength
introduced significant blurring, which was not observed in the test data. Simulations
always contain approximations which limit their ability to replicate actual low-field MRI
data for supervised training. Thus, the next chapter investigates the optimization of
models trained with supervision on individual samples to overcome the need for highly
realistic simulations, which are challenging to obtain given the diversity of low-field systems
available and varying operational conditions.
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In the previous chapter, the combination of CNN and conventional regularization demon-
strated promising performance for low-field MRI denoising. The key strategy involved
estimating regularization parameter maps from noisy inputs using a NN, which are then
combined with conventional regularization for iterative denoising. Training was conducted
on simulated low-field data, and although the model performed well on the measured
MRI data, its effectiveness depended on the similarity between the inference data and
the original training data. A significant shift between the training and inference data
distributions may lead to a performance gap at model inference [42], [43], [48]. Previous
methods, which rely entirely on simulated data during supervised training, introduced
blurring in the denoised images when applied to measured low-field MRI data due to their
deviation from the training data.

Alternative self-supervised approaches have shown promise in denoising low-field MRI data
[44], [138]–[140]. However, their performance often falls short of supervised techniques,
which typically employ retrospective simulation of low-field MRI data from higher-field
scans [36], [37], [40]. This approach is common due to the wide availability of high-field
datasets [34], [82], [83] and the unfeasibility of acquiring noise-free reference data which
is essential for supervised training. Due to the dependency of relaxation coefficients on
the magnetic field strength, the simulated data often differs inherently from real low-
field acquisitions. The differences between training and test data complicate the direct
translation of the trained models from simulations to real data. Using more sophisticated
simulation techniques, the training data could be further improved [38]. But this requires
a large set of tissue models to generate the training data. Rather than bridging the gap
between simulated and measured low-field MRI data, this chapter investigates a novel
approach to adapt pretrained models through a two-step training process. First, supervised
learning is employed to pretrain a model on a large set of retrospectively simulated low-field
MRI images. Then, the pretrained model is adapted to individual in vivo images using
self-supervised learning, which does not require any reference data. The goal is to relax
the demands on the simulation, while still profit from the outstanding performance of
supervised learning.
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Figure 7.1: The two-stage training approach integrates an initial phase of supervised
learning (top) with a subsequent phase of unsupervised refinement (bottom). In this
framework, the pretrained model weights undergo optimization for individual samples
utilizing the unsupervised Noise2Self training strategy. The objective is to exploit
supervised learning during the testing phase through adaptations of the denoising model
tailored to individual samples.

7.1 Two-stage training approach

The objective of the proposed method is to divide the overall training process into two
stages. In the initial stage, supervised learning is utilized to train a denoising model using
simulated pairs of noisy and ground-truth images. The methodologies presented in the
preceding chapters have demonstrated that, while supervised learning is to some extends
transferable to real in vivo data, the models exhibit optimal performance only when the
training data closely resembles the data encountered during inference. Consequently,
the aim of this approach is to extend training into a second stage taking place after
the supervised training. Upon convergence of supervised training, the model parameters
undergo further refinement through unsupervised learning. The underlying presumption
of this approach is that both training procedures optimize towards similar minima, and
these minima are sufficiently proximate to each other, thereby enabling the model to
leverage the experience acquired during supervised training in the course of unsupervised
refinement. Section 2.4.4 introduced various methodologies for unsupervised learning. In
this context, the objective is to optimize the model specifically for individual samples.
Hence, the Noise2Self [87] training strategy is adopted for unsupervised refinement. Unlike
the Noise2Noise and Noise2Noise strategies, Noise2Self operates on a single image and
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does not rely on assumptions about the noise distribution, making it a suitable choice for
this approach. Instead, it assumes that the noise in an image is statistically independent
of the underlying signal. This independence means that the noise is uncorrelated and
random, whereas the true image content exhibits structured spatial relationships. The
strategy employs a masking process during training, in which a subset of pixels in the
image is deliberately masked. Their true values are hidden from the network, which is
trained to predict the masked values based on the structural information of the surrounding
unmasked pixels. The masking process enforces that the model learns to infer the image
values by focussing on the spatial context provided by neighboring pixels what effectively
filters out noise.

Figure 7.1 illustrates the two-stage methodology. The gray box represents the pretraining
phase, where a denoising model is optimized through supervised learning using ground
truth data. Subsequently, the model weights obtained during supervised training undergo
a second training step, which processes individual images as input, specifically measured
images from the low-field MRI scanner. While this step may be repeated for each individual
sample, it always starts at the pretrained weights. The second training stage aims to
further refine the model optimizing its performance for the measured in vivo data. If
a substantial amount of measured low-field data is available, this step can potentially
be replaced by methods such as Noise2Noise. This two-stage training approach enables
pretraining on an extensive simulated dataset while allowing model optimization that is
tailored to individual samples at inference.

7.1.1 Network architecture

For image denoising, a three-dimensional U-Net architecture [71] was chosen due to its
proven effectiveness in image denoising tasks, which could be observed in the previous
chapters. In this context, NNs were used to regularize image reconstruction and optimiza-
tion problems. It was observed that the denoised image tends to become blurry when the
NN overestimates the regularization term. The underlying issue arises when the model
struggles to make an accurate estimate from the input, particularly when the data exhibit
contrasts not encountered during training. This motivates to investigate the proposed
two-stage training process, which is considered here for a simple denoising task to isolate
the problem. However, the procedure can also be adapted for the method presented in
Chapter 6. For this study, a denoising U-Net is considered which is trained to denoise
a noisy low-field MRI input image. The model, denoted by uΘ, is given as a weighted
combination of the U-Net output and the noisy input image. This corresponds to the
minimizer of a denoising problem in which the output of the U-Net is employed in the
form of Tikhonov regularization [141]. Similarly to the adapted model used for the image
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related sub-problem in Chapter 5, an architecture with multi-head self-attention in the
bottleneck is employed. It allows the network to capture long-range dependencies by
simultaneously attending to different parts of the input feature map, enhancing its ability
to integrate global contextual information [75]. This improves the network’s ability to
handle complex spatial dependencies and enhances its robustness. The U-Net architecture
consists of three encoding stages, each comprising two convolutional layers, with an initial
filter count of 32 and a kernel size of three.

7.2 Computational experiments

To examine the transferability of a denoising operator after a two-stage training process,
first the training data and the supervised learning are described. With the subsequently
introduced self-supervised refinement step on individual samples, various comparisons are
defined to evaluate its impact on denoising performance.

7.2.1 Simulated training data

For the supervised pretraining, three-dimensional low-field MRI data is simulated from
T2-weighted 3 T brain images [34]. To mimic low-field characteristics, the data are
downsampled to a resolution of 16× 100× 120 (PE2×PE1×RO) and augmented by Rician
noise, with additional weighting of the readout dimension based on the receiver coil profile
of the actual low-field MRI system. Section 6.2.1 describes the simulation process in more
detail. The resulting data set is split into fractions of 70 %, 20 %, and 10 % for training,
validation, and testing. This yields 1874 samples for training, 535 for validation, and 269
for testing. The test data of the simulated T2-weighted brain samples is used to review
the performance of the model for samples originating from the same data distribution as
training and test data. Using the identical simulation pipeline, T1-weighted brain samples
are generated, which exhibit a data distribution shift due to the different image contrast.
Because, the dataset contains much more T2-weighted samples, supervised training is
performed with the simulated T2-weighted data only. The T1 data is used to investigate
the consequences of a distribution shift by quantitative means with respect to the ground
truth. Last but not least, the two-stage training process is tested on real, three-dimensional
T2- and PD-weighted in vivo images of the brain acquired in Chapter 3.

112



7.2 Computational experiments

7.2.2 Supervised training

The training process is subdivided into two stages, where the first stage of the training
process involves supervised training. Using Θpre to denote the optimized model parameters
after supervised pretraining, the objective function for the supervised training is defined
by

L(Θpre) = 1
NSample

NSample∑
i=1

ℓ(uΘpre(xi
Noisy), xi

True). (7.1)

The number of training samples which are pairs of simulated noisy data xNoisy and noise-
free ground truth data xTrue, is denoted by NSample. Supervised training was carried out
over 300 epochs using an L1-norm as loss function ℓ in combination with the AdamW
optimizer [81]. The learning rate is set to 10−4 with a weight decay of 10−2 and a batch
size of 8 is employed.

7.2.3 Unsupervised test time training

As described by the illustration in Figure 7.1, the model weights from the supervised
pretraining Θpre are further refined in a second training stage, in which self-supervised
training at test-time is employed. Test-time training [42] refers to an adaptation of the
model, i.e. the model parameters Θpre, at inference. That is, to employ the Noise2Self
[87] training strategy, which facilitates single-sample training, to further adapt the model
uΘpre . Self-supervised training stage at test-time is achieved by minimizing the objective
function

L(Θ) =
∥∥∥Mc

iuΘ
(
MixNoisy

)
−Mc

ixNoisy

∥∥∥2

2
. (7.2)

Here, M denotes the masking operate and Mc its complement. During training, M is used
to mask the input at voxel locations on a regular three-dimensional grid using local mean
values, such that continuity of the network input is guaranteed. The true input value at
the masked locations is hidden for the network. Using the complement operator Mc, the
loss is calculated only for the unseen voxels. A mask width of four voxels results in 64
different mask configurations indexed by i. The self-supervised refinement is carried out
over 1000 iterations, which repeatedly iterate the mask configurations. To refine the model
parameters which are initialized by the parameters Θpre from the supervised pretraining,
the Adam optimizer with an initial learning rate of 10−5 is employed. Because the model
already experienced supervised pretraining, the learning rate was set lower to prevent the
network from forgetting what was learned by supervised training, a phenomenon known
as Catastrophic Forgetting [142]. The self-supervised refinement step is done individually
for each sample.
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7.2.4 Comparisons and evaluation metrics

To investigate the impact of test-time training as a second self-supervised training stage,
supplementing supervised learning, Across the evaluation, different scenarios of mode
training are distinguished, which are defined as:

ST Supervised training with simulated low-field MRI data.

TTT Self-supervised test-time training for individual samples during inference.

SPT+TTT Supervised pretraining with simulated data followed by self-supervised
test-time training for individual samples at inference.

First, the performance of the different scenarios is evaluated by quantitative measures on
the simulated test data. To validate the denoising capability, the model is applied on the
test data which originates from the same data distribution as the training and validation
data, i.e. the simulated T2-weighted data. Subsequently, the model is evaluated using the
simulated T1-weighted images. Due to the different contrast, the simulated T1-weighted
images constitute a shift towards the known distribution of inputs, because the model
was trained only by T2-weighted images. In the case of ST, the model was trained with
T2-weighted data and its performance is measured on the T1-weighted images without an
additional refinement step. The TTT investigates the self-supervised Noise2Self training
approach, without any pretraining, i.e. the model weights are randomly initialized. Self-
supervised TTT is carried out until the model fully converged to provide a fair comparison.
Last but not least, the SPT+TTT investigates, if the performance obtainable from TTT
alone can be further improved, if ST is used to initialize the model weights for TTT.
Since a noise-free ground truth is available for the simulated data, NRMSE and PSNR are
reported. The same comparison is carried out for the actual low-field MRI measurements
of a healthy volunteer’s brain with T2-weighted and PD-weighted contrast. In case of the
T2-weighted data, a distribution shift is given by the deviations from simulation, and in
case of the PD-weighted data, both, contrast and simulation deviations contribute to the
data distribution shift. Since here a ground truth is not available, no-reference metrics are
utilized for a quantitative comparison. A reference-free blur metric [137] and the SNR
which was introduced in Section 3.3.1 are considered.

7.3 Results

To evaluate the impact of the proposed two-stage training process and in particular the
possibilities of refining a model by test-time training which has been pretrained with
supervision, the results for simulated and real low-field MRI images are presented in the
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Figure 7.2: Denoising example for simulated low-field MRI data obtained from the U-Net
architecture, when trained by supervised learning. The example shows the center slice
of a three-dimensional sample from the test dataset which originates from the same
distribution as the training and validation data. The model output in the second column
demonstrates the performance of the supervised training.

following. First, a data distribution shift in simulated low-field MRI data is evaluated,
then actual in vivo data is considered.

7.3.1 Simulated low-field data

In the first scenario, the model is trained on the simulated T2-weighted low-field MRI data.
To validate the models denoising performance on this distribution of data, the application
for a random sample from the test dataset is shown in Figure 7.2. The model is clearly
capable of removing the noise from the input while retaining smaller details in the output.
The evaluations of NRMSE and PSNR for the test dataset, reveal that the NRMSE of
the input can be decreased by 67.6 % when denoised by the model, and the PSNR can be
increased by 90.5 %. These values correlate with the example in Figure 7.2, confirming the
denoising capabilities of the model trained with supervision, when applied to T2-weighted
data from the same distribution.

Using the identical model, the adaptability to unseen data from a different distribution is
explored using simulated T1-weighted data for which a ground truth is available. The box
plots in Figure 7.3 show the quantitative assessment by comparing NRMSE and PSNR
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Figure 7.3: Comparison of supervised training (ST) with distributional discrepancy, self-
supervised test-time training (TTT) and supervised pretraining with self-supervised
test-time training (SPT + TTT) across the test data by NRMSE and PSNR. The results
correspond to the observations in Figure 7.4.

the T1-weighted test dataset which includes 150 samples. If the denoising model is directly
applied to the T1-weighted samples without further adjust, the mean NRMSE increases
by 105.4 % and the mean PSNR decreases by 4.1 %. With TTT the mean NRMSE over
the inputs can be decreased by 10.6 % and the mean PSNR can be increased by 4.9 %.
The contribution of supervised pretraining to the self-supervised test-time training yields
an additional 5.1 % and 1.5 % improvement, towards the TTT without pretraining. How
this translates to the obtainable image quality is being demonstrated by the example in
Figure 7.4. Here, the direct application of the different training cases, that is ST, TTT,
SPT+TTT, is compared to the original input and the ground truth of an exemplary
sample from the T1-weighted dataset. Each sample is three-dimensional, but only a single
image slice from the center is shown in Figure 7.2. However, the model performance over
the difference image slices is consistent. A direct application of the model trained by
T2-weighted data yields effectively removal of the background noise, but the contrast of
the brain structure vanishes compared to the input, whereby the details in the image are
no longer recognizable. For the shown example, the model solely trained by supervision
with T2-weighted data clearly fails. Employing the self-supervised TTT approach, noise is
removed from the background and the brain structure, while retaining important details.
The background has a slight offset, but the image is still effectively denoised. With
additional pretraining, i.e. the combination of SPT+TTT, noise is also effectively removed,
while the image features a smoother but still sharp contrast.
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Figure 7.4: Comparison of supervised training (ST) with distributional discrepancy, self-
supervised test-time training (TTT) and supervised pretraining with self-supervised
test-time training (SPT + TTT) on a set of simulated T1 weighted test data.

7.3.2 In vivo data

Last but not least, the two-stage training process is applied to real in vivo low-field MRI
data of a healthy volunteer’s brain. The different training scenarios are compared for
T2-weighted data and for PD-weighted data. Here, the same model used previously, which
was trained on simulated T2-weighted data is employed. Figures 7.5 and 7.6 present
the in vivo denoising for both contrasts, each showing two slices of the data. For the
T2-weighted data, the direct application of the model trained with supervision maintains
high contrast but loses some structural contours. A qualitative comparison of the model
output to the input reveals that the result are a bit over-smoothed and hyper intense.
This is reflected by the 27.7 % increase of blurring and 130.5 % increases of SNR for the
T2-weighted image data in Figure 7.5a. The self-supervised training without test-time
training exhibits checkerboard artifacts. Referring to Figure 7.5a, blurring increases by
40.4 % and SNR by 42.0 %. Compared to ST, the images obtained by TTT are more
blurry but the intensities match the original images much better. If the TTT is combined
with supervised pretraining in the case of SPT+TTT, the image quality does not suffer by
checkerboard artifacts or hyper intensities, yielding the sharpest output with the highest
degree of details compared to the other training cases. In Figure 7.5a, the SNR is increased
by 7.6 %, what is less compared to ST, therefor the blurring only increases by 4.8 %. The
zoomed-in sections which provide a more detailed comparison confirms that the two-stage
training method yields the best compromise between noise removal and conservation of
details.

Compared to the T2-weighted images, the PD-weighted data exhibits a more significant
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(a) Image slice number 8 with a magnified detail view from the upper right image section

(b) Image slice number 16 with a magnified detail view from the lower left image section

Figure 7.5: Denoising results for T2-weighted 3D in vivo brain images obtained by TSE
sequence with TE/TR of 20/2000 ms. The FOV of the data is 240× 200× 210 mm with
a resolution of 2× 2× 5 mm for RO×PE1×PE2. Comparison of supervised training
(ST), self-supervised test-time training (TTT) and self-supervised test-time training
with supervised pretraining (SPT + TTT).
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deviation from the original training data. It constitutes a fundamentally different image
contrast and is affected by approximation due to the simulation process. Figure 7.6 shows
the identical two slices of the healthy volunteers brain as for the T2-weighted contrast,
but with PD-weighted images. When trained solely by supervision as in the case of ST,
the application of the model yields a blurry and over-smoothed result with a mismatch
in intensity. Compared to the original image, blurring in Figure 7.6a increases by 16.9 %.
Similar effects could be observed for the simulated data with T1-weighted contrast. Since
the background noise could still be removed effectively, SNR increases by 30.6 %. Test
time training without pretraining leads to some similar artifacts as observed in Figure 7.5.
However, for the PD-weighted images, it is less pronounced. Here, the blurring increases
by 15.1 % and SNR increases by 23.7 %. When supervised training is further refined by
test-time training, the denoising results can be clearly enhanced. Particularly the details
in the image are shown with a much better contrast, compared to the ST and TTT cases,
as can be observed for the delimitation of the ventricles in the center of the brain for
instance. In quantitative terms, the improvement by the combination SPT+TTT yields
an increase of 6.1 % in SNR while being able to decrease the blurring in the image by
2.87 %.

7.4 Discussion

This chapter investigated a two-stage training approach which refines supervised pretraining
by test-time training (SPT+TTT), and compared it to supervised-only training (ST) and
self-supervised-only (TTT) training. Different data distribution shifts are considered for
the comparison, that is supervised training is performed using simulated T2-weighted
images, while at inference, the model is applied to simulated T1-weighted images and
measured low-field MRI data. As shown by the results in this chapter, models trained with
supervision perform very well when applied to unseen data with identical characteristics as
the training data, i.e. for data from the same distribution. However, due to approximations
in the simulation process, e.g. in terms of image contrast, the trained model may not
necessarily retain its performance when applied to measured low-field MRI data. The
self-supervised refinement step on the individual samples aims to overcome these issues.

When directly applying the denoising model trained by supervised learning to image
contrasts that deviate from the contrast of the training data, the denoising performance is
strongly reduced, what could be shown by an in crease of NRMSE and a decrease in PSNR.
Employing the proposed refinement by test-time training, the denoising performance can
be regained. According to the metrics, the model weights are not just relearned as the
combination of supervised training with test-time training improves the test-time training
without pretraining. Similar observations can be made when applying the model to actual
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(a) Image slice number 8 with a magnified detail view from the upper right image section

(b) Image slice number 16 with a magnified detail view from the lower left image section

Figure 7.6: Denoising results for PD-weighted 3D in vivo brain images obtained by TSE
sequence with TE/TR of 20/500 ms. The FOV of the data is 240× 200× 210 mm with
a resolution of 2× 2× 5 mm for RO×PE1×PE2. Comparison of supervised training
(ST), self-supervised test-time training (TTT) and self-supervised test-time training
with supervised pretraining (SPT + TTT).
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low-field MRI in vivo data. Applying the supervised training without adaption leads to
mismatched intensities and over-smoothed results. If the discrepancy between the data is
bigger, as in the case of the PD-weighted data, this effect is more severe. Since the model
has never encountered PD-weighted low-field MRI data during training, its denoising
performance on these samples is lower compared to data which is more similar to data
from the training distribution. Self-supervised test-time training can help to overcome this
issue, because the model weights are optimized on individual samples. However, if the
data is very noisy, as in the case of the T2-weighted data, the performance of the test-time
training is limited and leads to artifacts in the denoised result. Employing the supervised
training as a pretraining stage which is refined by the self-supervised test-time training
improves the image quality for T2-weighted and PD-weighted data. The results are not
entirely noise-free, but the two-stage training approach offers an excellent compromise
between SNR enhancement and the amount of blurring which is introduced to the output.
The combination of supervised training and self-supervised refinement in a two-stage
training strategy provides the most robust denoising performance on the compared in
vivo examples. Notably, for PD-weighted data, the proposed approach enhances SNR
while simultaneously reducing image blur. The adaptability to new data improves the
applicability of the model and is particularly valuable for low-field MRI, where training
data is predominantly simulated.

7.5 Summary

The denoising methods proposed in the previous chapters worked well on the simulated
data, but suffer from performance losses, when the model is applied to measured low-field
MRI data which deviates from the simulated data. This chapter investigated a two-stage
training approach to adapt a pretrained NN to real low-field MRI data. The method
combines supervised pretraining on simulated data with self-supervised test-time training
on individual in vivo samples. Supervised pretraining uses a U-Net with multihead self-
attention, achieving significant noise reduction on data similar to the training distribution.
Test-time training refines the model weights at inference using the Noise2Self framework,
adapting to distributional shifts without requiring reference data. The combined approach
of supervised pretraining and test-time training outperformed supervised-only and self-
supervised-only models, showing improved noise suppression and structural preservation
in simulated and measured in vivo low-field data. This is reflected by reduced blurring
and enhanced SNR, yield an optimized image quality. The proposed method provides an
effective solution to bridge the model performance gap when training and inference data
are significantly difference. Thus, it is a good candidate to improve the transferability also
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7 Model adaptation by test time training

for the joint reconstruction approach and the estimation of the regularization parameter
maps.
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8 Discussion and conclusion

The presented work demonstrates a successful application of deep learning to enhance
image quality in low-field MRI at 50 mT. Initially, a novel console architecture for advanced
low-field MRI was developed and tested. With the imaging results from the console, a
method was presented that combines model-based reconstruction with deep learning to
target image and B0 field reconstruction for low-field MRI. Subsequently, an alternative
regularization approach was investigated, which combined conventional TV regularization
with the estimation of a regularization parameter map to improve the interpretability and
transferability of the network to measured data. Last but not least, a two-staged training
concept was proposed, which allows adapting models trained with supervision to different
data by a self-supervised refinement step, while maintaining the model’s performance. All
the proposed methods were evaluated on simulated data but also tested on in vivo data
acquired with the low-field MRI scanner.

Nexus, a versatile console for advanced image acquisition in low-field MRI was developed
and demonstrated in Chapter 3. It facilitates the acquisition of additional sensor informa-
tion, a fully transparent data processing pipeline, and the embedding of GPU, what enables
deep learning-based image reconstruction. The modular design allows custom configura-
tion of the channel number and enables easy adaption for use at different field strengths.
Thereby, the proposed console overcomes limitations with respect to the interpretability
and adaptability of existing proprietary systems and delivers more performance in com-
parison to existing open-source systems. By default, it enables techniques, such as the
integration of auxiliary sensors for EMI mitigation, temperature, or B0field measurements,
which offers great potential to enhance image quality. As demonstrated by the authors of
[90], deep learning helps to further improve EMI mitigation by the EDITER algorithm
[88], which was used in Chapter 3. With the proposed Nexus console, such methods could
be directly integrated into the console, making them a standard for low-field MRI. The
option of transferring the acquired data directly to the GPU, enables faster data processing
and seamless integration of deep learning-based techniques. Using TSE-based sequences
written in PyPulseq, imaging capabilities of the system could be demonstrated at two
different sites, yielding three-dimensional in vivo PD- and T2-weighted image contrasts
on portable 50 mT systems in 5 min 52 s and 6 min 28 s, respectively. A comparison to a
state-of-the-art reference console demonstrated image acquisition without losses in data
quality.
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8 Discussion and conclusion

Different deep learning approaches have been investigated to address the identified main
limitations of low-field MRI which could also be observed in Chapter 3: Low SNR and
high B0 field inhomogeneities. The joint model-based approach for image and B0 field
reconstruction with deep learning-based regularization presented in Chapter 4 showed
superior performance in comparison to conventional methods by improving the PSNR up
to 11.7 % and the RMSE up to 86.3 %. End-to-end training of the NNs with alternations
between the image and B0 field related sub-problems contributed to improved robustness,
while the evaluation was limited to simulated low-field MRI data. Chapter 5 evaluated
the proposed method on data acquired with the Nexus console at a 50 mT low-field MRI
system, including phantom and in vivo brain scans. Effective denoising capabilities could
be demonstrated, especially for the T2-weighted in vivo brain data. The correction of
distortions, caused by the B0 field inhomogeneities, could be validated for an ACR phantom.
However, a quantitative evaluate of the B0 field, e.g. by a B0 mapping sequence [116],
needs to be done to fully validate the results. If needed, the model input could also be
extended by additional sensor information [106] to increase reliability. For well-shimmed
systems, as in the case of the in vivo acquisitions corrections of the B0 field inhomogeneities
might not necessarily be required. However, it remains to be demonstrated whether field
distortions occur outside well-regulated lab conditions, such as in portable applications
where temperature fluctuations may arise, and whether the proposed distortion correction
method can effectively compensate for them.

Denoising approaches to improve SNR can be applied independently to substantially
improve image quality. This was shown in particular for low-signal sequences as in the
case of the T2-weighted contrast. Relatively high blurring in the in vivo reconstructions
with the joint model-based approach suggests a performance gap when applying the model
trained on simulated low-field data to measured data, particularly if the measured sample
features a different image contrast. Consequently, Chapter 6 investigated an approach that
combines conventional TV regularization with the prediction of a regularization parameter
map by a NN instead of employing the network output directly for regularization. This
leads to better denoising performance with less blurring, especially for the application on
the PD-weighted in vivo images. As an additional refinement step, Chapter 7 introduced a
two-staged training process of supervised learning combined with self-supervised training
at test time. The evaluations revealed that a model trained with supervision can be further
enhanced by refining the model weights on individual samples, especially in the presence
of a data distribution gap between training and inference data. This refinement helped
to avoid excessive blurring while effectively improving the SNR for both the PD- and
T2-weighted image contrasts in vivo. Figure 8.1 provides a comprehensive comparison of all
the presented methods as they were proposed in this thesis, including the joint model-based
approach, regularization parameter map estimation, and the two-stage training strategy.
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(a) PD-weighted image contrast.

(b) T2-weighted image contrast.

Figure 8.1: Comparison of magnitude images from in vivo brain data acquired with the
Nexus console: Images are obtained through FFT reconstruction, joint image and B0 field
reconstruction, and FFT reconstruction with denoising using estimated regularization
parameter maps and the two-stage training strategy. The reference-free blur metric and
SNR is calculated for each image.
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8 Discussion and conclusion

Among these, the two-stage training approach from Chapter 7 offers the best compromise
between image denoising and sharpness, yielding a 13.7 % and 8.8 % increase in SNR for
T2-weighted and PD-weighted images, respectively. Unlike other methods, it limits the
blurring in the T2-weighted image to 6.5 % and even reduces the blur in PD-weighted
images by 2.2 %. A qualitative comparison further confirms that the two-stage training
strategy delivers the highest perceived image quality.

The findings of this thesis suggest that no single method alone provides an optimal solution
to enhance image quality in a low field MRI. Instead, combining multiple approaches is
key to obtain optimized image quality, with an accurate acquisition model at its core. As
suggested in [143], a “plug-and-play” approach could be considered, where image and B0

field map estimations are used as priors, while the learned regularization parameter maps
provide adaptive regularization. By incorporating multiple training stages, including both
supervised and self-supervised learning, the output could be refined for individual samples
directly at the scanner, further improving robustness and image quality in real-world
applications. This enables reliable image reconstruction in a modular fashion, facilitating
adaptability to different hardware setups. However, the training process and particularly
the selection of training data is crucial and can be enhanced by more sophisticated
simulations [38] or training strategies that fully rely on self-supervision [44]. Using the
information of auxiliary sensors, available from the Nexus console, EMI sensing coils
can be used to enrich the acquisition model or preprocess the acquisition data, while
field probes provide additional information for the B0 field estimation or gradient field
correction. Such additional sensor information helps to further improve the robustness
of the scanner under uncontrolled environmental conditions, and contributes to improve
the overall image quality [90], [144], [145]. Towards acceleration of the imaging process,
different undersampling techniques can be employed and integrated into the acquisition
model [35], [39], [40]. As this further reduces the amount of information available, the
importance of model-based reconstruction increases. Integrating all these techniques into
the Nexus console is technically feasible. However, more advanced methods may require
additional computational resources, which warrants an analysis of their cost effectiveness.
Therefore, it is advisable to tailor the reconstruction model to the specific requirements of
the deployment environment. Although the evaluations in this thesis are limited to head
and knee images, the methods can in principle also be extended to other extremities or
even whole body MRI [29].

The methodologies presented in this thesis not only demonstrate the effectiveness of deep
learning in enhancing image quality for low-field MRI but also establish a framework that
seamlessly integrates data acquisition with these techniques for image reconstruction and
processing. Emphasizing robustness and reliability, the proposed methods enhance the
performance of low-field MRI and offer a promising foundation for clinical integration.
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With their compact design and affordability, low-field MRI scanners are well-suited for
diverse applications, from resource-limited settings and underserved regions to stroke units
and smaller hospitals in the countryside. Deep learning further expands the capabilities of
these accessible systems by improving image quality. However, ensuring robustness and
reliability remains critical for their adoption in radiological practice. Transitioning these
methodologies into clinical practice is essential to fully explore the potential of low-field
MRI for value-based diagnostic imaging, but remains an open challenge.
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A Appendix

A.1 Sequence calculation and execution with the Nexus console

Figure A.1: Diagram which illustrates the sequence calculation by the implemented
sequence provider within the Nexus console. The gradient and RF waveforms of a Pulseq
sequence are calculated dependent on adjustable acquisition parameters and a static
device configuration. Each sample point of the gradient waveform encodes a digital
signal, replayed synchronously with the analog waveform. The computed sequence is
stored as a 16-bit Numpy array in Fortran order.
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A.1 Sequence calculation and execution with the Nexus console

Figure A.2: Schematic of the sequence execution in the Nexus console after computation,
utilizing the implemented transmit and receive device classes. The sequence is streamed
to the AWG card’s memory and subsequently replayed. Whenever new timestamp data
becomes available, the digitizer card transfers it from the card to the buffer. Digital
post-processing includes demodulation, decimation, and phase correction.
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