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Abstract

Nuclear Magnetic Resonance (NMR) has been a powerful and widespread tool since its birth
thanks to its exibility in assessing properties of physical systems without being invasive and
without using ionizing radiations. Although applications of NMR for medical purposes have
rapidly developed since the introduction of MR imaging (MRI), most of the clinical protocols
retrieve qualitative information about biological tissues. Being able to retrieve also quantita-
tive information with NMR may be bene cial to identify biomarkers for understanding and
describing the pathophysiology of complex diseases in many tissues. However, established
guantitative MRI (gMRI) methods require long scan times that not only can represent more
exposure to image artifacts and more discomfort for the patient, but they also increase the
costs of MRI protocols. To improve the clinical feasibility of quantitative NMR, one can
focus on optimizing gMRI protocols to increase data acquisition e ciency, i.e. minimizing
the acquisition times and maximising the number of retrieved information. Alternatively,
one can focus on the application of low-cost, portable and low maintenance NMR devices in
the medical eld, such as single-sided devices. This Ph.D thesis presents studies that aim to
advance the role of quantitative NMR in medicine using the two directions stated above.

The rst part of the thesis proposes a deep learning approach based on deep Fully Con-
nected Networks, here simply referred to Neural Networks (NN), for pixel-wise MR parameter
prediction task in Magnetic Resonance Fingerprinting (MRF), a fast multiparametric gMRI
methodology, as a solution to overcome the curse of dimensionality a ecting the gold stan-
dard dictionary approach. The key feature was the ability to e ectively train the NN with
only simulated data.

With this aim, it was assessed, by means of simulations, the bene ts of the NN approach
in overcoming the curse of dimensionality in respect of the dictionary approach. Preliminary
robustness to undersampling artifacts was also assessed. Results showed that NN performance
was at least as good as the dictionary-based approach in reconstructing MR parameter. The
di erence in performance increased with the number of estimated parameters, because the
dictionary method su ers from the coarse resolution of the MR parameter space sampling.

Then the results were translated in vivo, and the goal was to modify the training pipeline



so that the NN would be accurate and robust to artifacts a ecting real MRF signals, such
as those arising from undersampling. Using an ablation approach, the NN was trained with
di erent pipelines, using only simulated MRF data, and their performance were tested against
the T; and T, maps generated with the gold standard dictionary approach. Results allowed
to heuristically determine the optimal training strategy to train a NN able to predict T, and
T, maps that are in strong agreement with those obtained with the dictionary approach.

The second part of the Ph.D thesis proposes a methodology to assess the trabecular
bone-volume-to-total-volume (BV/TV) ratio, an important morphological parameter, using
single-side NMR by means of NMR relaxometry measurements. Nowadays there are not well
established methodologies to assess trabecular BV/TV that are suitable for wide screening
campaigns of the population at risk of bone fractures related to diseases such as osteoporosis.
Although we recently proposed a technique for BV/TV estimation based on a CPMG pulse
sequence using single-sided NMR, the methodology had two main limitations. First, the
presence of soft tissues other than trabecular bone that can be intercepted by the sensitive
volume of the single-sided NMR could a ect the estimation of the BV/TV parameter. Second,
the methodology requires to use a signal acquired from a reference sample (bulk bone marrow)
to estimate the BV/TV ratio. The aim of the second part of this Ph.D thesis was to overcome
these limitations.

The rst problem was addressed by weighting the signal acquisition by molecular di u-
sion. Experiments based on an ad-hoc designed Di usion Weighted T; T, correlation pulse
sequence demonstrated the feasibility of the Itering. A 1D measurement was then estab-
lished using a di usion prepared CPMG acquisition. This modi cation resulted in a correct
estimation of trabecular BV/TV in a sample where also muscle tissue was present within the
sensitive volume of the single-sided device.

The problem of the need of using the signal coming from a reference signal for BV/TV
estimation was then addressed. The limitation was overcome by exploiting the information
about the T, relaxation times of the trabecular bone that comes from the CPMG decay
analysis. Such analysis allows to separate the intra trabecular signal (mainly due to water
bound to collagen) and the signal coming from the inter trabecular spaces (mainly due to
bone marrow). A set of trabecular bone samples, cored from pig shoulders, were analysed
with NMR and with micro computed tomography (micro-CT), the gold standard technique,
to assess ground truth bone morphological parameters. Starting from the computation of
intra and inter trabecular signal contributions, BV/TV and bone-surface-to-total-volume
(BS/TV) ratios were estimated using theoretical models, which require an esteem of the
intra trabecular porosity and of the mean trabecular radius (trabeculae are modelled as
cylinders). Comparison between NMR and micro-CT showed high level of agreement for



BV/TV and high correlation with moderate agreement with BS/TV.

In conclusion, although the works reported in this Ph.D thesis requires further steps to
be considered for clinical application, they may be considered as deliverables in the direction
forward the advance of the role of quantitative NMR in medicine.
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Introduction

Nuclear Magnetic Resonance (NMR) has been a powerful and widespread tool since the
rst works of Bloch and Purcell in 1946, thanks to its exibility in assessing properties of
physical systems without being invasive and without using ionizing radiations. Although
every nucleus characterized by a non-zero total quantum spin number can be probed with
NMR, H nuclei are the common target because of their relatively high NMR sensitivity and
natural abundance. Given a system of nuclei, a variety of properties can be probed with
NMR, but the most fundamental are the longitudinal relaxation timeT; and the transverse
relaxation time T,, which depend on the chemical and physical environments thaH nuclei
perceive. For examplelH nuclei in water molecule con ned within small compartments have
T, and T, relaxation times that di er from relaxation times of bulk water. This dependence

Is exploited in medicine to investigate tissue properties such as myelin water fraction in the
brain [101] and collagen bound water fraction in cortical bone [94]. More generally, the
dependence of NMR parameters on the environment that the nuclei perceive, gives wide
versatility to NMR, which has been used for diverse applications ranging from biology to
chemistry and medicine.

Medicine has been one of the main eld of application of NMR because of its potential to
probe a variety of tissue properties without being invasive. Although usefulness of NMR in
medicine applications was evident since the early years after its birth [35,96], medical appli-
cations have rapidly developed since the invention of Magnetic Resonance Imaging (MRI),
which allows to spatially resolve the NMR signal [71]. The high interest in NMR as imag-
ing technique for medical applications lies on the fact that, di erently from X-ray imaging
techniqgues, NMR does not use ionizing radiations and pixels intensity is not restricted to
a single physical property of the tissue, but it can depend on a multiplicity of parameters.
Through the years, the diagnostic potential of MRI has been widely validated and it has
been applied to many body districts. Despite its development, clinical application of MRI
protocols mainly return qualitative information about tissues. MR images can be acquired
with di erent pulse sequences, and they show anatomical features that are more or less en-
hanced by the type of NMR parameter that weights the signal evolutionT{ or T, weighted,
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for example). Although qualitative MRI has been shown to have high clinical impact on di-
agnosis, interest in quantifying values of NMR tissue parameters in each pixel has increased.
The quanti cation may bring many bene ts through a deeper biological knowledge of the
diseases, so that diagnosis of such diseases and responses to potential treatments can pro-
ceed in a more satisfactory way. Being able to provide quantitative images can be helpful
for assessing disease progression longitudinally and for cross-sectional studies. For example,
the use of T, maps has been demonstrated to be promising to help in understanding many
diseases, such as osteoarthritis in knees [86], osteoporosis in bones [94] and multiple sclerosis
in the brain [77].

However, quantitative MRI (QMRI) methods typically provide information on a single
parameter at a time, they require signi cant scan time, and are often highly sensitive to
system imperfections. In the context of MRI, long scan times not only can represent more
exposure to image artifacts (such as those caused by motion during acquisition) and an
increased discomfort for the patient, but they also increase the costs of MRI protocols. Whole
body MRI scanners use superconducting electromagnet to generate the polarizing magnetic
eld, which requires liquid nitrogen for the cooling. Hence, MRI scanners are high cost and
maintenance. Overall, these characteristics limit the clinical application of quantitative MRI
for medical purposes.

To make quantitative NMR clinically feasible, one can focus on optimizing gqMRI protocols
in such a way to increase data acquisition e ciency, i.e. minimizing the acquisition times and
maximising the number of retrieved information. MRI research community has been widely
working on this eld for many body districts ranging from brain [36] to muscoloskeleton [64].
Among them, Magnetic Resonance Fingeriprinting (MRF) was rstly proposed in 2013 [75] as
fast gMRI methodology to retrieve multiparametric maps in one-shot measurement exploiting
variable sampling pattern and a template matching processing step based on a precomputed
dictionary containing simulated theoretical signals. Interest in MRF has rapidly increased
among the research community due to its fastness and promising applicability in a clinical
setting, which, however, is not established yet.

Another way to bring quantitative NMR into clinical practise is to focus on the application
of low-cost, portable and low maintenance NMR devices in the medical eld. Single-sided
NMR scanners, for example, use permanent magnet to generate the polarising eld (that is a
low-intensity eld compared to whole-body MRI scanners) and they detect the NMR signal
from a sensitive volume that is outside the magnet. Their helpfulness for assessing porous
media, both in laboratory and in-situ, has been widely demonstrated in literature. Interest
in using such devices for medical purpose is slowly increasing, and their use has been recently
shown to be promising for characterizing breast [2] and bone [23, 24] tissues. However, more
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steps are needed to consider clinical application of such devices.

This Ph.D thesis presents studies regarding NMR methodologies that aims to help the
application of quantitative NMR to clinical medicine. This manuscript is a summary of
part of the work that | carried out in the NMR group of the Department of Physics and
Astronomy at the University of Bologna (Italy) during my Ph.D program. In relation to this
program, | also spent seven months in the Body MRI group of the department of Radiology
of the Stanford University (CA, USA), supervised by Prof. Brian Hargreaves. The work
Is organized in two parts composed of three chapters each, with a conclusive chapter that
summarizes the main ndings of the presented studies and future directions.

Part I: Circumventing the Curse of Dimensionality in Magnetic Resonance Fin-
gerprinting through a Deep Learning Approach

A deep learning approach based on deep Fully Connected Networks for pixel-wise MR pa-
rameter prediction task in MRF is presented. The part is divided into three chapters.

Chapter 1 presents the research issues that guided the developing of the project. The
curse of dimensionality that a ects the standard dictionary approach is presented as limita-
tion for the scalability of the MRF methodology when the number of NMR parameters to be
retrieved increases. A background section is also presented to describe fundamental concepts
of MRF and the related state of the art.

Chapter 2 presents a simulation study in which the Deep Learning application is set
up. Simulated experiments are conducted to show the advantages in using the deep learning
approach against the standard dictionary approach for parametric map reconstructions when
the number of parameters to be retrieved increases. Di erent MRF pulse sequences are tested,
and robustness to artifacts caused by undersampling the k-space is also discussed.

Chapter 3 focuses on the application of the deep learning approach set up in the previous
chapter, to real acquired data. The main goal is to investigate which training pipeline, in
terms of data augmentation and preprocessing steps, yields the best results in terms of
robustness to artifacts caused by the undersampling. The real MRF data were acquired at
the Stanford Radiological Sciences Laboratory (RSL), part of the Department of Radiology of
the Stanford University (CA, USA), where | spent seven months during my Ph.D programme.

Part Il: Evaluating the Bone Volume Fraction of Trabecualr Bone using NMR
relaxometry through single-sided scanners

The main aim is to propose a technique to assess the bone volume fraction, an important
bone morphological parameter, of trabecular bone using single-side NMR by means of NMR
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relaxometry measurements. Although experiments presented are performed in laboratory,
the long-term aim is to propose a low-cost NMR methodology that could be used to wide
spread campaing to assess fracture risk associated with Osteoporosis disease. The part is
dived into three chapters.

Chapter 4 introduces the problem at hand highlighting the bene ts of assessing mi-
crostructural bone parameters for correct prediction of fracture risk in the Osteroporosis
disease. A section is dedicated to describing the characteristics of the single-sided devices
used to perform the experiments reported in the following chapters, i.e. the NMR-MOUSE
and the NMR-MOLE. The last section of the chapter describes the rst work of single-sided
NMR applied to bone volume fraction estimation of trabecular bones [23]. The section high-
lights the main limitations of the proposed technique, and this parts introduces the following
chapters which investiga how to overcome them.

Chapter 5 addresses the problem of detecting the signal from the trabecular bone marrow
and suppressing the signals from other tissues (muscle and cartilage), which may be present
within the sensitive volume of a single-sided NMR scanner. The goal is achieved by signal
Itering exploiting molecular di usion. Part of the material of this chapter has been recently
published [7].

Chapter 6 investigates the feasibility of a new methodology to assess the micro-structural
properties of trabecular bone using single-sided NMR scanners without the need of a mar-
row reference sample. The original methodology presented in [23] requires the comparison
between the acquired signal from the trabecular bone and the signal coming from a reference
sample of bone marrow. Since signal is not spatially resolved using a reference sample for in
vivo appreciation is not ideal. Comparison between the bone volume fractions of a set of pig
trabecular bone samples obtained using the new proposed NMR methodology and the bone
volume fractions obtained using the gold standard micro computed tomography is presented
to validate the technique. The work has been carried out in collaboration with the Rizzoli
Orthopedic Institute (Bologna, Italy) where micro-CT acquisitions were performed. The
NMR measurements with the NMR-MOUSE were performed at the Department of Physics
and Astronomy of the University of Bologna (ltaly).
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Chapter 1

Introduction

1.1 Outline of the problem

MRF is a fast gMRI methodology able to obtain multi-parametric maps in a one-shot mea-
surement [75]; many applications of the technique have been investigated since its birth,
ranging from brain imaging [73] to body MRI [29], [30].

The key concept of MRF is to apply a train of radio-frequency (RF) pulses whose ip
angle (FA) and repetition time (TR) vary according to a pattern designed to di erentiate
the signal response for di erent tissues as much as possible, so that for each voxel a so-
called ngerprint of the tissue is acquired. MRF usually employs a non-Cartesian k-space
sampling scheme, using variable density spirals [59, 75] or radial waveforms [4,32], to acquire
data rapidly. The original methodology uses a nearest neighbour approach to match the
experimental ngerprint with a precomputed dictionary of simulated signal evolutions using
the dot product as similarity measure. The method has been demonstrated to produce
accurate MR parameter maps even in presence of severe artifacts caused by the k-space
undersampling acquisition [25,59, 75]. This is because the dot product takes advantage of
the incoherence between the artifacts caused by the undersampling and the MR signal. An
exploding dictionary size, matching accuracy, robustness to undersampling artifacts are some
of the main challenges to overcome before MRF can be accepted in a clinical setting. The
more parameters are encoded into the pulse sequence simulatichs T, Bo, T,, B], etc...),
the bigger the size of the precomputed dictionary has to be. Confounding factors suchBgs
eld inhomogeneities are known to be a source of artefacts in MRI [106], and they have to be
considered in MRF to improve parameter estimation [25,76]. However, big dictionaries are
hard to handle because they are costly both in memory usage e ciency, occupying up to 150
GB, and in computational time for the matching procedure [76]. Moreover, a priori generation
of the entire high-resolution dictionary can result in high computational costs when, for
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example, simulating the full 3D voxel pro les to perform single voxel proton spectroscopy
with MRF [68]. Hence, dictionary-based MRF su ers from the curse of dimensionality [45],
which limits the scalability of the MRF methodology. The problems arising from handling
big dictionaries have driven the MRF community toward methods aiming to compress the
size of the dictionaries by both applying Single Value Decomposition (SVD) to generate low-
rank approximation of the ngerprinting signals, and reducing the entries of the dictionaries
by using a polynomial tting [81,82,110]. The improvements that one can achieve with these
methods still depend on the size of the problem under investigation [13].

Another strategy to overcome the limitations of dictionary-based template matching is to
take advantage of a Machine Learning algorithm that, after a supervised training procedure,
can predict the MR parameters given the experimental ngerprint as input. The Neural
Network (NN) algorithm is one possibility, as NNs have been demonstrated to be universal
function approximators given enough training data and model complexity [56]. A su ciently
large NN in principle can learn the Inverse Transfer Function (ITF) that maps the acquired
MRF signal into the MR parameter space. Moreover, once the NN is trained, the prediction
operation is computationally more e cient with respect to template matching, because no
exhaustive search across a dictionary has to be performed. More importantly, under optimal
training conditions, it is able to predict MR parameters of unknown signals, and thereby
limits quantization artifacts that can arise from a dictionary approach in which template
matching approximates MR parameters to those present in the dictionary. Depending on the
task and the architecture, NN can require thousands of training data items, which in the case
of MRI can be both expensive and time-consuming. However, for application to MRF, the
NN model can be trained using simulated data. Simulating input data is the original way in
which dictionaries were produced in MRF, and the reliability of such dictionaries has been
widely demonstrated [75]. Some studies have investigated the feasibility of applying Neural
Networks to MRF, in conjunctions with numerical simulations [8, 53, 104], with phantoms,
or with in-vivo acquisitions [6, 9, 33, 39, 46]. Among possible deep learning architectures,
fully-connected neural networks (FCNSs) have features that make them particularly suited to
circumventing the curse of dimensionality in MRF, while maintaining most of the desirable
features of the original approach. Convolutional neural networks (CNNs), for example, were
designed to take advantage of local connection and correlations [72], and they require spatial
structure to be present in the training data set. Hence, real acquired data are usually
used instead of simulated data in MRF applications [6,39]. However, if the amount of
training data is not large enough it can generate over tting, especially when a large number
of parameters are to be retrieved. In contrast, FCNs used to perform pixel-wise processing
without exploring neighbor pixels can easily be trained with simulated data. Indeed, because
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the network does not take advantage of spatial information one can easily create a training
data set with simulated MRF signals using a simple MR simulator. A method combining
pixel-wise processing with a training procedure based on simulated data has two desirable
features: the approach is inherently structure independent, since no spatial connections are
taken into account; the lack of training data need never be a problem. For these reasons, this
work focuses on the application of FCNs to MRF. From now on the NN acronym is used to
indicate FCN, with the exception of section 1.3.2, where NN generally refers to the neural
network algorithm. Despite the advantages associated with NN approaches, a critical point is
to train the NN model in such a way to be both accurate and robust to artifacts a ecting real
MRF measurements, such as those resulting from undersampling the k-space. The training
procedure is critical for this aim, because it helps to perform model regularization [48] during
training.

Although the feasibility of NN approaches has been demonstrated in previous works [33,
53] these methods are still in their infancy. In particular, the capacity of NNs to circumvent
the curse of dimensionality in MRF has not been carefully studied since the number of
parameters to be retrieved by the NNs has always been limited to the minimum number of
parameters required based on the MRF pulse sequence used. For example, in [33], where an
IR Fast Imaging with Steady state Precession (IR-FISP) [59] sequence was used, dnlyand
T, were retrieved, and in [53], where a IR balanced Steady State Precession (IR-bSSFP) [75]
sequence was used, only, T, and B, were retrieved. It is important to study the scalability
performance of NN approaches to assess their actual bene ts over the dictionary approach.
Moreover, little attention has been given to which pipeline should be used, in terms of training
set design and data augmentation strategies during training, to allow the NN model to learn
an accurate and robust ITF for a given MRF pulse sequence. For example, Virtue et al [104]
randomly sampled the MR parameter space, whereas Hoppe et al [53] and Cohen et al [33]
used a grid sampling. Moreover, di erent strategies have been applied to take noise into
account, such as in [104] and [53], in which no noise was added in the training procedure,
while in [33] white Gaussian noise with zero mean and 1% standard deviation was added
during the training phase.

The goal of the rst part of this Ph.D thesis is to set up a deep learning approach for MRF
based on (1) a FCN architecture (2) using simulated data for training, and (3) comparing its
performance with the standard dictionary approach in terms of capability of overcoming the
curse of dimensinoality and robustness to undersampling artifacts.

This part is divided in two chapters. The primary aim of the rst chapter is to set up the
NN approach and investigate how its performance scales with the number of parameters to be
retrieved in comparison with the standard dictionary approach. Secondly, the chapter aims
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to preliminary investigate training strategies to allow a NN to learn an accurate and robust
ITF for a given MRF pulse sequence. Given the nature of the objectives, the experiments
reported were conducted with simulated data only.

In the second chapter the NN approach is tested on real acquired data and the training
procedure is modi ed accordingly to promote robustness to undersampling artifacts.

1.2 Background: introduction to Magnetic Resonance
Fingerprinting

1.2.1 General overview of the MRF framework

MRF is a quantitative MRI methodology that aims to retrieve multiple parameter maps
from a one-shot measurement. As every quantitative MRI methodology, it is divided into
two main steps: the MRI acquisition scheme, which involves pulse sequence design and k-
space sampling, and the reconstruction algorithm, aiming to map the acquired sigra(t)

to the MR parameter space {1, T2, Bo, B], etc...). The latter step is mathematically well
described by the concept of the Inverse Transfer Function (ITF), and the goal of the algorithm

Is to perform an inverse mapping to map the acquired signal to the MR parameter space.

Considering the main di erences between conventional gMRI and MRF is helpful to
understand the MRF methodology. In Fig. 1.1 a schematization of conventional gMRI (left
box) and gMRI based on MRF (right box) is presented. Let us consider the general problem
of producing a MR parameter map from an MRI acquisition. Let us not consider the k-space
sampling scheme and let us focus on the application of a pulse sequence to voxels containing
di erent tissues.

Let us sayx is the acquired MR signal, withx 2 C", wheren is the size of the acquired
signal, and let us sayp 2 R™ to be a m-ple in the MR parameter space, where m is the
number of parameters such a$,, T,, Bg ect.

Applying a pulse sequence to a system characterized by MR parametgosgenerates a
function g(p) that maps p into the output signal x. Quantitative mapping appliesg * to
the acquired signalx to obtain p.

Inverse mapping is strongly related to pulse sequence design. In conventional quantitative
mapping pulse sequences have usually been designed so that the evolution of the magnetiza-
tion is described by an analytic function of the MR parameters, that is an analytic form of
d(p). Examples are the Inversion Recovery (IR) sequence fof mapping, and Carr-Purcell-
Meiboom-Gill (CPMG) sequence forT, mapping, in which a mono-exponential model or a
multi-exponential model are used to describg, and for the multi-exponential case an Inverse
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Figure 1.1: Schematization of the conventional approach (left box) to MR parameter mapping
and the Magnetic Resonance ngerpinting approach (right box).
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Laplace Transform is commonly used to obtaif; and T, distributions from the acquired
signals [17,20]. For example, left box in Fig. 1.1 schematize the framework gr mapping
using a multi-echo sequence (i.e. a CPMG sequence). With this way of performing parameter
mapping only one parameter at a time can be acquired, so that if one wants to obtaln,

T, and By maps three pulse sequences have to be run. Moreover, uctuations due to noise
heavily impact on the accuracy of the tting procedure, which requires to repeat measure-
ments and averaging them to damp the noise. However, between repeated measurements, the
equilibrium magnetization has to be restored, so that at least a minimum time is required
before repeating the measurement. All of these are critical drawbacks in the context of MR,
that limits the clinical feasiblity of quantiative MRI.

In MRF (see right box in Fig. 1.1), the pulse sequence is designed to make the magneti-
zation evolution sensitive to multiple parameters simultaneously using variable FA and TR
patterns, providing a ngerprint-like signal evolution for a particular tissue. This makes hard
to model the transfer functiong(p) (and consequentlyg (p)) with analytic functions. In
such a scenario, template matching with a precomputed dictionary can be used to overcome
the lack of an analytic model for the ITF. The output of the transfer function can be sim-
ulated for a m-ple of MR parameters; using the Bloch equations, to obtain an estimated
0(p;)- Hence, for a given MRF pulse sequence, a dictionary is built by sampling a set of MR
parametersP = fp,;p,;::;p,0, wherep 2 R™. Then, the simulations of the Transfer Func-
tion related to that pulse sequence are stored into a dictiona® = fg(p,); 9(p,); :::;0(p,)0,
wherel is the length of the dictionary andd{p;) 2 C". When real data are acquired from a
voxel, the signal is described bg(pst) wherepgr indicates the ground truth MR parameter
vector characterizing the voxel tissue. The dictionary-based approach mag&gr) into D
by computing the nearest neighbor betweeg(psr) and eachdtp;) present inD according to
a similarity measure, which is usually the dot product. The MRF approach to quantitative
mapping substantially improves limitations of conventional mapping. With one acquisition
it is possible to obtain information about multiple parameters. Since MR parameters are
acquired simultaneously, maps are already registered to each others and all of them have the
same resolution. In conventional mapping, because di erent pulse sequences have di erent
limits and acquisition times it is very common that even when multiple parameter maps are
acquired they have di erent resolution and ideally they have to be co-registered.

1.2.2 MRF pulse sequences and k-space sampling

The MRF framework does not impose strict constrains on designing pulse sequences, as long
the primary goal of di erentiate tissues as much as possible is mantained. The design of
the sequence determines the acquisition e ciency, the properties that can be estimated and
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their accuracy, and the corresponding clinical application. Two main types of sequences
have been developed for MRF, they are the IR-bSSFP [75], and the IR-FISP [59]. The rst
sequence is characterized by high SNR and it is highly sensitive Tg, T, and o -resonances
caused byB, eld inhomogeneites, but it su ers from banding artifacts when a wide range
of o -resonance spins are present in the Field of View (FOV). The IR-FISP sequence has
been proposed to limit the sensitivity to o -resonances to eliminate banding artifacts adding
an unbalanced gradient moment at the end of each TR. An unbalanced gradient produces a
phase twist within each voxel, thereby it retains signal coherence and it reduces the sequence
sensitivity to o -resonance. However, this comes at cost of lower SNR compared to the
IR-bSSFP sequence, and it is not sensitive tBy. All the sequences are usually inversion
recovery-prepared, with this meaning that an inversion pulse (i.e. ip angle of) is added

at the beginning of the sequence to increadg sensitivity. Generally FAs vary from 10 to 60
degrees, and TRs are in the order of 9-13 ms.

Since the MRF framework requires many images to be acquired in a single-shot measure-
ment, with TR in the order of ten milliseconds, the image readout needs to be short, in the
order of few ms. With this aim, the k-space is severely undersampled. Reconstructing the im-
age from such undersampled k-space produces an image heavily corrupted by undersampling
artifacts, where the type of the artifacts is characterized by the undersampling scheme used.
Most MRF applications use a variable-density spiral trajectory to sample the k-space [59,75],
but radial and Cartesian trajectory have been used as well [4,32]. To ensure that all the
k-space is eventually sampled during the acquisition, the k-space trajectory used for the rst
TR is then rotated in the following TR and so for the next TRs, so that during time all the
k-space frequencies are acquired. In Fig. 1.2 examples of spiral k-space sampling trajectories
are reported to illustrate how the k-space is sampled during time, how the reconstructed
images look like and tissue signals appear.

1.2.3 Dictionary generation and pattern recognition algorithm

The MRF dictionary contains simulated signals generated using a pre-de ned set of combina-
tions of MR parameters. The MR parameters that can be included in the dictionary clearly
depends on the sensitivity of the MRF pulse sequence used for acquisition. The range of MR
parameters should cover the broadest possible range of physiologically relevant parameters.
Generally, the dictionary has to be computed only once for each pulse sequence, and it can
be applied to every acquisition that uses the same MRF sequence. This is not true for some
cardiac applications to MRF, where the dictionary has to be dynamically adapted to the
subject [52].

As last step of the MRF framework, each acquired ngerprint is matched to the dictio-
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Figure 1.2: Summary of k-space sampling paradigm in MRF and his e ect on the signal.
(a) Example of spiral trajectories: during readout only one spiral interleave is acquired, and
successive TRs have the same spiral interleave but rotated with respect to the previous TR.
(b) Example of reconstructed images from k-space undersampled data. (c) Simulated signals
for WM, GM and CSF tissues. (d) Real acquired signals for WM, GM and CSF tissues are
heavily a ected by undersampling.

Figure 1.3: Original pattern recognition pipeline proposed in [75], based on template match-
ing using the scalar product as metric of similarity. The Figure is taken from [13]
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nary using a pattern recognition algorithm. The standard and most validated approach uses
a nearest neighbor algorithm using the scalar product as metric of similarity. The scalar
product has been demonstrated to be both accurate and very robust to undersampling arti-
facts, providing that those artifacts are spatio-temporally incoherent and incoherent with the
ngerprint time course [99]. The algorithm, which is schematized in Fig. 1.3, evaluates the
complex scalar product between the normalized voxel ngerprint and each dictionary entry.
The dicionary entry that presents the maximum absolute value is selected as best match and
the corresponding MR parameter set is assigned to that voxel.

1.3 Background: the curse of dimensionality in MRF

The main drawback of the dictionary based approach is that the number of dictionary entries
scales rapidly with the number of MR parameters encoded into the dictionary, according to
the curse of dimensionality [10]. Adding a new parameter to be retrieved with MRF without
a ecting the resolution of the dictionary leads to an exponential growth of the number of
entries to be inserted into the dictionary.

Since both computational and memory usage limitations have to be taken into account,
the number of entries needs to be kept under control, especially for clinical application
where the parameter maps have to be generated rapidly. Simply reducing the number of
entries increases the sparsity of the dictionary, which in turn can produce high biases in
nearest neighbor algorithms [45], especially when they are applied to high dimensional data
spaces, such as in MRF where usually signals are represented by 1000-dimensional vectors.
Finding ways to speed-up or keep feasible the matching procedure in clinically acceptable
times is therefore very important. Several methods have been proposed to overcome these
limitations and they can be grouped in non-deep learning-based methods and deep learning-
based methods.

1.3.1 Dictionary k-SVD Low-rank Approximation and Group Match-
ing

The rst algorithm for solving the problem related to a big dictionary was proposed by
McGivney et al [82]. The method consists in performing a low-rank approximation of the
dictionary using the SVD along the time dimension. Singular vectors are ranked according to
their energy ratio, and only the rst k of them are kept to create a k-dimensional subspace.
The dictionary is then projected into this subspace and also the real acquired ngerprints so
that the matching is performed in a lower-dimensional space, which speed up the process.
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A formal description of k-SVD low-rank approximation is here given. Let us give a matrix
of simulated MRF signalsD 2 R" t, wheren is the number of tissue entries and is the
number of time points. The SVD decomposition of such a matrix i® = USV >, whereU is
ann n matrix and V is at t matrix, and their columns correspond to the left and right
singular vectors ofD, respectively. S is a diagonal matrix containing the singular valuesP

= DV isann t matrix that is the projection of D in the base of the right singular vectors.
Then, only the rst k columns ofP are taken. In the work of McGivney et al values ok
for MR ngerprints with 1000 time points were 25 for the IR-FISP sequence (3.4 speed-up
factor) and 200 for IR-bSSFP sequence (4.8 spped-up factor).

Yang et al [110] proposed randomized SVD to bypass the need of computing the whole
dictionary in advance, which can be itself a challenge when the number of MR parameters
included in the dictionary increases. On top of this they proposed to take advantage of
the smoothness of the MR parameter dimension in the randomized SVD space to further
reduce the size and computation time of the dictionary. The tissue-property dimension of
the randomized SVD space of a coarse dictionary is tted to a polynomial hypersurface,
which is then used to estimate the MR parameters at ner resolution.

Cauley et al [28] proposed a fast group matching approach to speed-up computational
time for the matching procedure. Dictionary entries are grouped based on correlation, and
a representative ngerprint signal for each group is calculated based on the mean of all the
atoms within the group. Once the dictionary has been separated into groups the correlation
between the voxel ngerprint and each group's representative ngerprint is rstly computed.
Secondly, groups are pruned, based on relative or absolute correlation threshold and SVD
low-rank approximation-based matching is applied on the atoms from the remaining groups
to identify the voxel MR parameters. The speed-up factor found in the original work was of
70.

For all of these methods there is a trade-o between accuracy compared to the standard
nearest-neighbor approach and speed-up factos. Moroever, speed-up factors are dependent on
the MRF data (i.e. IR-FISP or IR-bSSFP data), dictonary size and reconstruction parameters
(i.e. k in k-SVD and numbers of groups in group matching approach). Hence, they can vary
across di erent applications.

1.3.2 Deep Learning approaches

NN approaches have been proposed to overcome limitations of MRF related to dictionary
size. The rationale is that given a training data sel = fg(p,); 0(p,);:::;0(py)g, built by
Bloch equation simulations, an NN approximation of the inverse transfer functiog 1(S(t)),
de ned § (S(t)), can be learned [56]. Once trained, an MRF voxel sign8t) is the input to
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the NN model, which appliesg*1(S(t)) to retrieve f, an estimate ofpg. Being a regression
procedure, the model can correctly predict unknown examples, depending on how well it has
been trained, avoiding the issues of the template-matching approach. Moreover, a strong
mathematical rationale exists behind these applications. For example Hornik demonstrated
that standard multilayer feedforward networks are capable of approximating any measurable
function to any desired degree of accuracy [56].

Several works have investigated the application of neural networks to MR Fingerprinting,
using di erent type of architectures ranging from CNNs to recurrent neural networks (RNNS).

Virtue et al. [104] train both a real and a complex-valued NN to estimatd,, T, and Bg
o -resonances from a 500 time point ngerprint given as input, produced by an IR-bSSFP
sequence. The work was carried out only with simulated data. The main focus of this paper
was to investigate whether a complex-valued NN is better than a real-valued net. The MR
parameter space was sampled using uniform random sampling. No noise was added during
training, while white Gaussian noise with SNR = 40 dB was added to test performance.

Hoppe et al. [53] trained a CNN with 3 hidden layers to predicf, and T, parameters
given a 3000-time point ngerprint as input, produced by an IR-FISP sequence. The NN was
trained with simulated data. The MR parameter space was sampled using grid sampling. No
noise was added, during either the training or the testing phases.

Cohen et al. [33] trained a neural network composed of 2 fully-connected hidden layers to
predict T, and T, parameters. The pulse sequences used in this work were an optimized EPI-
MRF sequence [34], composed of 25 pulses, and an IR-FISP sequence with a sliding-window
reconstruction [27] to reduce undersampling artifacts. The NN was trained with simulated
data, and the MR parameter space was sampled with uniform grid spacing. White Gaussian
noise with zero mean and 1% standard deviation was added during the training procedure.
The work presents tests both on simulated and on real data.

Balsiger et al. [6] trained a CNN to predictT;, T, and PD using an optimized IR-FISP
sequence given a 4D spatio-temporal patch as input. In particular, the authors wanted to
take advantage of the neighboring pixels during reconstruction. They designed the NN to
process 5 5 patches in order to predict the MR parameter of the ngerprint in the center
of the patch. The training phase was carried out using real data: six brains were scanned
with MRF as well with standard protocols to obtain ground truth maps. A leave-one-out
cross-validation procedure was used to train and test performance.

Fang et al. [39] designed a two-step deep learning model which included: rst, a feature
extraction module using a FCN to perform dimensionality reduction on the time domain;
second, a spatially-constrained quanti cation module using a CNN to directly estimaté,
and T, MR parameter maps. Training was carried out using acquired in-vivo brain data,
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while T, and T, maps obtained using the standard dictionary approach were used as ground
truth maps. The experiment was conducted using théR  FISP pulse sequence
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Chapter 2

Setting the Deep Learning Application
by Means of Simulated Experiments

2.1 Introduction

In this chapter the NN approach is rstly set up and tested by means of simulations. The
ability of NNs to generalize in relation to the method used to sample parameter space, ei-
ther uniform random sampling or grid sampling, a factor of known importance [100], [90]
Is investigated. Noise robustness is investigated by using di erent strategies to add white
Gaussian noise to MRF training signals. To show the generalization ability of the NN ap-
proach and how it scales with the number of predicted MR parameters, in comparison with
the dictionary approach, the NN has been applied to di erent MRF pulse sequences. They
are: the IR-FISP, its variant for B] estimation [25], the IR-bSSFP and a modi cation of it to
simultaneously estimateTy, T,, Bo 0 -resonances andB; eld inhomogeneities. A numerical
brain phantom was used to assess the performance of the NN and the standard dictionary
approaches in reconstructing MR parameter maps. Moreover, robustness to undersampling
was studied by using di erent degrees of acceleration factor using radial sampling.

2.2 Methods

2.2.1 MRF pulse sequences and simulations

The simulations were performed using four MRF pulse sequences: the MRF IR-FISP pulse
sequence as described in [59] that encodBsand T,, and its variant, IR-FISP B1, which
accounts forB; inhomogeneity by adding abrupt ip angle changes as described in [25]; the
MRF IR-bSSFP as described in the original MRF article [75], which encodéls, T, and
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By 0 resonance, and a modi cation of it, IR-bSSFPB, to take B; eld inhomogeneities
into account. The latter sequence adds abrupt changes to the end of the IR-bSSFP sequence,
following the same criterion used for the IR-FISHB ; sequence. Flip angle and time repetition
patterns are depicted in Fig. 2.1.

All sequence simulations were carried out using MATLAB (MathWorks). The Bloch
equations were used for IR-bSSFP-type sequences, while the Extended Phase Graph (EPG)
algorithm [61] was used for IR-FISP-type sequence simulations.

Figure 2.1: MRF pulse sequences used to generate the synthetic signals.

2.2.2 Noise

The noise a ecting the MRF signal was modeled as white Gaussian noise, whose variance
is expressed in terms of Signal to Noise Ratio (SNR). SNR has been de ned in two ways as
reported in equations 2.1 and 2.2. In Equation 2.1Psgna and Pneise represent the average
power of the MRF signal and the noise respectively, arté(signal) indicates the expectation
value of the MRF signal. Equation 2.2 is used when noise is added to a brain numerical
phantom. In this case, following [112Ag4na indicates the average signal intensity within a
region of white matter in the rst image of the MRF time series, while ,se represents the
standard deviation of the noise.

Equation 2.2 expresses SNR in decibels (dB), but in this work all SNRs are expressed
in linear scale by applying the proper conversion. The de nition of SNR used during the
di erent experiments of this work has been indicated explicitly in the corresponding sections.

I:)signal - E (Signal)

. 2
PI’]OISE noise

SNR = (2.1)

SNR =20 log,, Asignal (2.2)

noise

Only white Gaussian noise was used as a noise model in the experiments reported in this
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chapter, since it is the most common noise model for NMR simulations, and it is widely used
in MRF literature [31], [112], [97], [33]. As the simulated MRF signal is a complex signal,
identically distributed Gaussian noise was added both to the real and imaginary parts. This
indeed simulates two-channel acquisition, and preserves the Rician distribution when the
magnitude of the signal is considered [50].

2.2.3 Fully Connected Neural Network models

The Deep Neural Network application was developed using the Python package Keras with
the TensorFlow [1] back-end.

Figure 2.2: NN architectures for model M1 (left box) and model M2 (right box). The two
models are fully connected NNs with the Recti ed Linear Unit (ReLU) used as a neuron
activation function for hidden layers, while a linear activation function has been used for the
output layer. Blue boxes represents layers and the numbers inside indicate the number of
neurons. Model M1 has been used for IR-FISP and IR-FISB; pulse sequences, whereas
model M2 has been used for IR-bSSFP and IR-bSSHP, sequences.

Two NN models have been de ned: one architecture to process IR-FISP data, and another
architecture to process IR-bSSFP data. Both of them are feedforward nets with 9 fully
connected layers, and the Recti ed Linear Unit (ReLU) has been used as the activation
function for the neurons in the rst 8 layers, while a linear activation function has been
chosen for the output layer. The NN architectures are reported in Fig.2.2. M1 takes the
magnitude of the complex MR signal produced by an IR-FISP or IR-FISEB; sequence as
input, while M2, which is used to estimateB,, takes as input the concatenated real and
imaginary parts of the complex MR signal produced by the IR-bSSFP or IR-bSSFB,
sequences. The output layer size matches the number of MR parameters to be estimated.
These are:T; and T, for IR-FISP; Ty, T, and B for IR-FISP By; Ty, T, and B, for IR-bSSFP
and Ty, T, Bp and B for IR-bSSFP B, where B indicates stationary eld o -resonances,
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and B indicatesB; excitation eld inhomogeneities expressed in terms of a correction ratio,
for which 1 represents the nominal ip angle.

Preliminary experiments, not presented in the current work, in which di erent network
sizes, batch sizes and learning rates were tested, have guided the architectures selected.
However, it is useful to highlight some of the motivations that have driven the design of
the NN model architectures described above. A bottleneck shape was selected for two main
reasons. The rst is to avoid an exploding number of model parameters: many layers lead
to over tting, since fully connected layers with large number of neurons rapidly increase the
number of model parameters. The second is that a bottleneck shape forces the network to
encode more meaningful representations the deeper is the layer considered [72]. Hence, xed
the number of hidden layers to seven, the size of the rst hidden layer was selected to have
around the same number of entries as the expected input, which is a 1D vector of length
1000 for model M1, and in each successive layer the number of neurons was halved. Further
trials were performed by doubling all the number of neurons in every layer and by halving
the number of neurons per layer. We saw that increasing the NN size did not signi cantly
increase the performance of the NN model, whereas halving the size of the NN decreased its
performance. The same criterion was used for model M2. Hence, the architecture used for
IR-bSSFPs sequences works well even for IR-FISPs sequences, whereas the contrary does not
hold. However, because computational time decreases as the size of the network decreases,
the smallest architecture has been selected for IR-FISPs sequences.

The training procedure was supervised, using the Mean Squared Error (MSE) between
NN estimated parameters and ground truth parameters as loss function, and the Adam
algorithm [63] was used for model weight optimization. In particular, 500 epochs with 1000
gradient steps for each epoch were used, with a xed batch size of 500. Initial learning rates
of 3 10 °, for model M1, and 1 10 4, for model M2, were used. The application was run
on a cluster with 16 dual-core CPUs.

2.2.4 Training strategies: training sets, test sets and data aug-
mentation

A very important step in building an NN application is the training procedure. While
the selection of the NN architecture sets the model complexity, the goal of the training
procedure is to perform model regularization [48] to promote the learning of the target
function while preventing over tting on unseen data. Training data set creation [100], [90]
and data augmentation through added noise [103] are important forms of model regularization
especially when data can be simulated, as in the case of MRF. The sampling and data
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Model Sequence  Set Label T1 (Ms) T2 (Mms) Bo (H2) B; Count

M1 IR-FISP R1 [10 4000] [1 3000] 0 1 75 565
G1 [10 4000] [L 3000] 0 1

M1 R-FISP B, R2 [10  4000] [1 3000] 0 [05 15 o) 47e
G2 [10  4000] [1 3000] 0 [0.5 1.5]

M2 IR-bSSEP R3 [10  4000] [1 3000] [-400 400] 1 175 041
G3 [10  4000] [1 3000]] [-400  400] 1

M2  IR.SSEP B, R4 [10 4000] [1 3000] [-400 400] [05 15] ,osceg
G4 [10 4000] [L 3000] [-400  400] [0.5 1.5]

Table 2.1

Summary of the training sets used to train the NN models. For G labeled sets, the
parameter spaces were sampled using the following grids, imposing the constrdink T ;.

*) T, and T, were incremented with steps of 10 ms; **T, = [10:10:800, 850:50:1000,
1100:100:2000, 2500:500:4000] rig,= [1, 10:10:300, 350:50:1000, 600:100:1000,
1500:500:3000] ms anB; = [0.5:0.02:1.5]; ***) T, = [10, 20:20:500, 600:50:1000,
1100:100:2000, 2500:500:4000] ritg,= [1, 10:10:500, 550:50:1000, 600:100:1000,

1500:500:3000] ms anB, = [ -400:50:150, -100:10:-70, -60:2:60, 70:10:100, 150:50:400] Hz;
*krx)  T; = [10, 20:20:300, 350:50:500, 600:100:1000, 1250:250:2000, 2500:500:7960]1,
10:10:300, 350:50:1000, 600:100:1000, 1500:500:3000Bgs. [-400:50:150, -100:10:-70,
-60:2:60, 70:10:100, 150:50:400] Hz aBd = [0.5:0.1:1.5].

augmentation strategies are described below.

Parameter space sampling, random uniform and grid sampling

To assess how well the network models learn the ITF depending on the training set distri-
bution, two training sets of the same size were generated for each pulse sequence: a random
uniform set, in which parameter space is sampled using a random uniform distribution; a
gridded set, in which parameter space is sampled with a variable mesh grid.

Table 2.1 summarizes the training set characteristics, where labRBl refers to random
sampling, whereas labeG refers to grid sampling.

Data augmentation and preprocessing

Three data augmentation strategies were tested, by training the NN models with di erent
noise adding procedures:

W/O Noise: using no data augmentation during training, which means that only noise-
free examples are fed to the NN models, as in reference [104];
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Fixed variance feeding the NN with noisy inputs a ected by noise with 1% standard
deviation, equal to a variance of 10%, as in reference [33]. This means that the network
during the training sees just one xed SNR given a set of MR parameters;

Variable variance feeding the NN with inputs a ected by noise with di erent variances,
expressed in terms of SNRs. For each training batch, a vector of SNRs was generated
by randomly sampling the SNR values in the range 2 to 100, so that the batch contains
data with di erent SNRs, and the variances of the noise added to the batch examples
are estimated using equation 2.1.

The data augmentation step was done on-line. Hence, given a training set, it was unnec-
essary to store any new data either in hard or in ash memories to carry out the three data
augmentation strategies. After the data augmentation step, each input was then normalized
to unit norm.

For each model, the performance in predicting an MR parameter was estimated in terms
of Mean Absolute Percentage Error (MAPE) and Mean Percentage Error (MPE) of the
predicted parameter, evaluated on a test set composed by 30000 ngerprints generated using
the same pulse sequence used for the training procedure, and sampling parameter space with
a random uniform distribution. To test noise robustness, the prediction procedure described
was repeated giving each model data with dierent SNRs = [3, 5, 10, 20, 30, 40, 50, 60,
70,80, 90, 100]. Moreover, to assess the variance of the MAPE and MPE as a function of
the SNR, for each noise level the operation was repeated 10 times. The MAPE and MPE
standard deviations were considered as a measure of variability. The MAPE was computed
following equation (2.3), whergfy is the estimated parameter value, whilgy is the ground
truth parameter value andN is the number of examples considered. The MPE was computed
according to equation 2.2.

Other error measurements used in this chapter are the Absolute Error (AE) and the
Root Mean Squared Error (RMSE) de ned in equations 2.4, 2.5 and 2.6 respectively. Lin's
concordance coe cient ( ;) [74] has been also used as quantitative measure of agreement.

X
MAPE @)= ™ P4 100 (2.3)
= P
X
MPE @)= ™ P 499 (2.4)
e Pk
AE = P (2.5)
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)’ (2.6)

2.2.5 Numerical Brain Phantom Simulations

Figure 2.3: Quantitative brain maps computed from the Multi-Modal MRI Reproducibility
Resource: (a)T; (ms), whereT; values from 3000 ms to 4000 ms are shown as equal to 3000
ms; (b) T, (ms), whereT, values from 300 ms to 2500 ms are shown as equal to 300 ms; (c)
Bo (Hz), where B, values less tharj500 Hz are shown as equal t§10J Hz ; (d) B; .

Realistic T;, T», Bo and B] maps where obtained by processing real acquisitions down-
loaded from the Multi-Modal MRI Reproducibility Resource repository. Landman et al [70]
performed MRI acquisitions with standard quantitative protocols at 3 T: variable ip angle
(VFA) imaging for T, mapping; double echo time imaging fol, mapping; two sequential 2D
gradient echo with di erent echo times forB, mapping and Actual Flip-Angle Imaging (AFI)
for B mapping. The in-vivo brain images acquired with these protocols were then processed
with MATLAB to obtain the quantitative maps. In particular, the gMRLab software [26]
was used to process the VFA applyin8; correction, sinceB; is known to be a confounding
factor for the estimation of T in VFA imaging [22]. Once obtained, these quantitative maps,
reported in Fig. 2.3, were used as ground truth to simulate the MRF acquisition at the
single pixel level, using the four pulse sequences described in section 2.2.1. Complex white
Gaussian noise was added to simulated data using the SNR de ned in equation 2.2.

It is worth pointing out that all MR parameters have been encoded in the MRF simula-
tions. Hence, theB; map was taken into account for all four sequences; in the IR-FISP and
IR-FISP B4, By was not be considered because it was not encoded by the sequence, while in
the IR-bSSFP sequenceBj is encoded and thus it has been considered in the simulations.

For each pulse sequence, the parameter maps were reconstructed by processing MRF data
with both the trained NN models and the usual dictionary method based on the dot product.
For this latter algorithm, the data sets G1, G2, G3 and G4 were used as dictionaries for the
corresponding pulse sequences. Moreover, four dictionaries with around 400000 entries each
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have been created to test the performance of the dictionary approach with dictionaries with
higher resolution than the data set G1, G2, G3 and G4. MAPE and RMSE have been used
as global measures of reconstruction quality, whereas the AE is used as a local measure. To
have a complete overview of the performance, all three errors must be assessed. MAPE gives
information about the mean relative error of parameter estimation, which has the advantage
of giving an immediate sense of global performance, but it can be misleading when very
small values, such a8, o0 -resonances, are taken into account because small absolute errors
give high relative errors. In such cases, a more reliable global measure is the RMSE, which
expresses a global error in the same unit of measurement as the parameter considered. It is
also interesting to check a measure of the local error such as the AE, because it can be used
to assess whether the error has a spatially uncorrelated distribution in the image or whether
it shows spatial structure.

MRF undersampled acquisitions have been simulated using radial k-space sampling with
di erent degrees of acceleration factor R that, for an acquired matrix of siz&1 M, is
de ned according to equation 2.7: "

R = N (2.7)
where N is the number of radial spokes used to sample k-space. The numerical brain phantom
has a matrix size of 256 x 256, hence in this case M = 256. The performance in reconstructing
the GT parameter maps using the NN and the dictionary approaches was evaluated for R
= [0, 6.25, 12.5, 25, 50, 100, 200, 400]. Between dierent TRs, the radial trajectory is
rotated with a golden angle increment [109]. Since the aim of the experiment is to test
robustness against artifacts introduced only by the undersampling, no white Gaussian noise
was added during the simulations. The IR-FISHB; and the IR-bSSFP sequences were used
for this experiment. It is worth pointing out that in this case for the IR-bSSFP sequence
B; has not been taken into account during simulations to avoid errors introduced by not
estimating B; . Moreover, high-resolution dictionaries (of around 400000 entries) were used
to avoid errors introduced by dictionary quantization. Part of the Matlab code used for
these simulations was taken from the freely available MRF reconstruction toohitps://
bitbucket.org/asslaender/nyu_mrf_recon ), described in more detail in [4]. For each TR,
the fully sampled MRF image is retrospectively undersampled and then reconstructed using
Je rey Fessler's NUFFT implementation with min-max interpolation [43].

In Fig. 2.4 examples of image reconstruction are reported for the di erent acceleration
factors used. An example of the noise introduced in the MRF signal only due to undersam-

pling is reported in Fig 2.5.
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Figure 2.4: Imaging frame # 1 (i.e. corresponding to the rst TR) for the simulated ac-
quisition of the numerical brain phantom using the MRF IR-FISPB; sequence for di erent
acceleration factors. Aliasing artifacts increase when R increases.
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Figure 2.5: Example of a MRF IR-FISPB; signal for a pixel in the white matter region of
the numerical brain phantom for di erent degrees of undersampling.

2.3 Results and Discussion

2.3.1 Training data distribution: Grid Vs Random sampling

The results of the training step of the NN models, fed with noiseless training examples and
sampled using random and grid sampling, are summarized in Fig. 2.6, where training and
test losses are plotted as a function of the training epoch.

For model M1, which processes IR-FISP-type data, there is a strong overlap of the training
and test losses as clearly visible in Fig. 2.6 (a) and (b), indicating a good overall training
phase, with no over tting using either grid or random sampling. In contrast, for model M2,
which processes IR-bSSFP-type data, the training losses using grid sampling are about one
order of magnitude lower than the random counterparts, but test losses do not improve as
shown in Fig. 2.6 (c) and (d), indicating that NN is over tting the training data set. Hence,
model M2 trained with grid-spaced sampling over ts the training set.
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Figure 2.6: Comparison of the training and test loss functions for the four NN models trained
with random sampled and grid sampled training data sets.
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