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ABSTRACT

Magnetic Resonance Imaging (MRI) is becoming an increasingly popular medical ima-
ging method due to its potential for acquiring images from soft tissues noninvasively and
with multiple contrast mechanisms. Although it is 50 years old, researchers continue to
develop this technology towards better tissue characterization and image quality enhance-
ment. In particular, signal-to-noise (SNR) enhancements have been a focus of research
due to the inherently limited SNR in biological systems. Several noise removal methods
have been developed, in which the Marchenko-Pastur PCA (MP-PCA) has been gaining
increased attention for its effectiveness in noise attenuation in MRI data with at least one
redundant dimension (repetitions for functional imaging, diffusion, etc.)

In this study, an Image Reconstruction Technique harnessing the MP-PCA distribu-
tion was developed for single and multichannel image denoising. Our results show that,
although dependent on the image and dataset conditions, in all performed experiments
SNR was successfully increased, suggesting an overall quality boost revealing more details
on the acquired images. Additionally, the simple data transformation to other domains,
namely k-space, may significantly improve the denoising performance when regridding is
required. Finally, we investigated how algorithm parameters, such as denoising window
sizes, could show additionally quality increase. Our study thus bodes well for further

denoising strategy developments in MRI.

Keywords: MRI, Marchenko-Pastur PCA, Denoising, SNR
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ReEsumMmo

A Ressonancia de Imagem Médica (MRI, do inglés Magnetic Resonance Imaging) é cada vez
mais um método de imagem médica utilizado na atualidade devido ao seu potencial na
aquisicao de imagens de tecidos de forma nao invasiva e com multiplos mecanismos de
contraste. Apesar de ter sido inventado ha 50 anos, os cientistas continuam a desenvolver
esta ferramenta de modo a obter melhores resultados na caracterizacao de diferentes
tecidos, bem como na qualidade das suas imagens. As melhorias na relagao sinal-ruido
(SNR, do inglés Signal-to-Noise Ratio), em particular, tém sido alvo de grande interesse
devido a sua presenga inerente e limitante em sistemas biologicos. Varios métodos de
remogao de ruido tém sido desenvolvidos, com particular destaque na distribuicao de
Marchenko-Pastur PCA (MP-PCA) devido a sua eficacia na atenuac¢ao de ruido em dados
provenientes de MRI, com pelo menos uma dimensao de redundancia (repeticoes em
imagem funcional, difusao, etc.).

No ambito desta dissertacao foi desenvolvida uma Técnica de Reconstru¢ao de Ima-
gem utilizando a Distribui¢ao de MP-PCA para remogao de ruido com aquisi¢ao de dados,
tanto através de uma como de multiplas bobinas. Os nossos resultados demonstraram que
em todas as experiéncias, apesar da dependéncia das condi¢oes de aquisicao da imagem e
do respetivo conjunto de dados, de uma maneira ou de outra, o SNR aumentou, sugerindo
um incremento geral da qualidade da imagem, revelando mais detalhes. Adicionalmente,
a simples transformagao para outros dominios, nomeadamente, do dominio da imagem
para o k-space, pode melhorar ainda mais o resultado quando regridding é necessario. Por
fim, investigadmos de que forma o tamanho da janela de remocao de ruido influencia o al-
goritmo, permitindo aumentar a qualidade do sinal. Este estudo permite boas indicagoes

para futuros desenvolvimentos de estratégias de redugao de ruido em MRI.

Palavras-chave: MRI, Marchenko-Pastur PCA, Remocgao de Ruido, SNR

xiii






CONTENTS

List of Figures xvii
List of Tables xxi
Glossary xxiii
Acronyms and Initialisms XXV
Symbols xxvii
1 Introduction 1
1.1 History and Motivation . . . . ... ... ... ... ... ........ 1

1.2 Publications deriving from thiswork . . . ... ... ... ... ..... 4

2 Theoretical Concepts 5
2.1 Introduction . . . ... ... ... ... 5
2.1.1 Main MagneticField . ... ... ... ... ... . ....... 5

2.1.2 Radiofrequency Coils . . . . . ... ... ... ... . 9

2.1.3 MR Image Formation . . . ... ... ................ 11

3 Pulse Sequences 19
3.1 TypesofSequence . .. ... ... ... ... ... ... 21
3.1.1 Echo Planar Imaging (EPI) . . . . . ... ... ... ........ 24

3.1.2 Other Pulse Sequences . . . .. ... ................ 26

4 Denoising Strategies 27
4.1 SNR Measurement . . . . .. .. ... . e 27
4.2 Denoising Strategies . . . . . . . ... ... 29
4.2.1 Principal Component Analysis (PCA). . . .. ... ........ 30

4.2.2 Marchenko-Pastur (MP) Distribution . . . . . ... ... ..... 30

5 Experimental Method 33

XV



CONTENTS

7

51 MRIProtocol . . . .. .. .. ..
5.2 Pipeline . . . . . .
5.2.1 K-Space Correction . . . ... ... ... ... .. .........
5.2.2 Ghost Correction . . . . .......................
5.2.3 Coil Combination . . . .. ... ... . ... ... . . ... ...
5.2.4 Marchenko-Pastur (MP) denoising . . . . ... ... ... ....
525 Regridding . . ... ... ... . L L oL o
5.2.6 Phase Unwrapping . . ... ... ... ... ... .........
5.3 MRI Pulse Sequences: Imaging Parameters . . . . . .. ... ... ....
Results
6.1 Experimental Data - Single Channel . . ... ... ... .........
6.1.1 Comparison between the vendor image and the denoised image
6.1.2 Denoising k-space vs image-space . . . . . . ... .........
6.1.3 Denoisingwindow . . ... ... ....... ... ... ...,
6.2 Experimental Data - Multichannel . . ... ... ... ..........
6.2.1 Comparison between the vendor image and the denoised image
6.2.2 Denoising k-space vs image-space . . . . . . ... ... ......
6.2.3 Denoisingwindow . . .. ... ... . ... 0 L.
Discussion
7.1 Single Channel Reconstruction . . ... ... ... ... .........
7.1.1 Comparison between the vendor image and the denoised image
7.1.2 Denoising k-space vs image-space . . . . . ... ... ... ....
7.1.3 Denoisingwindow . . .. ... ... ... ...
7.2 Multichannel Reconstruction . . . .. ... ... ... ..........
7.2.1 Comparison between the vendor image and the denoised image
7.2.2 Denoising k-space vs image-space . . . . . ... ... ... ....
7.2.3 Denoisingwindow . . . ... ... ... 0oL
7.3 Limitations . . . . . . ...

8 Conclusion

Bibliography

I

Annexes

Abstract Submission

Xvi

33
33
34
34
35
37
38
41
42

45
45
46
51
56
57
58
64
69

71
71
71
72
72
73
73
73
74
74

75

77

87



1.1

2.1

2.2
2.3
2.4
2.5
2.6
2.7
2.8
2.9

List OF FIGURES

[llustration about the Medical Image quality variables. . . . . .. . ... ..

Representation of the protons spin and the Magnetization vector, along with
agyroscopeanalogy.. . . . ... ... L L o
Schematics of Parallel state and Anti-Parallel state. . . . . . ... ... ...
Net Magnetization Mof asystem. . . . . ... ... .. .. ..........
The Zeeman Effect. . . .. ... ... ... .. ... ... .. . ... ...
[lustration of the excitation pulses. . . . . ... ... ... . ... ......
[lustration overview of Ty and T, decay. . . ... ...............
[lustration overview of Ty decay. . . . ... ... ... ... .........
Process of Slice Selection. . . . . . . ... ... ... ... oo L.

Different contrast levels obtained from different Pulse Sequences. . . . . .

2.10 Construction of a complex signal and image from their frequencies.

2.11 Schematics of how k-spaceworks. . . . . ... ... ... .. . L.

2.12 Different Waveforms with the same integral have the same Final Image. . .

2.13 Relationship between k-space location and spatial frequency and resulting

3.1
3.2
3.3
3.4
3.5
3.6
3.7

4.1
4.2
4.3

5.1

IMages. . . . . . . . .

Schematic representationof TRand TE. . . .. . ... ... ... ......
EPI k-space trajectory and corresponding diagram representation. . . . . .
GRE Sequence and corresponding Signal decay. . . . . .. ... ... ....
SE Sequence and corresponding signal decay. . . . ... ... ... ... ..
SEanalogy. . . . ... ... ...
Main Difference between EPI and other Pulse Sequences. . . .. .. .. ..
Diagram Examples of SE-EPIand GRE-EPI. . . ... ... ... ... ....

Noise distributioninan MRI. . . . . . . . . . . . . . .

Object noise distribution along k-space, image-space and magnitude.

Covariance matrix eigenvalue spectrum with MP Distribution superimposed.

Pipeline Schematics. . . .. .. ... ... ... ... ... . ... ...

17

20
20
21
22
22
24
25

28
29
31

34



LIST OF FIGURES

5.2 K-space and image before and after ghost correction. . . . . ... ... ...
5.3 Image before and after coil combination. . . . . . ... ... ... .. ... .
5.4 Image before and after denoising. . . . . . .. ... ... ... ... ..
5.5 2-D Regridding schematics. . . . ... ... ... ... ... .. ......
5.6 Regridding step (2) close-up - sampling distribution to Cartesian Grid.

5.7 Image before and after regridding. . . . . ... ... ... ... . ......

5.8 Real and phase image before and after unwrapping. . ... ... ... ...

6.1 Single Channel (SC): Comparison between Bruker and the Pipeline Recon-
struction (PR) image with respective histograms. . . . ... ... ... ...
6.2 SC: Comparison between Bruker and the denoised PR image with respective
histograms. . . . . . . ... L L
6.3 SC: PR image residuals and respective histogram of real, imaginary and mag-
nitude components. . . . .. ... L Lo o
6.4 SC: Comparison between Bruker and the regridded PR image with respective
histograms. . . . . .. ... .o L
6.5 SC: Real component of the unwrapped and regridded PR image with respec-
tive histograms . . . . . ... ... L L
6.6 SC: Image-space denoising with residuals and respective histograms.
6.7 SC: Image-space and k-space denoising with respective histograms.
6.8 SC: Data before denoising, after Image-space denoising and after k-space de-
noising with residuals and histograms. . . . . ... ... ... ... ... ..
6.9 SC: SNR quantitative maps for 3 cases: Original, after Image-space denoising
and after k-space denoising. . . . ... ... ...
6.10 SC: SNR histogram comparison between 3 cases: Original, after Image-space
denoising and after k-space denoising . . . . .. ... ... ... ...
6.11 SC: Plot of the SNR vs denoising Window Size in both parameters SNRy,p
and SNRgy at 3 different pipeline stages. . . . . . . ... ... ... .....
6.12 Multichannel (MC): SNR vs Denoising Window Size plot at 3 different Denois-
ing scenarios in both parameters SNRyj;p and SNRgy. . . . . ... ... ..

6.13 MC: Comparison between Bruker and the PR image with respective histograms.

6.14 MC: Comparison between Bruker and the PR image after denoising with re-
spective histograms. . . . . . . .. ... Lo L

6.15 MC: PR image residuals and the respective histogram of magnitude compo-

6.16 MC: Comparison between Bruker and the real component of the unwrapped
PR image with respective histograms. . . . . . ... ... ... ... .....
6.17 MC: Bruker and unwrapped PR image with respective histograms with b =
1200s/mm? . ...
6.18 MC: Image-space denoising with Residuals and respective histograms.

6.19 MC: Image-space and k-space denoising with respective histograms. . . . .

XxVviii

35
36
37
39
40
40
42

46

47

48

49

50

51

52

53

54

55

56

57
58

59

60

61

62

64
65



LIST OF FIGURES

6.20 MC: Data before denoising, after Image-space denoising and after k-space
denoising with residuals and histograms. . . . . . . ... ... ... ... ..
6.21 MC: SNR quantitative maps for the three cases: Original, after Image-space
denoising and after k-space denoising. . . . . ... ... ... ... ...
6.22 MC: SNR Histogram comparison between the 3 cases: Original, after Image-
space denoising and after k-space denoising. . . . . . .. ... ... ... ..
6.23 MC: Plot of the SNR vs denoising Window Size in both parameters SNRy,p
and SNRgy at 2 different Pipelinestages . . . .. ... ... ... ......

.1 Dataandresiduals. . . ... ... ... ... ... . ... . . ..
I.2  Quantitative signal to noise calculation for every voxel. . . ... ... ...
I.3  Signal to noise histograms clearly reveal the improvement in k-space denoising

over the conventional image based denoising. . . . . ... ... ... .. ..

Xix

66

67

68

69

90
90

91






6.1
6.2
6.3
6.4

List oOF TABLES

SC: Summary Table of the SNR throughout the pipeline. . . . . . .. .. ..
SC: Summary Table of the Image-space vs k-space Comparison. . . . . . . .
MC: Summary Table of the SNR throughout the pipeline for different b values.
MC: Summary Table of the Image-space vs k-space Comparison. . . . . ..

poel

50
55
63
68






k-space

Larmor Frequency

Precession

Reception

Shimmming

Spin Isochromats

Voxel

GLOSSARY

Time constant that describes the recovery of the Magnetization lon-
gitudinal component M,, back to the same state it was before the
excitation 11, 12, 23

Time constant that describes the decay of the Magnetization trans-
verse component M, due to accumulated spin phase differences 10,
11,12, 23, 24, 26

Time constant that describes the decay of the Magnetization trans-
verse component M, due to accumulated spin phase differences and

spatial magnetic field inhomogeneities 11, 23, 24, 25

Describes MRI data acquisition, as each k-space point contains spa-
tial frequency and phase information about all pixels in the final
image 14, 20

The resonant frequency of a spin within a magnetic field 7
Rotation of an object around its vertical axis 7

Process of receiving the energy differential AE arising from the
excess high energy state spins returning to the lower energy state
10

Term originated from Shimming Coils which are EM coils that com-
pensate for inhomegeneities in B 21

Collection of nuclear spins processing at the same frequency 10

Three dimensional volume element and basic sampling unit of an
MRI 23

xxiii






BOLD

CSF
CT

dMRI

EM
EPI

FFT
FID
fMRI

GRE
GRE-EPI

MP
MP-PCA
MR

MRI

PCA

PET
PR

ACRONYMS AND INITIALISMS

Blood-Oxygen-Level-Dependent 2, 3, 23, 25

Cerebrospinal Fluid 23
Computed Tomography 1, 3, 38

diffusion MRI 37

Electromagnetic xxiii, 1, 5, 9, 21
Echo Planar Imaging 4, 24, 25, 26, 33, 34, 38, 41, 42, 43, 53, 58, 72

Fast Fourier Transform 13, 15, 38
Free Induction Decay 10, 24, 25
functional Magnetic Resonance Imaging 2, 3, 23, 25, 42, 75

Gradient-Echo 21, 23, 26
Gradient-Echo EPI 25

Marchenko-Pastur 3, 31, 51, 71, 72,73, 74,75

Marchenko Pastur-PCA 4, 31, 51,71, 72,75,76

Magnetic Resonance 1, 3, 8,9, 10, 11, 12, 13, 14, 15, 16, 19, 21, 23, 24, 25, 29,
37

Magnetic Resonance Imaging 1, 2, 3,4, 5,6, 7,9, 11,12, 15, 16, 19, 24, 25, 26,
29, 30, 31, 41

Principal Component Analysis 3, 29, 30, 31, 71
Positron Emission Tomography 1, 3
Proposed Reconstruction 46, 47, 48, 50, 58, 59, 62,71, 73

XXV



ACRONYMS AND INITIALISMS

RF Radiofrequency 3, 5, 9, 10, 13, 14, 19, 20, 21, 23, 24, 26

RMT Random Matrix Theory 30, 31, 72

RO Readout 14, 24, 34

ROI Region Of Interest 27, 28, 58, 61

SE Spin-Echo 21, 22, 23, 26

SE-EPI Spin-Echo EPI 25

SNR Signal-to-Noise Ratio 3, 16, 27, 28, 30, 33, 36, 41, 43, 45, 46, 47, 51, 53, 54,
55, 56, 57,59, 60, 64, 65, 67, 68, 69,71,73,74,75

SVD Singular Value Decomposition 30, 31, 34

TE Echo Time 19, 21, 26, 42

TR Repetition Time 19, 21, 42

XXvi



Magnetic Field 21, 22
Static Magnetic Field xxiii, 7, 8, 11, 21, 25

Cartesian Grid with Size W x W 38, 40
Kaiser-Bessel Window 38, 40

Net Magnetization 7, 8, 9, 10
Longitudinal Magnetization xxiii, 10, 19
Transverse Magnetization xxiii, 10, 11, 21

Signal Phase 41

Signal Magnitude 27, 41

Xxvii

SYMBOLS






INTRODUCTION

This work is licensed under the Creative Commons Attribution-NonCommercial 4.0
International License. To view a copy of this license, visit http://creativecommons.

org/licenses/by-nc/4.0/.

1.1 History and Motivation

For many years, the human brain has been the most intriguing and unexplored part of
the human body. In the eighteen hundreds, scientists could not systematically study how
impactful brain damage was or how brain stimulation could work, as invasive procedures
were required. This part of the human body had a lot of misconceptions, inconsistencies
and inexplicable mysteries, some of which only began to be unravelled when a non-
invasive technique was invented in 1973: the Magnetic Resonance Imaging (MRI). It
was finally possible to observe and record images of the active brain in both clinical and
research environments, becoming an extremely important technique in cognitive neu-
roscience with several advantages: no usage of Computed Tomography (CT) X-rays and
its deleterious effects, no radioactive injections used in Positron Emission Tomography
(PET), faster acquisition rates and because of its non-invasiveness, no harm is done to the
patient, among others [1-3].

As the name suggests, MRI uses strong magnetic fields to create biological tissue ima-
ges, using Pulse Sequences - a series of changes in magnetic gradients and oscillating
Electromagnetic (EM) fields. Due to the abundance of water molecules in living beings,
MRI scanners have their EM fields tuned to the resonance frequency of hydrogen nuclei,
meaning they will be excited in the process and the energy subsequently released can give
information about the density and types of molecules present, measuring the Magnetic
Resonance (MR) signal [2]. Information about the distribution of molecules can then
be acquired, allowing a correct mapping of the human body’s internal anatomy or the
analysed subject, where high signal areas mean a larger specific molecule concentration.
Determined by the type of pulse sequence used, different tissue properties and types can
be detected, like differentiating torn from intact ligaments and distinguishing grey and

1
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white matter, respectively. This way, one may see the benefit of using this technique,
however it can have limitations as it can’t reveal immediate short-term physiological
changes correlated with which active functioning part of the brain, yet they were miti-
gated by the emergence of functional Magnetic Resonance Imaging (fMRI) - fast and
precise measurements of blood flow changes in result of brain activity [4] - which allowed
Blood-Oxygen-Level-Dependent (BOLD) imaging, conceding knowledge on the brain’s
organization in the process (2, 3].

As aresult, and after several decades of development, MRI has become a crucial medi-
cal imaging device that contributed to revolutionize our understanding of the brain. Neu-
roscientists were focusing on studying individual neurons, having difficulties in studying
the relationships between population-level neural activity and behaviors, so MRI allowed
observation of not only the contours and structure of the brain but also how real-time
connection between thought and behavior worked. Initial efforts focused on brain func-
tion localization and how different areas linked together, and grounds were found that
mental operations occurred over networks of related neuron groups [5].

According to Sprawls [6], when talking about image processing techniques, the quali-
ty of medical images can be determined by the imaging parameters selected by their
operator, the characteristics of the equipment, the method itself and can be dependent on
a combination of factors such as contrast, noise, blur, distortion and artefacts - Fig. 1.1.
Image contrast can be defined as the intensity difference between distinct signal intensi-
ties being measured by an imaging system [3, p. 10]. If the technique used is sensitive to
small changes, the resulting image will have good contrast, allowing distinction between

objects with slight differences.

Contrast

Noise

m. Blur
Distortion
T Artefacts

T

Parameters

Figure 1.1: Illustration about the Medical Image quality variables. Adapted from [6, 7].

Furthermore, being an imaging method it won’t be perfect: image noise will always
endure. In other words, several sources from data acquisition and transmission like
variation in the measured signal consequence of patient movement, small variations of
magnetic field susceptibilities, stochastic variation [3], etc., up to mathematical computa-

tion, can easily corrupt images, making them blurred and unsharpened, reducing overall

2
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quality [8].

This way, it becomes vital to minimize noise at every source: from possible hardware
malfunctions and variations, up to data processing and efficiently applying Denoising
methods to acquired data, enhancing the quality of the final image [8].

One important parameter to determine how good an image can be is the Signal-to-
Noise Ratio (SNR), which can be defined as the relative strength of a signal compared
with other sources of variability in the data 3, p. 245]. This way, depending on the type
of pulse sequence used, grey and white matter or fluid and different tissue will provide
distinct contrast levels, thus different signal levels as their MRI will report different
proton densities through weighted relaxation parameters. Improvements on SNR can
be achieved by increasing the signal’s amplitude or decreasing associated noise, and
can be pretty significant when dealing with signals of small variation when compared
with the total intensity of MR signal like those obtained in BOLD measurements [3].
Like mentioned before, there can be several types of Image Noise like blur, distortion
and artefacts, and their primary sources are electronic interferences in receiver circuits,
Radiofrequency (RF) emissions due to patient’s thermal motion and measurements in the
MRI scanners functioning like coils, electronic circuits, etc. [8].

Thus, diverse denoising strategies have been described in recent literature which
involve several techniques with varying results.

Besides cutting-edge technological advances leading to improvements, fMRI is still
affected by many motion artefacts, so Burgess et al. [9] used several denoising strategies:
fMRI of the brain independent component analysis-based X-noiseifier, motion regression
and censoring high motion time points, which induced some pros and cons in MRI noise
removal, yet for more satisfactory results extra investigation is necessary.

Ananad and Sahambi [10] developed a wavelet-based bilateral filtering scheme for
different noise coefficient reduction, which effectively preserves the border-image details.
The method has been specifically adapted for Rician noise and has been used as a promi-
sing feature preserving method.

Kaur et al. [11] used Machine learning strategies to apply image denoising on several
medical applications including MRI. Machine learning approaches with the best accuracy
for medical diagnosis were identified, which included using several filtering techniques.
In most applications, the machine learning performance is better than the conventional
image denoising techniques, although it may need to be enhanced via different algorithms
and more complete datasets.

The possibility of branching to other medical imaging techniques such as X-ray, CT,
PET, Ultrasound, etc. makes denoising an extremely interesting subject to other fields of
science, so there are endless articles and possibilities in how to effectively remove noise,
and reach the target as no method is perfect.

This dissertation aims at developing an Image Reconstruction Technique with de-
noising strategies via Principal Component Analysis (PCA) algorithms, more specifically,
the Marchenko-Pastur (MP) Distribution. Therefore, the dissertation objectives will be

3



CHAPTER 1. INTRODUCTION

to gain expertise in MRI, understanding how Champalimaud’s MRI scanner works and
processes data typically acquired in preclinical settings, to develop denoising strategies
and finding how efficient and reliable the MP-PCA denoising implementation method
is. Finally, Echo Planar Imaging (EPI) Single and Multichannel Reconstruction will be

accomplished as well as how corresponding denoising may be addressed.

1.2 Publications deriving from this work

The work developed in this dissertation allowed an Abstract submission - which was
rejected - for the annual meeting of the International Society for Magnetic Resonance in
Medicine (ISMRM) titled "Marchenko-Pastur PCA denoising performance is enhanced
in the k-space domain" and authored by Joao Diogo Fernandes, Andrada Ianus, Jonas L.
Olesen, Rafael Neto Henriques, Sune N. Jespersen, Noam Shemesh.

The abstract that was submitted can be seen in Annex I with the respective documen-

tation.



2

THEORETICAL CONCEPTS

2.1 Introduction

Present-day MRI scanners can be separated in 3 main components: the strong magnetic
field generated by a series of EM coils to which the patient is exposed, the resonance
frequency energy delivered by RF coils to the targeted atomic nuclei, and in the end an
image is created due to the magnetic field’s strength alterations over space by magnetic
gradient coil switching [12]. There are more components than those mentioned, however
as they have an indirect impact on the system’s overall performance and in correcting

inconsistencies, will not be described here.

2.1.1 Main Magnetic Field

In 1820, Danish physicist Hans Orsted demonstrated that a wire carrying current could
create a magnetic field and that its strength is proportional to the current’s intensity,
meaning it could easily be wielded, a discovery that was the MRI basic principle many
decades later [3]. In the early days, scanners mainly used ferromagnetic shield structures
as the magnetic source [13], which added a lot of unnecessary weight and size to the
system and generated weak magnetic fields restricted by their composition. Also, because
it was extremely difficult to ensure the homogeneity of the main magnetic field over space,
scientists had to further develop magnet technology to make the MRI less bulky and more
practical machines [12].

In order to obtain a suitable magnetic field for MRI usage, two criteria can be defined:
field homogeneity and field strength [3]. Concerning the former, generating a uniform
and constant magnetic field allows images from the scanner to depend neither on the
characteristics of the machine in use nor how the subject is placed in the field - if not
homogeneous, the measured signals of the same tissue type can change [14]. The second
criteria, because very high magnetic fields are required and electromagnets have a huge
electrical power expense, superconducting magnets cooled to temperatures near absolute
zero (~4K) are used in MRI scanners, whose properties in this situation allow very high
magnetic fields with very little energy expenditure, as electric resistance ceases to exist.

5
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This way, an intense, stable and lasting electric current can be obtained with no electrical

consumption, with the only cost being cryogenic temperature maintenance [3].

The fundamental MRI property that allows it to work is the spin, inherent to sub-
atomic particles like protons, electrons and neutrons. Only atoms with an odd number
of neutrons or protons will have a net nuclear spin that can be studied under magnetic
resonance, as with an even amount of spins will cancel each other, as they are in opposite
directions [3, 15].

(A T ®) . N

™

Pivot

Bo 9

© ()
Bo 9

® (F)
Bo

\4

Magnetization

Figure 2.1: Representation of the spin and charge of a proton in (A), causes it to have
a magnetic moment that precesses at a frequency vy and have a tendency to align with
an external By in (C). If in a group - (E) - they will all precess in sync and their net sum
forms the Magnetization M vector - (F). Similarly, an analogy can be made with a hanging
gyroscope from a vertical pivot - (B) - where the magnetic field is the earth’s gravitational
field and if tipped off equilibrium will precess around it - (D). Adapted from [16].

Considering a more classical perspective, one may consider a proton as a spinning
sphere with both charge and mass. The associated spin can be seen as a rotation of the
nucleus around a random axis. In combination with its charge, the proton can be seen as
a small bar magnet - magnetic moment - with an associated angular momentum - defined

by Britannica [17] as rotating objects that will continue their rotation unless disturbed. If

6
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placed in a magnetic field B, it will tend to align with that field, as can be seen in Fig. 2.1
(A). An analogy can be scoped with a hanging gyroscope - Fig. 2.1 (B), if left untouched, it
would naturally align with Earth’s gravitational field. After being disturbed - Fig. 2.1 (D)
- the gyroscope will start a phenomenon called precession - rotation of an object around

its vertical axis [18] with a precession frequency of v [16].

Likewise, if the proton’s spin was shifted from its point of equilibrium, it would start
to precess around the direction of the applied magnetic field By - as displayed by Fig. 2.1
(C) - with a precession rate v that can also be called Larmor Frequency, a value which is
equal among the same type of nuclei and is proportional to the applied magnetic field [3].
If several protons are placed together - Fig. 2.1 (E) - the sum of all magnetic moments
from spins of different orientations can be seen as the net Magnetization vector M - Fig.
2.1 (F) - which in the absence of magnetic field will be infinitesimally small [16].

Thinking analogously in the context of MRI, the hydrogen atoms of the subject will
precess around random directions, and after applying an external magnetic field By, they
will all reach the minimal energy state: the same gyroscopic motion around a parallel
axis [16] - Fig. 2.1 (C).

There are two equilibrium states for precessing protons: one parallel to the magnetic

field, with a lower energy level, and another antiparallel state, with higher energy - Fig.
2.2.

Because the first state is slightly more stable, it will be slightly more populated in
the equilibrium sate, with the exact relationship dependent on the temperature and
magnetic field strength. If for example, one of those parameters increases, some protons
will gain energy and jump to the antiparallel state, decreasing its population, but never

overturning the small difference and vice-versa [3].

(A) (B)

Figure 2.2: Schematics of the Parallel state in (A) and Anti-Parallel state in (B). Adapted
from [3].

For an easier interpretation, as stated before, the M vector can be defined as the net

sum of all magnetic moments of each hydrogen in the sample, as can be seen in Fig.

7
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2.1 (F), which will precess around By, as MR techniques measure M and not individu-
al atomic magnetization. The net magnetization M can be seen as a vector with two
components: a longitudinal component that may be parallel or antiparallel, and a trans-
verse component that is perpendicular to the magnetic field By [19] - Fig. 2.3. Normally,
the transverse components will tend to cancel each other, leaving no net magnetization
perpendicular to the main magnetic field, suggesting the real contributor to M is the lon-
gitudinal component, whose magnitude is proportional to the difference between parallel
and antiparallel states [3].

Magnetic Field By

Figure 2.3: Net Magnetization M of a system. Adapted from [3].

Theoretically, there are two ways to increase magnetization M: lowering the system
temperature or increasing the magnetic field’s strength. The first not only is unattainable
with live biological samples but also a significant increase in M would need a drop in
temperature of many orders of magnitude. That is why the easier and most attainable
is the second, as according to the Zeeman Effect, placing a system in a magnetic field
will induce splitting to two or more components with different frequencies [20]. The
separation will be proportional to the magnetic field’s strength - Fig. 2.4 - resulting in an
increased M and energy variation AE [3].
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Figure 2.4: The Zeeman Effect. The increase in magnetic strength will make the energy
difference (AE) bigger. Adapted from [3].

2.1.2 Radiofrequency Coils

The net magnetization M of spins is an important factor in MRI functioning, however its
measurement has a peculiarity. The same way you can only know the weight of an object
by perturbing its equilibrium state, you can not directly measure the magnetization M
unless an environmental disturbance is induced [3].

This disturbance can be generated and detected by RF coils that emit EM fields at the
resonant frequencies w of the atomic nuclei within the static magnetic field, originating
the MR signal.

The resonant frequency w is given by w = yxB(y where y is known as the gyromagnetic
ratio, dependent on the charge and mass of the proton. Considering its invariability, the
scaling factor y will thus be constant for the same type of nucleus and independent of
the magnetic field strength or any other varying factor [3].

Although the coils are only typically turned on for a small fraction of time, they
will also have the same criteria as the static field: space uniformity and sensitivity - the
relative strength of the emitted/detected signal 3, 8]. After applying the magnetic field,
the atomic nuclei magnetic moments become aligned, and the RF coil will generate an EM
impulse with the resonant Larmor Frequency, resulting in the excitation process where
spins change from low to high energy states [21].

At this point, two excitation pulses can be distinguished:

* 90°/ 7 excitation pulse - the longer the RF coil is turned on, the more spins will
jump from low to high energy state, eventually reaching a point of equal number
of spins in either state, which means the net magnetization M, originally only with

a longitudinal component, will all be shifted to the transverse plane - Fig. 2.5 (A).

* 180°/ 7 excitation pulse - if EM waves emission continues past the aforementioned

point, spins will keep accumulating in the high energy state and eventually the

9
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proportion will be the exact opposite it started with, i.e. the magnetization will be
symmetric to the starting point, and may be used to increase contrast in some MR

image types - Fig. 2.5 (B).

z z
A Ar
90° Pulse
180° Pulse
Bo Bo
/ x x
y y
(A) (B)

Figure 2.5: Illustration of the excitation pulses. (A) 90° Pulse. (B) 180° Pulse. Adapted
from [22].

After the RF coil is turned off, the excitation process stops and equilibrium has to
be replenished: the excess high energy state spins will return to the lower energy state,
emitting the energy differential AE corresponding to the Larmor Frequency, arising a pro-
cess known as Reception [3]. The changing transverse magnetization M, causes magnetic
flux density variations that can be detected by another RF coil tuned to the same Lar-
mor Frequency and, by Faraday’s Law, an oscillating electric current is originated, which
reciprocally corresponds to the MR signal. The latter is proportional to both magnetic mo-
ment and flux variation speed, meaning that only time-varying transversal magnetization
can be detected [16, 22].

All of the above physical principles, and thus the MR phenomena, can be described by
the Bloch Equation - [3, eq. (3.47)] - a single equation named after physicist Felix Bloch
that describes how the net magnetization M of a spin system behaves in the presence of
a magnetic field that varies over time.

Respectively, during signal reception, M,, and M, have to go through two processes to
return to the original position: Transverse and Longitudinal Relaxation. Both are added
to create the net Magntization vector M [22].

In Transverse Relaxation - Fig. 2.6 - the net magnetization M expresses the sum of
the individual spins while its amplitude is highly dependent on their coherence. After
M being tipped over, all spins, referenced as Spin Isochromats! start with the same fre-
quency and phase. However over time, these will start to lose coherence, implicating
spins will precess at different rates, leading to an exponential decay of the MR signal
characterized by time constant T, also known as Free Induction Decay (FID) [16, 20, 22].

defined by Cohen [23] as a collection of nuclear spins processing at the same frequency

10
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Furthermore, spin-spin interactions? and spatial magnetic inhomogeneities, which can be
induced by variations like tissue magnetic susceptibility among others, translate to spins
experiencing different magnetic fields over time, causing some to precess more rapidly
and, combined with the T, constant, can cause the signal to decay in the X-Y plane with
T; [3, 20].

90° Pulse

y y y
<1) @) ®

Magnetizaton M
N )
Moxy : :

i
T , Decay

Time t after

v \/ : 90° Excitation
: : : ~ Pulse

Figure 2.6: Illustration overview of T; and T, decay and the corresponding states along
time. Full red and dotted gray lines correspond to how the signal decays overtime in T,
and T, respectively. Full blue and dotted orange lines correspond to how overall T, and
T, signal relaxation decays overtime, respectively. Adapted from [3, 24].

In Longitudinal Relaxation or Spin-Spin Relaxation - Fig. 2.7 - the spin system loses
energy, and longitudinal component of Magnetization, M,, slowly recovers back to the
same state it was before the excitation and is characterized by a time constant T} [16, 22].

All of these constants heavily depend on B strength and homogeneity, as well as the
material type and while all are measured in milliseconds, T; is larger than T,, and T; is
greater than T,, nonetheless all are important in how the MR signal amplitude and the
intensity of the image are recovered. Each constant can therefore provide both different
information and contrast, that can vary according to the different tissues’ response [3,
16].

2.1.3 MR Image Formation

After obtaining the MR signal there is still loads of data to be analysed in order to obtain

an image. Like every digital medical imaging method, the challenge of MRI is to recover

Zinteraction between two spin states which will lead to a change and consequent energy variation [3]

11
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Moz 4- - == - S S LR EENE

Time t

Figure 2.7: Illustration overview of T; decay and its corresponding states along time. Full
blue line corresponds to how the signal decays overtime, and full red line corresponds to
how overall T; signal relaxation rises overtime. Adapted from [3].

from an array of pixels the signal intensity corresponding to different points throughout
the anatomy [16]. As mentioned before, the MRI image is not a common picture of the
object, rather corresponds to a spatial distribution map of a sample property: spin density,
spin mobility or the T} or T, relaxation times of targeted tissues [3].

Given that the MR signal originates from the entire object, instead of a single point
within it like other medical devices [16], a form of encoding scheme will be necessary to
obtain spatial information in each dimension, which can be achieved with a gradient coil
for each axis.

The introduction of a gradient coil - providing a spatially varying magnetic field
[12] - allowed atomic nuclei to precess in distinct spatial locations at different rates, as
precession frequency is proportional to the applied magnetic field. In comparison to the
applied magnetic field, these gradients produce very subtle perturbations to the overall

field however are enough to deliver spatial information [16].

Slice Selection

The first step in image formation is selecting, one at a time, the two-dimensional human
body slice - its location and thickness - via selective excitation. This requires that only
the spins on the selected slice are excited, and none of the surrounding [3]. The encoded

12



2.1. INTRODUCTION

image can be obtained by applying a magnetic field gradient G, in the Z-axis®

, meaning
the Magnetization will have a Larmor Frequency location dependency. This way, to select
the shaded section (Fig. 2.8 A), an RF excitation pulse with the corresponding frequency
bandwidth of f; to f; is emitted (Fig. 2.8 B-C), and because the whole object has a different
magnetic field value, it ensures only the targeted slice is on resonance with the excitation
pulse. Sequentially, if the pulse is symmetric, which is almost always the case, then there
will be an opposing half gradient, a G, refocusing gradient, which will refocus the spins

in plane.

After turning the RF coil off, the MR signal is only emitted by the selected slice spins
(Fig. 2.8 D), which also implies width and slice location can be adjusted by modifying
the gradient coil strength and frequency range [3, 16]. In order to obtain frequency
distribution of the RF pulse corresponding to the selected slice, a Fast Fourier Transform
(FFET) of the pulses’ time profile must be applied [15, 22].

(A) (B)

Z Position

(C) fq: if2 Frequency
RF Amplitude | !
A

RF Pulse

»

L
Frequency

Figure 2.8: Process of Slice Selection. To select the shaded slice (A), a gradient G, is
applied so that its position corresponds to a frequency bandwidth from f; to f, - (B).
Right after, an RF excitation pulse with that bandwidth is utilized - (C) to excite just the
selected slice (D) and not the surroundings. Adapted from [16].

Following slice selection, as described in section 2.1.2, relaxation will start immedia-
tely after the excitation pulse and, because the process is extremely fast, application of

other gradients must follow to provide spin distribution information inside that slice [3].

3In MRI, the Z-direction is generally along the magnetic field, which in turn is along the lying body.
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Frequency and Phase Encoding

The second step in Image formation, after slice selection, will be acquiring spatial in-
formation on the slices X- and Y-position. Because the sole information on Z-axis is
insufficient to form an image, usage of gradient coils in sequence will be necessary, which
can be done in two Encoding steps: Frequency and Phase [3].

For the Frequency or Readout (RO)-Encoding step, by convention a gradient G,
along the X-direction* will make the precession frequency depend on the protons’ po-
sition, allowing their distinction as they have different X-coordinates/frequencies. Se-
quentially, as spins are already tagged in the X-position, for the Phase Encoding step,
the Gradient G, will further distinguish the signal as spins vary in their phase, meaning
distinct Y-coordinates have different phases [3].

Consequently, recorded MR signal differentiation depends on the strength and direc-
tion of the magnetic gradient’s sequence used, meaning the characteristics of the imaged
object can be determined. When different RF pulses are added to the pattern, further
cementing distinction of obtained characteristics, a Pulse Sequence is created [3, 16] -

images from different Pulse Sequences are shown in Fig.2.9 .

Figure 2.9: Different contrast levels obtained from different Pulse Sequences. (A) - T}
Contrast MRI; (B) - T, Contrast MRI; (C) - T} Diffusion MRI; (D) - T; Perfusion MRI.
Adapted from [25].

Due to the complex visualization of spin phase, magnetization, gradient strength and

their subsequent relation with MR signal and the imaged object, a k-space notation was

4Important to note Gradient fields only change the strength of Magnetic Field on the correspondent axis,
never its direction.
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adopted to make it a more understandable concept. It describes MRI data acquisition, as
each k-space point contains spatial frequency and phase information about all pixels in
the final image [3, 20], and is commonly displayed on a grid with principal axes k, and
k, - Fig. 2.11.

Like any time-varying complex signal can be decomposed into a series of simpler
frequencies [26] - Fig. 2.10 (A), an image can be constructed from simpler components
that constitute the frequency map - Fig. 2.10 (B). Using the FFT to decode the k-space
representation of the MR signal into the magnetization at each point, the final spatially

informative image is obtained [27].

Figure 2.10: Shown in (A), construction of a complex signal, at the right, from 3 sine waves
with different frequencies, at the left. Shown in (B), construction of a complex image,
at the right, from 3 gratings whose patterns are determined by their spatial frequencies
(distance between stripes). Adapted from [3].

More generally, for the image to be obtained, the k-space filling is achieved by ma-
nipulating the aforementioned phase and frequency-encoding gradients parameters, so

the sampling path taken in k-space can be controlled during MR signal acquisition.

As can be seen in Fig. 2.11, after the slice selection step - if frequency encoding G, is
enabled, frequency differentiation will occur, which translates to a movement in k-space
along X-direction of the data acquisition location, as can be observed in Fig. 2.11 - (1)
as a green arrow. Right after, phase encoding G, is turned on, changing the amount of
phase, represented by red arrow movement in k, - Fig. 2.11 - (2). The sequence is ended
by data acquisition along the whole k, line, as the process is repeated line by line until

n_n

all "n" lines are scanned [3, 22].

It is important to note that this is an analog to digital conversion process, i.e. k-space
sampling occurs in a discrete set of data points, as each line in k, represents a different
amplitude of G, and k, is sampled with a specific interval, which are translated to pixels
by an FFT [16]. This way the acquired signal is only dependent on the gradient’s waveform
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— Frequency Encoding
—— Phase Encoding

Figure 2.11: Schematics of the k-space with a 2-dimensional Pulse Sequence example.
After the Slice Selection step, G, gradient (Frequency Encoding) is used and a move-
ment in k-space along X-direction of the data acquisition location is performed - green
arrow (1). Finally gradient G, (Phase Encoding) is enabled - red arrow movement (2) -
followed by data acquisition. The process is repeated for every k, line until all "n" lines
are scanned. Adapted from [3, 7].

integral, meaning a larger amplitude but shorter duration will have a higher rate of k-
space traversing than a lower amplitude with larger duration, but will have equivalent
images - Fig. 2.12 [23].

As mentioned before, one other way to analyse k-space can also be with the object’s
spatial frequency in the image space which can be defined as how often a pattern oc-
curs. The periphery portion of this image, corresponding to the high spatial frequency
data, is commonly known as the image details and spatial resolution - Fig. 2.13 (A). On
the contrary, information like image contrast and SNR are encoded on the center, cor-
responding to the low spatial frequency data - Fig. 2.13 (C). This becomes of extreme
importance when small lesions are the focus of the investigation, as the objective of ac-
quiring maximum contrast that is useful in clinical studies, while maintaining a minimal
loss of information and the least number of artefacts can only be achieved by the correct
mapping of the MR signal’s varying magnetization during data collection [23]. Only by
combining the two, a useful image is obtained, as their separation will provide an image
either lacking spatial information or low signal and overall brightness differences.

This way it becomes of extreme importance to understand how MRI, k-space and
image formation relate and can be combined to create pulse sequences for different tissues

to be analysed and new experiments in specific conditions can be idealized.
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Figure 2.12: The MR is sampled digitally in the presence of magnetic field gradients - the
signal is sampled discretely, rather than continuously, i.e. the spatial encoding depends
only on the integral of the gradient waveform. The 4 spatial encoding schemes above all
represent the same image, even though their waveforms are different, their areas are the
same. Retrieved from [23]
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Figure 2.13: Relationship between k-space location and spatial frequency. In (B), it is
possible to see raw k-space data and the resulting image. In (A), if the center of k-space
is zeroed, only the high spatial frequency remains with its corresponding image, where
it is possible to see the image details and spatial resolution. In (C), if the periphery of
k-space is zeroed, only the low spatial frequency remains with its corresponding image,
where it is possible to see the image contrast features. Adapted from [7, 23]
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PULSE SEQUENCES

After understanding how MRI obtains and processes data to obtain the final observable
image, we can then step into how each pulse sequence works to produce different image
types. As previously mentioned, image contrast is the intensity difference between dis-
tinct signal levels, which can be achieved in numerous ways - corresponding to different
pulse sequences - each providing a unique image with different information for each

tissue.

There are two main approaches used to create contrast: static and motion contrast.
The first is mainly used to get images that determine brain anatomy and can be sensitive
to relaxation time, chemical concentration or a specific molecular type; the second is
used to obtain information about dynamic characteristics of protons in the brain, like
blood flow, water diffusion or capillary irrigation. In addition, contrast can be further
distinguished into endogenous or exogenous contrast, depending on whether it’s derived
from intrinsic biological tissue properties or the presence of external substances in the
body, respectively. Focusing more on endogenous static contrast due to their potential
in acquiring more clinical useful imaging, there are several varieties of MR contrast like

Proton Density, T; and T, contrast [3].

Tissues differences in the latter parameters create different contrasts on images as they
produce varying levels of sensitivity to different relaxation times. The two key factors
that influence when the images should be collected are Repetition Time (TR) and Echo
Time (TE). TR is the time interval between successive RF excitation pulses. Regularly,
because time decays are exponential, these excitations occur in time intervals that don’t
allow full recovery of M, there is a point where the gain in contrast doesn’t surpass the
wait time. The TE is the time interval between the application of RF pulse and the peak
of the echo detected at the k-space centre, where the signal is strongest. Both concepts

can be observed in Fig. 3.1

Remembering how an MR image is obtained, a pulse sequence can also be described
both as the gradient and RF pulses waveform applied in MR image acquisition. One other
way of referring to a pulse sequence is via a diagram - Fig. 3.2 (B). It represents the series
of instructions sent to the RF generator and gradient amplifiers, consisting in several
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Figure 3.1: Schematic representation of TR and TE. Adapted from [28]
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lines for each parameter: one for the RF pulse, z- (Gyjjce), y- (Gphase) and x-axis (Gyeadout)

gradients, which will result in its corresponding k-space trajectory - Fig. 3.2 - (A) [29].
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Figure 3.2: (A) - EPI k-space trajectory. (B) - EPI diagram of its k-space trajectory, with
corresponding colours of what is executed by each gradient. Adapted from [7, 27].
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3.1 Types of Sequence

There are two main types of MR pulse sequences: Gradient-Echo (GRE) and Spin-Echo
(SE). All other sequences are modifications of these with slight variations but always
based on those two [29].

In a GRE sequence - Fig. 3.3 - only one RF pulse and typically less than 90°, is com-
bined with two frequency gradients with opposite polarities that rephase and dephase
transverse magnetization M,, which results in shorter TR’s and faster imaging acquisi-
tions. Despite this speed coming at a cost, as signal formation is also more sensitive
to hardware related and tissue properties B inhomogeneities, advances in hardware im-
proved Shimmming! and gradient performance while allowing the successful application
of GRE imaging with reliable and reproducible image quality [29, 30].
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Figure 3.3: GRE Sequence with its signal decay (above) and corresponding states along
time (bellow) with isochromats direction in yellow. Adapted from (30, 31].

A standard SE sequence - Fig. 3.4 - consists of an initial 90° excitation pulse, that
flips the Net Magnetization into the transverse plane, progressively starting to dephase
from that point due to T, effects. This occurrence will cause some spins to precess faster
than others, and if a 180° refocusing pulse is introduced halfway between the excitation
pulse and TE, faster spins will then be behind the slower ones, meaning they will all be
in phase at TE, reversing the loss of phase coherence and overturning it to the original
value. The refocusing pulse has the advantage of eliminating field inhomogeneity effects.

Another analogy to this event can be seen in Fig. 3.5 for better understanding [3, 29].

ITerm originated from Shimming Coils, which are EM coils that compensate for inhomogeneities in By

(3]
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Typically SE sequences take very long to acquire, they are slow sequences, but some
technology advances like RARE, Fast and Turbo Spin Echo have allowed speeding SE

imaging although at a cost of image quality [32].
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Figure 3.4: SE Sequence with its signal decay (above) and corresponding states along time
(bellow) with isochromats direction in yellow. Adapted from [31].
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Figure 3.5: SE 180° refocusing pulse analogy. After the initial excitation pulse, B inhomo-
geneities will cause phase coherence loss, as some spins (rabbit) will be faster than others
(turtle). If a 180° pulse is introduced midway at TE/2, the precession direction will be
flipped, and at time TE all spins will have the original phases - as the rabbit and turtle
return to the original position. Adapted from [3].
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From the aforementioned sequences, some of the most common types of contrast that

are obtainable will be:

* Proton Density Contrast imaging, based on the number of protons in a Voxel -
three-dimensional volume element and basic sampling unit of an MRI, the smaller
the Voxel, the easier it is to identify the brain fine structure, for e.g. - which depends
on the type of tissue. Both SE and GRE echoes can be used as long as T} and T,
contrasts are minimized. These types of images are also extremely useful for human
brain segmentation, to understand damage or how atrophy alters its functional
properties, and for high-resolution reference images to determine the anatomical

structure of the brain, being extremely used in fMRI studies.

* T, Contrast imaging, as the name implies, comes from images whose voxels’ signal
intensity depend on the T value of the tissue - shorter values mean that magnetiza-
tion recovers faster and greater MR signal, like white matter and bone marrow, and
starts reducing as it goes from grey matter to water. It’s also one of the most used
and basic in clinical scans, and both SE and GRE echoes can be used.

* T, Contrast imaging can only be obtained using a SE pulse sequence, as only these
sequences allow true spin-spin relaxation that doesn’t depend on field inhomogenei-
ty. As mentioned in chapter 2, T, relaxation times are dependent on spin-spin
interactions, so homogeneous tissues have a tendency to have higher signal, like
fluid-filled regions like Cerebrospinal Fluid (CSF) and ventricles, other areas like
grey matter have medium signal while white matter has the lowest, which is in

agreement with their T, values.

* T, Contrast imaging although similar, is the basis for BOLD-contrast fMRI as
these images are sensitive to the blood’s concentration of deoxygenated hemoglobin,
which in turn varies according to the metabolic activity of neurons. It is widely
used to generate brain’s venograms - huge amount of deoxygenated hemoglobin -
and it can also be achieved with a GRE sequence.

In short, while SE are RF-refocused, the removal of field inhomogeneity artefacts
allows much later echo times, increasing T, contrast in these images, which is extremely
useful for tissue characterization in medical diagnosis, on the other hand GRE imaging is

gradient refocused and has echo amplitudes determined by T,-decay [27, 30]
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3.1.1 Echo Planar Imaging (EPI)

The total amount of MR signal that is obtained from a biological tissue can sometimes be
extremely small, which isn’t something that a researcher/clinician desires when using any
Imaging Method. In order to achieve increased contrast and resolution, an improvement
in spatial resolution is necessary, which can be attained by carefully decreasing signal
from some tissues, while retaining signal from others. In what was previously discussed,
this issue was dealt with by repeatedly signal sampling and building image data from
there, however that would take too long and some acquisitions where time is key simply
would not be feasible [23].

This way, EPI may provide the solution, as it is one of the fastest MRI Pulse Sequences
that lowered the time scale in obtaining images from a couple of seconds down to a few
tens of milliseconds, allowing reduction of motion artefacts like involuntary movement,
heartbeat, blood flow or breathing. Besides providing a necessary tool to investigate some
of the fastest events in the Human body, like neurofunctional brain mapping, cardiac
imaging, blood flow interactions or even real-time imaging due to the shift in the time
frame, it lowered examination times, allowing more unsettling patients to be examined
while keeping the costs down [27].

An EPI pulse sequence works fundamentally different than conventional pulse se-
quences, allowing the formation of a complete image under a single pulse excitation -
Fig. 3.6 (B) instead of several RF pulses like before - Fig. 3.6 (A). It differs mainly in how
encoding is applied: a sequence of bipolar RO and phase gradients are used to generate a
train of gradient echoes and to spatially encode several k-space lines, respectively, allow-
ing both a more efficient sampling of k-space while the FID signal is still detectable [23]
and ensuring adequate MR signal during the entire data encoding and collection period
(27, 29].

Ky (A

Figure 3.6: (A) - In other Pulse Sequences, for each line to be acquired an echo has to be
produced; (B) - In EPI, a single echo can sweep all of k-space, speeding measurements.
Adapted from [7, 27].

As aresult of the single excitation pulse, all data must be acquired before considerable
T, or T; decay can occur, which - considering the average decay of tissues, 50 ms for

muscle or 80 ms for the brain - needs to occur in that order of magnitude of up to 100
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ms [32]. Thus, instead of individually collecting each k-space line - Fig. 3.6 (A) - the
whole of k-space data is quickly filled using the referred rapid gradient switching in a
single and continuous trajectory where most common patterns are to scan alternating
lines in opposite directions - Fig. 3.6 (B). This constant switchback to allow acquisition
in different directions overloads the gradient coil, plus the added inefficiency of data
collection while changing k-space lines - vertical lines in Fig. 3.6 (B) which are not used
in image creation - are some of the problems associated with this sequence. This means
post-processing will be necessary to correct inconsistencies and misalignments - reversing
every other k-space line, removing vertical lines, etc. as they will result in image artefacts,
due to field inhomogeneities related losses in MR signal as well as geometric distortions
due to the long time spent acquiring data after excitation - small field variations over time
can considerably distort images [23, 27, 32]. More on that will be discussed in section
5.2.5. This zig-zag trajectory used in EPI although the most common, is not the only one,
circular, radial, PROPELLER, etc. are other trajectories to mention that can solve some
problems related to zig-zag but may have others [27].

Among others, the two most common types of EPI pulse sequences are Gradient-Echo
EPI (GRE-EPI) and Spin-Echo EPI (SE-EPI) sequences, which will be the respective
sequences’ combination. Both rely on gradient echoes to sample multiple k-space lines
however, in the first echoes are formed under the envelope of an FID, while in the second
they are formed under the envelope of a spin echo. Also, comparing the pair, GRE-EPI
has a heavier T, weighting which is important in fMRI and BOLD contrast, and SE-EPI
will have fewer artefacts as off-resonance effects are more easily minimized (B-field

inhomogeneity, susceptibility variations, chemical shift?, etc.) [27].
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Figure 3.7: Diagram example of (A) a SE-EPI and (B) GRE-EPI. Adapted from [27].
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Finally, EPI is an extremely useful and versatile imaging technique that allows clini-

cal applications with very short imaging times and low sensitivity to motion. Any MRI

ZDifference in proton resonance frequencies in different molecules due to shielding effects in a magnetic
field [3, p. 132]
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protocol that has been developed for lesion detection can be adapted to EPI, just by re-
placing the constant readout gradient used in conventional sequences by the EPI readout
version, with a plus of both less vulnerability to motion artefacts and a higher probability
of acquiring clinically useful images on claustrophobic and restless patients. Because EPI
is one of the fastest MRI pulse sequences, it is of fundamental usage in Medicine for the
numerous mentioned arguments and that is the reason denoising methods will be here

applied.

3.1.2 Other Pulse Sequences

As mentioned before, besides EPI, there are many more pulse sequences like Diffusion
Weighting Imaging (DWI), where the molecular diffusion in tissues is measured with
magnetic gradients, Fast Low Angle Shot (FLASH), a GRE sequence combining a slice
selective RF pulse, Multi Slice Multi Echo (MSME), a sequence used to acquire images
of the target at different TE’s in order to create T, variation maps, Rapid Acquisition
with Relaxation Enhancement (RARE), a type of multi-echo SE sequence, commonly
used for faster acquisitions as it can sample multiple k-space lines/trajectories following
each excitation pulse, along others, which won’t be the scope of this dissertation but are

well documented in [3, 27, 33-35] for interested readers.
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DENOISING STRATEGIES

As mentioned in Chapter 1, one of the most important parameters that can be used to
determine whether an image has a higher quality than another is the SNR, which can be
defined as the relative strength of a signal compared with other sources of variability in
the data.

Albeit it is importance in imaging, there is no universally accepted method to measure
SNR, highly due to the increased difficulty to estimate and measure both noise and signal.
There are several ways to assess these parameters, as depending on the situation some
will fit better than others, therefore the ideal case would be finding a method that is the

most suitable for every circumstance encountered [36].

4.1 SNR Measurement

For the signal estimation, a very widely accepted and common approach is to use the
pixel mean value S of the Region Of Interest (ROI) enclosing most of the subject we are
interested in measuring [37].

For the noise estimation, due to its random nature, a probabilistic modelling might
be the most appropriate solution. It is a common practice, with experimental evidences
[38], to assume noise in both k-space and image domain to have a zero mean and spatially
uncorrelated Gaussian distribution, which in turn can also be separated in real and
imaginary components with equal variance. In the case where data was acquired using
multiple coils, the same assumption is still valid [39]. This assumption is also commonly
known in the literature as white noise, as a result of the latter being equally distributed
along all frequencies [40].

On account of SNR being used for image comparison, thus having the requirement to
be a single value, the magnitude signal |Z]| has to be calculated from the complex signal,
pixel by pixel. As the operation in question is nonlinear, the pixel values corresponding
to noise will no longer have a Gaussian behaviour, becoming a Rician distribution [39,
40]. Contrasting, outside of the ROI, theoretically there will only be noise without signal,
so a special Rician case occurs, simplifying to a Rayleigh distribution - for a visual
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interpretation see Fig. 4.1.
In addition, Fig. 4.2 can be observed for a better understanding of these concepts and

how they relate to the acquired Signal.

For the actual image noise estimation, Henkelmen [37] suggests that from a magni-
tude image, the standard deviation SD of an ROI around a region with only noise should
be taken - in this work a 27 x 27 rectangle on the bottom left corner was used - which
should be divided by a factor of 0.66 to account for the Rayleigh distribution of noise in

the magnitude image.
The respective ratio of Signal over Noise is illustrated in eq. (4.1).

Signal _ S(ROIImage)
Noise SD(ROINoise)

As the latter will only provide a single value, another SNR estimation might be nec-

SNRgy = % 0.66 (4.1)

essary to support a more visual assessment of a map with the SNR values. This way
Miyati et al. [41] introduced a variation to the previous estimator, again using the ROI
Mean signal intensity S, though using the standard deviation SD of the same ROI instead
- eq. (4.2) - which again should be divided by a factor of 0.66 to account for the Rician
distribution of noise in the magnitude image. The value won’t be as large but allows an

SNR Map image to be obtained.

Signal _ S(ROIImage)
Noise SD(ROIImage)

x 0.66 (4.2)
Vﬂf |
Rayleigh
ﬂ\

Rician

SNRMap =

Figure 4.1: How noise distribution is displayed in an MRI. The object has a Rician
distribution, and in the background simplifies into Rayleigh. Adapted from [7, 40].
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Figure 4.2: The object noise along k-space and Image Space will have a Gaussian distribu-
tion. The final image with Magnitude will have a Rician distribution. Adapted from [7,
40].

4.2 Denoising Strategies

Nowadays, it is more and more important to be able to retrieve meaningful information
in the process of noise removal to obtain high-quality images. In the literature, noise
removal can have several names: noise filtering, noise removal, denoising, or noise reduc-
tion, however they all converge to the same action of minimization of noise pattern in the
image. As depicted in Chapter 1, many methods have been reported - and many more
exist - that remove noise from MRI datasets based on signal estimation, anisotropic diffu-
sion, Independent Component Analysis, machine learning, wavelets, etc. [40], meaning
there won't be a perfect version of Denoising. The only required condition is that a good
noise removal method must not invent new data or remove existent data, only estimat-
ing the signal from data with noise, thus accurately keeping the essential information
(40].

Some of these proposed methods were favoured by the MRI community in the last
years due to their capability of removing spatially varying and non-Gaussian noise in
magnitude MR data. In 1933, Hotelling [42] was one of the pioneers of noise removal
via converting a redundant dataset into a Principal Component basis, and being able to
only preserve the signal-carrying principal components by "perhaps neglecting those whose
contributions to the total variance are small" [43]. Undoubtedly this is what today is called
PCA which, over the last couple of decades has surged amongst the science community
as a novel denoising scheme that starts to show promise and results in noise reduction,

while preserving image features [44, 45].
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4.2.1 Principal Component Analysis (PCA)

PCA is hence a classical decorrelation technique tool used to transform the mentioned
input variables into a new lower dimension space using the correlation matrix largest
eigenvectors, or in a more practical way, it is the replication of the target data in a new
coordinate system in which the basis vectors follow the greatest variance [46, 47].

Invented in 1901 by Pearson and presented in its algebric form by Hotelling in 1933
[42, 48], PCA is additionally a method of identifying and expressing data patterns in
order to highlight their similarities and differences. Since patterns are difficult to find
in high dimension and complex data, by being a dimensionality-reduction method - a
large set of variables can be transformed into a smaller one maintaining the important
information - this method is extremely useful in analysing large data sets with lots of
information, like the ones in statistics, signal, image processing, etc. [49].

Recalling, a denoising algorithm’s most basic idea is removing noise while restoring
the original image. Here, opposing details like noise, edge and texture are all high-fre-
quency components, becoming difficult to differentiate between one another in a denoising
process. If the small high-frequency coefficients are set to zero - retaining the maximum
possible important signal while removing noise - the final product may end up losing
some details [49, 50].

As stated before, in order to minimize loss of original features and improve SNR, PCA
is one of the techniques that has had great success over the recent years, as it creates new
images from uncorrelated values of different images [47]. After standardization, this is
achieved by transforming the original dataset into the PCA domain and finding the most
significant principal components of the data - new variables constructed as linear com-
binations of the initial variables [48] - with the most variance, which are combined into
what is known as their covariance matrix. This is achieved by having several repetitions
of the same slice, demonstrating data has a high redundancy and its analysis shows most
of the signal variance is contained in a few specific components, whereas the noise is
spread over all data [43, 45].

An alternative to the PCA technique, Singular Value Decomposition (SVD)-based
denoising works under the same principles of low-rank matrix dimension reduction and
both signal and noise components data breakdown, which also has been showing good

results in the final observable image [44, 51].

4.2.2 Marchenko-Pastur (MP) Distribution

However, as per Razifar et al. [52], studies done with different medical imaging tools,
including MRI, suggest that PCA has difficulty in separating signal from noise when the
latter magnitude is relatively high, thus having the data low SNR. This way, a novel way
of separating signal from noise ought to be proposed: a model-independent local noise
estimation method based on the Random Matrix Theory (RMT), first studied by Eugene
Wigner and Freeman Dyson in 1955 and 1962, whose results can be used to analyze noisy
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covariance matrices and can be coupled with PCA to exploit the redundancy in MRI data,
which is often achieved by a local or non-local selection of image patches, especially in
spatially varying noise cases [53].

In 1967, using RMT and Wigner’s discoveries, Vladimir Marchenko and Leonid Pas-
tur derived an equation that serves as the MP distribution [54]. Here, when in a very
large matrix, the noise contribution to the histogram of the PCA eigenvalues becomes
deterministic and is well defined by the universal MP distribution - Fig. 4.3. Experiments
and simulations done by Veraart et al. [55] shows this method, MP-PCA, outperforms

existing common methods in terms of precision and accuracy.
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Figure 4.3: Covariance matrix eigenvalue spectrum with MP Distribution superimposed.
Adapted from [55].

Using square patches of MRI data, by the principles explained above, SVD can be
used to find the eigenvalues A of the covariance matrix, which will have P eigenvalues
associated with Signal itself, and N eigenvalues associated with Noise. As long as either
matrix size is much larger than the P-value and after sorting them in a descending order,
the eigenvalues ) are expected to be distributed according to the universal "quarter circle"
law - eq. (4.3) where A, = o%(1 + \/7)2, o is the noise standard deviation and y is the
matrix size ratio.

pHlo7) % if A <A<A,
0 it A>A,

(4.3)
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Here, there is a well-defined curve between A_ and A,, with the N Noise eigenvalues
- grey rectangles - well distributed, and if A > A, the curve will be zero, thereby with
just P Signal eigenvalues - black rectangles. Thus the upper edge A, is able to efficiently
separate the desired noise and significant signal-carrying principal components - Fig. 4.3.
These boundaries 1, are dependent on noise standard deviation ¢ and matrix size ratio y,
being a good estimation of the noise present in the analyzed dataset [54, 55]. More details
on the exact expression are well documented in [54, 55] for those interested in more
details. Worth emphasizing that, depending on the noise level, some of the significant
noise eigenvalues can fall beyond A,, becoming "invisible", and so impossible to remove
[55, 56].
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ExPERIMENTAL METHOD

5.1 MRI Protocol

All MRI experiments were conducted on a 9.4T horizontal MRI scanner (BioSpec 94/20
USR, Bruker BioSpin, Germany) equipped with a gradient system capable of producing
up to 660 mT/m in all directions. An 86 mm resonator volume coil was used for trans-
mittance, and a 4-channel array surface cryocoil was used for reception, allowing SNR
enhancing. Imaging was performed using Paravision 6.0.1 (Bruker Biospin MRI GmbH,
Ettlingen, Germany).

All animal experiments reported in this thesis were preapproved by the competent
national and international authorities and conducted according to EU directive 2010/63.

The files obtained from the MRI scanner were as follows: an FID file with the complex
data obtained from the scanner, a Method file where every parameter of the acquisition is
depicted, and a pdata folder with Bruker’s reconstructed image obtained from the data,
among others. It’s relevant to emphasize the latter corresponds to the raw reconstruction
of the image, no post-processing is executed and is what most researchers use since it is
the easiest to obtain, however not always the best. From the first two files is possible to

reconstruct the pipeline that follows.

5.2 Pipeline

In order to obtain our final image, a pipeline was created with the necessary steps to
achieve our goal. From organizing and reshaping raw complex data to ghost correcting
the data, using MP denoising and finally reggrid it to the final image, those are some
of the steps of the pipeline which are summarized in Fig. 5.1 and will be thoroughly
described in the following subsections. Although presented with this order, for future
work some of these steps may be interchangeable as required.

Besides EPI, the pipeline is also fully optimized for obtaining images for the following
3 Pulse Sequences: Fast Low Angle Shot (FLASH), Multi Slice Multi Echo (MSME) with
T, mapping and Rapid Acquisition with Relaxation Enhancement (RARE), all briefly
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described in section 3.1.2.

Raw Complex Data K-space Correction Ghost Correction Coil Combination ]—)[ MP Denoising J

\ 4
[ Final Image ](—[ Phase Unwrapping ](—[ Regridding ]

Figure 5.1: Pipeline Schematics.

5.2.1 K-Space Correction

After being decrypted from a 32 bit file, the FID file is a long vector that contains alternat-
ing real and imaginary data that must be reshaped to the correct dimensions. As depicted
in section 3.1.1, every other k-space line must be reversed to be correctly organized and
ready to be processed, so that the trajectory in Fig. 3.6 - (B) can almost be turned into
(A), while taking into consideration regridding, which will be further discussed ahead in

section 5.2.5.

5.2.2 Ghost Correction

As described in section 3.1.1, due to alternating EPI RO lines, eddy currents and imperfect
gradients, inconsistencies between k-space lines of opposite polarity can be created — odd
and even echoes - and manifest in the image as Nyquist or N/2 Ghosts — Fig. 5.2 - (A).
These types of artefacts are regularly corrected by Navigators, acquisitions that can be
used to reverse object displacements and phase shifts between alternating RO lines, just
by recording tissue movement during a segment of the acquisition, thus correcting the
degraded image [27, 57]. Nonetheless, those navigators are extra echoes or reference data
acquired during the experiment, taking the time that, if removed, may be valuable to
decrease imaging time, hence Referenceless Methods were proposed.

Here, EPI data itself is used for correction by defining the cost function that is mini-
mized when the data is ghost-free. As the phase difference can be modelled like a 1 order
polynomial only dependent on phase ¢ and pixel shifts x between lines, the minimization
of the cost function can be achieved by estimating ¢ and « solutions [58].

The ghost correction that was used in the pipeline is an adaptation from the Refe-
renceless Method code created by Mckay and et al. [58], consisting of the SVD method,
the cost function f,,(¢, x) is calculated based on the singular value decomposition of
k-space after rearranging into a linear growing kernel which will produce the final ghost
corrected image - Fig. 5.2 - (D).
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k-space after ghost correction

(A) k-space before ghost correction

(B)

20 20

60 60

80 80
100 100
120 120

140 140

160
20 40 60 80 100 120 20 40 60 80 100 120
Image before ghost correction (D) Image after ghost correction

160

(C)

20 20

60 60

80 80

100 100

120 120

20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160

Figure 5.2: Above, k-space before - (A) - and after - (B) - ghost correction. Bellow, image
before - (C) - and after - (D) - ghost correction. In (A), the odd and even lines are mis-
aligned, and in (B) are correctly placed. In (C), the odd and even echoes and respective
resulting ghosts are clearly visible, which are corrected in (D).

5.2.3 Coil Combination

In some special cases, the data might have been acquired by 4 channels, instead of the
usual one. Nowadays many scanners allow for simultaneous signal acquisition in a phased
array system. These types of systems use multiple detector coils and were originally
developed not only to improve spatial coverage while maintaining high sensitivity [3] but
also to reduce scanning time, avoiding problems with moving structures [59]. Here, coils
are distributed around the object that will be scanned, and each will be more sensitive to
the areas which are closer, leading to a non-uniform spatial sensitivity acquisition [40].
In order to get the final magnitude uniform image, as each coil has one complex image
available, a combination into one will be necessary.

There are several methods that are used to achieve a correct Coil Combination, particu-
larly the Sum-of-Squares (SoS) which has become sort of a universal choice, yet introduces

signal bias over-increasing signals magnitude, while other methods may either need coil

35



CHAPTER 5. EXPERIMENTAL METHOD

sensitivity pixel-by-pixel which many times isn’t available [60]. On the other hand, an-
other common method that doesn’t have those issues is the Weighted Coils Combination
Method. Here, each channel N, can be reconstructed independently and combined to a
single image using eq. (5.1), with the weighted sum b, - |S.| for all 4 Coils, where b, cor-
responds to the specific Coil weight determined by the SNR map median for the masked
Coil Image S, over the sum of the weights [60, 61].

bc'|Sc|

Y b

c=1

CCsNr =

(5.1)

In Fig. 5.3 on the left the images acquired by individual coils in a four-element phased
array can be observed. Although all coils are simultaneously active and receiving data, it’s
possible to understand that each image has no coupling to the rest - no superimposition
is seen image-wise. Since the images have no signal transferred between Coils, that also
has the same implication for Noise, no significant parcel is transferred, being each coil

independent from one another without noise correlation [61].

Image before coil combination - Coil 1 Image before coil combination - Coil 2

Image after coil combination

20 % 60 €0 100 120 140 20 4 50 8 100 120 140 -
Image before coil combination - Coil 3 Image before coil combination - Coil 4

20 40 €0 80 100 120 140 20 40 80 80 100 120 140

Figure 5.3: On the left, the 4 coils images can be observed with an increased magnitude
depending on the position of the coil and on the right, the image with the combination of
all 4 coils. The colormap scale is the same for all images.
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5.2.4 Marchenko-Pastur (MP) denoising

As previously explained in section 4.2.2, after processing the data and obtaining the
corrected image, the noise removal can finally be applied. The denoising method here
implemented was originally created by Jonas Olesen, Mark Does and Sune Jespersen for
diffusion MRI (dMRI) data [62], another pulse sequence though the code can also be used
for all MR sequence, and was based on the algorithm presented by Veraart et al. [43]. The
denoising inputs are the target Image with its Repetitions, which can be either the Image
itself or its k-space, and the patche’s Window Size, where the denoising will be applied.
This window size may be either 2D or 3D, ranging from 1 to the image dimension, and as
per [62] the ideal window size should be y/No. of Repetitions.

More on that subject will be elaborated in chapter 6 and 7, but the ghost corrected
k-space was chosen to be denoised. The before and after denoised images can be seen in
Fig. 5.4 (A) and (B).

(A)

(B) Image after denoising

Image before denoising
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120

Figure 5.4: (A) - Image before and (B) after denoising image (A) is the same as the ghost
corrected image in Fig. 5.2 (D).
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5.2.5 Regridding

As reported in section 3.1.1, due to the single excitation pulse used in EPI, although
it allows increased speed in image acquisitions among other benefits, the use of the
non-conventional non-Cartesian trajectory introduces new problems that create incon-
sistencies and misalignments which need correction and will otherwise result in image
artefacts and geometric distortions.

The use of non-Cartesian trajectories makes it impossible to directly use the FFT
due to the interpolation difficulty to go from the measured grid to the Cartesian grid
- or from the measured trajectory to the "perfect version" like the one in Fig. 3.6 (A).
Therefore, more complex methods have to be employed, like the Regridding algorithm
which interpolates the k-space data to a cartesian grid before applying the inverse FFT
[63].

This process was originally created by Brouw in 1975 in the context of radio telescopes
and synthetic aperture imaging [64], was first adapted to CT by O’Sullivan in 1985 [65]
and later introduced to MRI, granted the possibility to use non-uniform k-space trajecto-
ries without extra artefacts when acquiring the final image [66].

The regridding algorithm is summarized in Fig. 5.5. The first step is to density com-
pensate the image, which makes a correction for the increased k-space sampling density
in case its trajectory is non-uniform - that would introduce unwanted weighting, ulti-
mately blurring the image [63]. Afterwards, each k-space point k(x) is distributed along
some trajectory to a W x W Cartesian Grid CGyxw via convolution with an interpolation
kernel K, usually a Kaiser-Bessel window Kgg [63, eq. (3.1)], as illustrated by Fig. 5.6.
This step translates to a k-space that is regridded to an oversampled and larger matrix -
Fig. 5.5 (1). Afterwards, the inverse FFT is applied to acquire the regridded image - 5.5
(2) - which will be much larger than intended, meaning an image crop is necessary to
obtain the original size - Fig. 5.5 (3). At last, because a convolution with the interpolation
kernel Kgxp was performed which gave the image a non-uniform weighting, that "weight"
needs to be removed via an operation known as deapodization. The apodization function
is achieved by the FFT of the interpolation kernel, and after dividing the image by this
new function, any existing weighting is removed - Fig. 5.5 (4) [63, 66] .

Due to the smoothing effect of the convolution, it is much less susceptible to errors
than just a direct interpolation. The Regridding performance depends largely on the size
of the gridding kernel: it can’t be too small or it won’t have the accuracy, it can’t be too
big or it will need an enormous computational power [66].

In Fig. 5.7 it is possible to observe both the before and after regridding images, where

less ringing and artefacts around the image are visible.
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-- Raw k-space data y

@ Interpolation onto Cartesian Grid

Regridded k-space
on oversampled matrix

(1)
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Regridded image
on oversampled matrix

(3)

@ Image Crop

Regridded image
on target matrix
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Figure 5.5: 2-D Regridding. (1) The k-space data is first density compensated and con-
volved to a larger Cartesian Grid, followed by a 2-D inverse FFT (2). Afterwards, the
image is cropped (3), and finally, Deapodization is applied to remove the unwanted im-
age modulation (4). Adapted from [7, 63].

(4)
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K-space Trajectory

K-space Samples

k(x) * KKB = CG\\' W

Figure 5.6: Each Sample k(x) is distributed onto a W x W Cartesian Grid CGyyw via
convolution with the interpolation kernel Kgp in step (2) of Fig. 5.5. Adapted from [63].

(A) Image before regridding (B) Image after regridding
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Figure 5.7: (A) - Image before and (B) after regridding, where it is possible to see, although
subtle, reduced ringing. Image (A) is the same as the denoised image in Fig. 5.4 (B).
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5.2.6 Phase Unwrapping

Considering an MRI is complex based, there are 2 types of information that can be ob-
tained: Magnitude |Z| and Phase ¢. Although the phase information may be ambiguous,
and the reason why the magnitude image is preferred for clinical diagnosis, it may con-
tain important information which can only be decoded from the signal phase. Given
any complex data, by definition, the phase can only be a value between [-7, 7], meaning
any angle outside that interval has to be wrapped around, adding/subtracting multiples
of 27t to reveal the true phase. The removal of these extra angle turns is named Phase
Unwrapping [67].

Having a non-uniform phase along the image slice is caused by small deviations
from the resonance frequency induced by residual magnetic field inhomogeneity [68]
which can cause considerable geometric distortions to datasets, hence the importance of
unwrapping the image as corrections use field maps without phase discontinuities [69].

Additionally, Eichner et al. [70] demonstrate that in low-SNR regions data is domi-
nated by noise floor related to the noise non-Gaussian distribution which affects overall
signal estimation [71]. To remove that bias, the real component of the image should be
used so data is dominated by a zero-mean Gaussian noise distribution, yielding MRI data
without noise bias [72].

MRI phase maps may also have several other applications like susceptibility-weighted
imaging, human brain phase imaging, mapping magnetic field inhomogeneities, quanti-
fying blood flow velocity, characterizing chemical shift effect, temperature mapping and
EPI distortion correction [68].

The unwrapping method used in the pipeline was created by Spottiswoode et al. [73]
and adapted from Ghiglia and Pritt [74]. The before (A) and after (B) unwrapping images

and corresponding image phases - (C) and (D) - can be seen in Fig. 5.8.
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(A) AR {Image} before unwrapping (B) MR {Image} after unwrapping
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Image phase after unwrapping

Figure 5.8: (A) - Real component of the image before and (C) after unwrapping, and
corresponding image phase in (B) and (D).

5.3 MRI Pulse Sequences: Imaging Parameters

Two different pulse sequences were used in this study: an EPI fMRI sequence and a Dif-
fusion EPI. In the first sequence, 306 repetitions of 12 slices were taken with a thickness
of 0.65 mm and a phase encoding direction from left to right. The sequence was applied
with a matrix size of 164 x 83, a Field of View (FOV) of 20.5 x 15 mm?, a TR of 1500 ms,
TE of 16.7 ms, a bandwidth of 375 000 Hz and a partial Fourier Factor of 1.44, which
means only 72% of k-space in the phase-encoding direction was acquired, and so the ma-
trix has to be zero-filled on either side in order to have the same size as Bruker’s version
(164 x 120). This sequence was also collected using just 1 coil fitting the case of single
channel.

In the second sequence, 632 repetitions of 5 slices were taken with a thickness of 0.85
mm and a phase encoding direction from left to right. The sequence was applied with
a matrix size of 141 x 66, a FOV of 16.66 x 12 mm?Z, a TR of 3000 ms, TE of 57.8 ms, a
bandwidth of 250 000 Hz and acquiring the full k-space in the phase-encoding direction.
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In addition, the number of averages was 2, meaning the signal was accumulated twice
prior to reconstruction, which will translate to a higher SNR and this sequence was also
collected using 4 coils fitting the case of multichannel.

Also in this sequence, due to a non-uniform signal sampling in the readout gradient
ramps, a compensation for the resolution loss had to be done - acquisition of more points
in the EPI trajectory. This will result in a post-correction requirement, a k-space crop that
can only be done after regridding, when the points have been sampled to a cartesian grid,
to obtain the same size as Bruker’s version (92 x 66).

Finally, to avoid any confusion, it’s important to clarify that the term channel is the

same as coil.

43






6

REsuLTs

In the following sections, the most relevant results of both Single Channel and Multichan-
nel are presented as well as the experiments related to when and how should Denoising
be applied.

As stated in section 5.1, it is possible to find in the pdata folder the Bruker’s recon-
struction of the complex data, which is the simplest version of the image and both the
easiest and most used version by researchers. This image will be the standard throughout
this work to understand whether quality improvements exist. To remove outside noise

which may bias analysis, the same mask was applied in every image.

6.1 Experimental Data - Single Channel

In the Single Channel case, the section "Comparison between the vendor image and the
denoised image" used k-space after ghost correction with a Window Size of 48, section
"Denoising k-space vs image-space" compares both denoising options and "Denoising win-
dow" highlights how SNR develops as the Window Size increases. All SNR maps were

calculated using the mean of the first 25 repetitions.
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6.1.1 Comparison between the vendor image and the denoised image

In Fig. 6.1 it is possible to see the Bruker’s image in (A) and the Proposed Reconstruction
(PR) image in (B). Both images are visually similar and so is their SNR histogram - both
SNRy1ap means 5.18 + 0.47 and 4.38 + 0.43 (SNR Mean p + SNR Standard Deviation o),
while the other SNRgy parameter, which may be considered more truthful and reliable as
it represents noise variation more accurately, will be 21.05 and 16.97 respectively. Thus,
as both relative differences are bellow 20%, 15.44% and 19.38% respectively, the image’s
visual similarity and resembling histograms confirm the hypothesis that the PR is at the
same level of image reconstruction as the scanner’s manufacturer.
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Figure 6.1: Side-by-side comparison between (A) the Bruker image and respective his-
togram in (C) and (B) the Pipeline Reconstruction (PR) image and respective histogram
in (D). It’s possible to see the visual similarity between images.
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6.1. EXPERIMENTAL DATA - SINGLE CHANNEL

Afterwards, Denoising was applied to Fig. 6.1 (B), resulting in the denoised PR image

- Fig. 6.2 (B). In (A) the Bruker image can be seen for comparison, and with their SNR

histograms it is possible to see an increase of the SNRy,, mean from 5.18 + 0.47 to 20.92

+

2.61, which corresponds to a relative increase of 303.86%. The SNRgy increases from

21.05 to 69.85, a relative increase of 231.83%.
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Figure 6.2: Side-by-side comparison between (A) the Bruker image and respective his-
togram in (C) and (B) the denoised PR image and respective histogram in (D). It’s possible
to observe the decreased noise level between both images and an increase on the SNR
mean level.
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Taking a look at the Residuals of the denoised image, i.e. the difference between the
before and after denoising PR image, we may observe the image only shows noise - Fig.
6.3 (A) - meaning the process of denoising did not introduce new artefacts to the image
and is able to efficiently preserve signal. Also, the histogram of the signal magnitude
(B) will have a Rician distribution, and both the real and imaginary components in (C)
and (D), will have a Gaussian distribution, which resembles what was discussed in 4.1,
corroborating that residuals are just composed by noise and no signal.
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Figure 6.3: (A) Residuals of the PR image residuals along with the respective histogram of
its real component (C), imaginary (D) and magnitude (B). The first two have a Gaussian
distribution and the latter a Rician distribution, as expected.
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Applying Regridding, the image will further increase the mean SNRy,, from 20.92
+ 2.32to 22.00 + 2.53 - Fig. 6.4 (B) and (D), which will result in a final relative increase
of 324.71%. SNRgy increases from 69.85 to 74.05, overall increasing to 251.78%.
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Figure 6.4: Side-by-side comparison between (A) Bruker’s image and respective histogram
in (C) and (B) the regridded PR image and respective histogram in (D).
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Finally, because of what was discussed in section 5.2.6, to remove the noise bias the

real component of final image unwrapped is displayed in Fig. 6.5 (B) alongside the final

regridded image (A) and respective histograms, with an SNRy,, mean increase to 29.81
+ 3.53 and an SNRgy of 75.79. In Table 6.1 it’s possible to observe all PR results along the

Bruker reconstruction for an easier interpretation.
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Figure 6.5: In (A) the regridded PR image is shown for comparison, and in (B) the real
component of the PR image is shown, due to the noise bias removal, along with respective
histograms. It’s possible to see an even higher increase in SNRy,, mean.

Table 6.1: Summary Table of the SNR values throughout the pipeline with respective
Relative Percentual Difference (RPD) of SNR values, all relative to the Bruker standard

(darker blue).
SNRpap mean SNRgy
SNR y | Std o | RPD (%) | SNR | RPD (%)
Bruker image 5.18 0.47 - 21.05 -

PR image 4.38 0.43 -15.44 | 16.97 | -19.38

Denoised PR image 20.92 | 2.61 303.86 | 69.85 | 231.83
Regridded PR image 22.00 | 2.53 324.71 | 74.05 | 251.78
Re{Unwrapped PR image} | 29.81 | 3.53 475.48 | 75.79 | 260.05
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6.1.2 Denoising k-space vs image-space

As discussed in section 5.2.4, when the MP-PCA is applied, it is possible to denoise either
the image-space directly or k-space. Typically, it would make sense for Denoising to be
performed on the image domain directly using voxels along the redundant dimension
to construct the MP distribution and only then can the noise eigenvalues be effectively
removed. Herewith, a hypothesis can be stated that one approach may be better than the
other.

In Fig. 6.6 (A) denoising was performed using the image-space with its respective
SNR histogram in (C) with an SNRy,, average of 14.22 + 1.68 and an SNRgy of 40.45.
The Residuals map, obtained the same way as previously explained, can be observed in
Fig. 6.6 (B) with the respective histogram (D) - only the real component is shown for
space-wise purposes - and the same conclusion can be reached: the process of denoising
here not only didn’t introduce new artefacts to the image but also is able to efficiently

preserve signal.
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Figure 6.6: (A) Image-space denoising was performed with its respective SNR histogram
(C) along its residuals (B) and histogram distribution (D). For space-wise purposes, only
the real component is shown, but the other components have a similar distribution to Fig.
6.3 (B) and (D).
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Considering data used in the previous section was obtained with k-space denoising, a
comparison between the two can be attained. Fig. 6.7 shows the denoised image-space
(A) and the denoised k-space (B) side-by-side with their corresponding histograms with
mean SNR map of 14.22 + 1.68 (C) and 20.90 + 2.61 (D), respectively.
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Figure 6.7: (A) Denoised image-space along with its respective histogram (C). (B) De-
noised k-space along with respective histogram distribution (D).
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Comparing both approaches of Denoising, Fig. 6.8 shows the EPI converted data
before denoising, here named original (A), after the more conventional image-space
denoising (B) and after k-space denoising (C). It is important to note that data quality
has a significant, more smooth SNR improvement for both denoising strategies and that
both Residuals and corresponding histograms - shown below in (D) and (E) - are very
similar, with no presence of something that resembles signal and their distribution is
Gaussian-like, implicating very signal variance is removed.

(A) (B)  Denoised image-space (€)

Original Denoised k-space
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Figure 6.8: (A) Image before denoising - Original - (B) after image-space denoising and
(C) after k-space denoising. The residuals and histogram distribution from (B) and (C)
are shown in (D) and (E), respectively. For space-wise purposes, only the residuals real
component is shown, but the other components have a similar noise behaviour distribu-
tion. The colormap of (C) is the same for all three pictures. All denoising parameters
were identical except the domain in which denoising was performed.
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Figure 6.9 shows the quantitative SNR maps for the 3 cases: (A) original, (B) after
image-space denoising and (C) after k-space denoising. The original image has a signal
ratio range from 0 to 8, the image-space denoising has a range between 10 to 20 while the

k-space denoised image has a more predominant higher range of 18 to 25.

(A) SNR — Original (B) SNR — Denoised image-space (C)  SNR — Denoised k-space

Figure 6.9: SNR quantitative maps for the 3 cases: (A) Original before denoising, (B)
after Image-space denoising and (C) after k-space denoising. The colourmap of (C) is the
same for all three pictures. All denoising parameters were identical except the domain
in which denoising was performed.
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Finally, Fig. 6.10 shows the SNR histogram for all three stipulated cases along with
each SNR mean, 5.03 for the original image, 14.22 for the denoised image-space and 20.90

for the denoised k-space. All results can be seen in Table 6.2 for an easier analysis.

SNR histogram - Comparison between three cases

[ ] original

[ ] K-space denoised
[ i1mage-space denoised
= = Mean Orig 1 =5.03

= = Mean Ksp p =20.92
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Figure 6.10: SNR histogram comparison between the 3 cases: Original (Orig), after
Image-space (Img) denoising and after k-space denoising (Ksp) along with their means
in coloured dashed lines corresponding to each case. All denoising parameters were
identical except the domain in which denoising was performed.

Table 6.2: Summary Table of the SNR values comparison of Image-space and k-space with
respective Relative Percentual Difference (RPD).

SNRpap mean SNRgy
SNR y | Std o | RPD (%) | SNR | RPD (%)
Denoised image-space | 14.22 | 1.68 40.45
Denoised k-space 20.92 | 2.61 47.12 69.85 72.68
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6.1.3 Denoising window

Finally, because of the Denoising uncertainty and variables associated, the denoising

window size was also studied to check whether the ideal window size y/No. of Repetitions
has the highest SNR value or if a better value can be found.

Fig. 6.11 shows a plot of the denoising SNR level vs Window Size at 3 stages in the
pipeline: After Denoising (AD), After Regridding (AR) and the real component After Un-
wrapping. In (A) the mean map variation is shown, while in (B) the more representative
SNR parameter SNRgy can be observed, and in both it’s notorious the Regridding increase
of SNR level along with an even higher real component, without noise bias.

Of notice that there seems to be two local maximums, being the first located around
the ideal denoising window expressed by [62] in 17, however a higher SNR is possible to
achieve with a Window Size of 48, going from 18.1 to 21.92, an increase of 21.10%.
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Figure 6.11: Plot of the SNR vs denoising Window Size at 3 different pipeline stages:
After Denoising (AD), After Regridding (AR) and the real component of the Unwrapped
Image with: (A) the parameter SNRy,p, and (B) SNRgy. All denoising parameters were
identical except the Window Size with which Denoising was performed.
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6.2 Experimental Data - Multichannel

Denoising in a Multichannel dataset introduces a new variable until now unaccounted

for: coils/channels and how should they be denoised. Three possible scenarios were hy-
pothesised to understand where the algorithm would be more effective: coil combine after

ghost correction and denoise like it is one image (CC Beginning); individually denoise

each coil and combine afterwards (Individual CC); and have all the coils collapse to the
same dimension, creating a "Super Coil" N times bigger, if N coils were used (Super Coil).
Tests were performed with both SNR parameters - Fig. 6.12 - and although the SNRyy,p
parameter (A) shows that CC Beginning is the worst scenario, it is only by 0.5 while in
(B) the truer SNRgy shows that scenario was at least twice as high as the others, so the
chosen scenario was the former: coil combine right after ghost correction and denoised

like the Single Coil case.
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Figure 6.12: Plot of the SNR vs Denoising Window Size at 3 different Denoising scenarios:
denoising after Coil Combination at the Beginning (CC Beginning), Individual denoise
each Coil (Individual CC) and denoise the "Super Coil" (Super Coil) with: (A) the param-
eter SNRyp,p and (B) SNRsy. All denoising parameters were identical except the Window

Size with which Denoising was performed.

In this case, the section "Comparison between the vendor image and the denoised image"
used k-space after Coil Combination with a Window Size of 30, section "Denoising k-space

vs image-space" compares both denoising options and "Denoising window" highlights how

SNR behaves according to the window size.
Since this dataset is a diffusion EPI, all 92 images with the b=0 s/mm? value were

used to calculate the mean of SNR parameters - b being a factor that indicates how strong

the MRI diffusion is.
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6.2.1 Comparison between the vendor image and the denoised image

Fig. 6.13 (A) shows the Bruker’s image and the PR image in (B) with the respective
histograms. The images aren’t the same size due to the sampling compensation explained
in section 5.3, thus the masks and image size will only be the same at the last step,
and only then a comparison between the two is viable. Until there the comparison is
performed between PR images.

Apart from the noticeable ringing effect, due to the EPI trajectory and only corrected
at a later stage in Regridding, both images are visually similar - SNRyj,p, means are 9.08 +
0.88 and 8.28 + 0.99, meaning the PR is almost at the same point of image reconstruction
as the scanner’s manufacturer. Using the SNRgy a value of 103.49 is obtained for Bruker
and 46.20 for PR - a difference explained by a different 20 x 20 Noise ROI, since using
the previously established ROI won’t have only noise, one of the requirements for the
ROINpise-
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Figure 6.13: Side-by-side comparison of (A) Bruker’s image and respective histogram
(C) and in (B) the PR image and respective histogram in (D). Apart from the ringing,
corrected at a later stage, it’s possible to see the similarity between images.
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After Denoising, the resulting PR image is displayed in Fig. 6.14 (B) with the respec-
tive histogram in (D). Again the Bruker image and its SNR distribution is displayed for
an easier visual comparison. SNR value increases from 8.28 + 0.99 up to 9.54 + 0.82, cor-
responding to a relative increase of 15.22%. In SNRgy the value will be 155.29, increasing
236.13%.
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Figure 6.14: Side-by-side comparison between (A) Bruker’s image and respective his-
togram in (C) and (B) the PR image after denoising (AD) and respective histogram in
(D).
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Using the denoised image Residuals map - Fig. 6.15 (A) - and the real data distri-
bution (B), it is possible to confirm only the presence of noise and little to non-existent
signal, which implies there was good signal preservation and no introduction of artefacts.
As the Weighted Coil Combination Method used the data magnitude to combine coils -
eq. (5.1) - it only makes sense to calculate the real data component histogram.
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Figure 6.15: (A) Residuals of the PR along with the histogram of its real component (B),
the latter having a Gaussian distribution, as expected. Since the coil combination uses
the magnitude of the data to combine coils, it’s only possible to calculate the magnitude
histogram.

After applying Regridding, the ringing effect of the image is completely removed -
can be observed in Fig. 6.16 (B). Nonetheless - data not shown - before cropping the
image, the SNR level reduces to 9.12 + 0.66, which will result in a final relative increase
of 10.14%. Although the SNRy,, mean reduces, the more reliable SNRgy level increases
from 155.29 to 176.27, with a final relative increase of 281.54%, indicating the image has

an overall quality increase.
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6.2. EXPERIMENTAL DATA - MULTICHANNEL

After the compensation correction, and both unwrapping and taking the real compo-
nent, the Fig. 6.16 (B) is obtained, while in (A) Bruker’s image is displayed for comparison
with respective histograms. Here SNRy,, means are 9.08 + 0.88 and 13.95 + 0.82, while
the SNRgy is 103.49 and 230.05, representing a final increase of 53.63% and 122.29%
respectively.

At this point and because a crop had to be made to match Bruker’s dimensions, a
scaling factor may be a key factor in image reduction, however we need further evidence
to check the benefits of denoising. It was not the scope of the investigation to deduce this
factor. Noteworthy the ROI for the noise in the cropped images was a 20 x 20 rectangle,
instead of the usual 27 x 27, explaining the increased SNRgy. Also, in Fig. 6.16 (B) the
real component of the unwrapped image won’t have a different visual look contrasting

with the Single Case - Fig. 6.5 (B) - because of the way coils were combined.
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Figure 6.16: Side-by-side comparison between (A) Bruker’s image and respective his-
togram in (C). In (B) the real component of the unwrapped PR image is displayed with
the respective histogram in (D).
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Finally, to demonstrate Denoising can also have a more visual impact in multichannel
images, a higher value b image is shown in Fig. 6.17. Here it is possible to see for compa-
rison the Bruker version (A) and the final unwrapped PR image real component (B) with
respective histograms. The former has a mean SNR map of 1.86 + 0.09 and the latter 3.53
+ 0.80, corresponding to a relative increase of 89.79%. The SNRgy has a value of 29.11
and 58.48, respectively, with an increase of 100.89%. In Table 6.3 all results for both b

values can be examined for an easier analysis.
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Figure 6.17: Bruker image (A) and the real component of the unwrapped PR image (B)
with respective histograms with b = 1200 s/mm?. The Denoising effect is more pronoun-
ced and visible at a higher b value.
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6.2. EXPERIMENTAL DATA - MULTICHANNEL

Table 6.3: (i) For b = 0 s/mm?, the Summary Table of the SNR values throughout the
pipeline with respective Relative Percentual Difference (RPD) of SNR values is displayed.
(ii) For b = 1200 s/mm?, the Summary Table of the SNR values with respective Relative
Percentual Difference (RPD) of SNR values is displayed.

In () the RPD is relative to the PR image due to the size difference, and in (?) is relative to
respective Bruker standard (darker blue).

SNRp,p mean SNRgy
(i) SNR 4 | Std o | RPD (%) | SNR | RPD (%)
Bruker image 9.08 0.88 = 103.49 =
PR image 8.28 0.99 - 46.20 -
Denoised PR image 9.54 | 0.82 | 15.22@ | 15529 | 236.131
Regridded PR image 9.12 | 0.66 | 10.14@ | 176.27 | 281.54

Re{Unwrapped PR image} | 13.95 | 0.82 | 53.63%) | 230.05 | 122.29()
(ii)

Bruker image 1.86 0.09 - 29.11 -
Denoised PR image 3.53 | 0.80 | 89.79(") | 58.48 | 100.89"

(@relative to PR image

(!)relative to respective Bruker image
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6.2.2 Denoising k-space vs image-space

Making now the same analysis of image-space and k-space denoising, the same hypothe-
sis was stated that one approach may provide a better SNR level than the other.

In Fig. 6.18 (A) image-space denoising is shown along its SNR histogram in (C) with
an SNR level of 9.92 + 0.77 and an SNRgy of 208.95. The Residuals map is shown in Fig.
6.18 (B) with its distribution in (D) - only the real image can be calculated - and also no
high signal is present in the image, being signal correctly preserved.
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Figure 6.18: (A) Image-space denoising was performed with its respective histogram
(C) along with its Residuals (B) and histogram distribution (D). As expected it has a
Gaussian distribution, and is also the only dispersion that is possible to calculate due to
coil combination.
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6.2. EXPERIMENTAL DATA - MULTICHANNEL

Since data in the previous section was obtained with k-space denoising, the two can

be compared. Fig. 6.19 shows the denoised image-space (A) and the denoised k-space
(B) side-by-side with their corresponding histograms with a mean SNR of 9.92 + 0.77 (C)

and 9.54 + 0.82, respectively.
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20 20
30 30
40 40
50 50
60 60
20 40 60 80 100 120 140 20 40 60 80 100 120 140
400 (C) SNR histogram — Denoised image-space 400 (D) SNR histogram — Denoised k-space
i - - Mean ;=982 'l - - Mean ;=954
350 - ] == S8di=077 - 350 ' == Std §=0.82
[ | [
LI [ | I
300 - o 300 -
LI | 1 1
250 - oL 4 250~ (]
— LI | — 1 1 —
c [ | ] c [
3200 - I 13200 R
O [ | O T
L | i L 1
150 A 150 1l
LI | 1 1
100 1 1 100 | 1 —
LI | 1 1
LI | 1 1
50 L_‘ 1 50 1 1
LI | 1 1
0 1 1 }_|—J 0 1 1 J_l—J
2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18
SNR SNR

Figure 6.19: (A) Denoised image-space along with its respective histogram (C). (B) De-
noised k-space along with respective histogram distribution (D).
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Comparing both methods of Denoising for this case, Fig. 6.20 (A) shows the original
image before denoising, (B) after image-space denoising and (C) after k-space denoising
which are all quite similar. Residuals and corresponding histograms are shown below in
(D) and (E), which are also very similar, with no presence of residuals and their distribu-

tion looks Gaussian-like, implicating very signal variance is removed.

(A) Original (B)  Denoised image-space (C) Denoised k-space >é‘104

) (E)

Residuals — Image-space mHistogram— Residuals image-space Residuals — k-space
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200

150

50 |

| el .

08 06 04 02 0 02 04 06 08 08 06 04 02 0 02 04 06 08
Residuals (a.u.) Residuals (a.u.)

2% H

]
et

Figure 6.20: (A) Image before denoising, after image-space denoising (B) and after k-space
denoising (C). The Residuals from (B) and (C) and histogram distribution are shown in
(D) and (E), respectively, all having a Gaussian distribution. The colourmap of (C) is the
same for all three pictures. All denoising parameters were identical except the domain
in which Denoising was performed.

66



6.2. EXPERIMENTAL DATA - MULTICHANNEL

Figure 6.21 shows the quantitative SNR maps for the 3 cases: original, after image-
space denoising and after k-space denoising. The original image has a signal ratio range
from 5 to 12, and both image-space and k-space denoising have a predominant SNR range
of 12 to 15.

(A) SNR — Original (B) SNR — Denoised image-space (C) SNR — Denoised k-space

15

0

Figure 6.21: SNR quantitative maps for the three cases: (A) Original before denoising, (B)
after image-space denoising and (C) after k-space denoising. The colourmap of (C) is the
same for all three pictures. All denoising parameters were identical except the domain
in which Denoising was performed.
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Finally, Fig. 6.22 shows the SNR histogram with the superposition of all three stipu-

lated cases, along with each SNR mean: 8.28 for the original image, 9.92 for the denoised

image-space and 9.54 for the denoised k-space. In Table 6.4 all results for the k-space and

image-space denoising can be observed for an easier analysis.
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Figure 6.22: SNR Histogram comparison between the three cases: Original (Orig), after
Image-space (Img) denoising and after k-space denoising (Ksp) along with their means
in colored dashed lines corresponding to each color case. All denoising parameters were
identical except the domain in which Denoising was performed.

Table 6.4: Summary Table of the SNR values Comparison of Image-space and k-space
with respective Relative Percentual Difference (RPD).

SNRy,p mean SNRgy
SNR y | Stdo | RPD (%) | SNR | RPD (%)
Denoised image-space | 9.92 0.77 208.95
Denoised k-space 9.54 0.82 383 155.29 25.68
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6.2.3 Denoising window

Lastly, the denoising Window Size was plotted with the corresponding SNR to check the

ideal window size y/No. of Repetitions trustability.

Fig. 6.23 (A) shows the plot of the denoising Window Size with the corresponding
SNR map mean at 2 stages in the pipeline: After Denoising (AD) and After Regridding
(AR). In Fig. 6.23 (B) it’s possible to see the same plot but for the SNRgy version at
the same 2 stages. Only the same size images are viable to compare, hence the 2-stage
comparison instead of the previous 3-stage case.

Though the ringing effect removal, opposite of what happened in the single case, in
(A) it’s visible the decrease in SNRyj,p mean with Regridding, however in (B) the more
representative SNRgy parameter increases with this step, which is in line with what was
previously discussed.

No two local maximums are reported in multichannel denoising, being the ideal
denoising window expressed by [62] approximately well located on the highest SNR in

(A), but is a bit overestimated in (B).
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Figure 6.23: Plot of the SNR vs denoising Window Size at 2 different pipeline stages:
After Denoising (AD) and After Regridding (AR) with: (A) the parameter SNRy,, and
(B) SNRgy. All denoising parameters were identical except the Window Size with which
Denoising was performed.
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DiscussioN

The main focus of this work was to characterise the performance of MP-PCA under dif-
ferent conditions and to develop more optimal ways of denoising data. Below, we discuss

the main features found in our work as well as future perspectives.

7.1 Single Channel Reconstruction

7.1.1 Comparison between the vendor image and the denoised image

Although the current dilemma in finding common ground on SNR calculation due to its
many variables and different situations, the results obtained for both single and multi-

channel allow conclusions to be drawn from the data here presented.

First, it is worth pointing that the PR here developed produced images that were
identical or close to identical to the vendor’s reconstruction. This suggests that all steps

along the pipeline were correctly implemented and executed.

After successfully achieving the same image as the scanner manufacturer’s makes
available, the MP-PCA Denoising was used to successfully separate noise and signal eigen-
values, which significantly improved image quality, allowing images to be interpreted in
a better way while improving overall signal - Fig. 6.2 (A) and (B) - but also significantly
increases SNR - Fig. 6.2 (C) and (D). There is still a relative increase of 303.86%., 5.18 to
20.92 number-wise after denoising, and 324.71% - 5.18 to 22.00 - after regridding for
each step. Accordingly, the SNRgy level also keeps improving - 231.83% from 21.05 to
69.85 and 251.78% from 21.05 to 74.05, respectively. Using the real component of the
unwrapped image further increases both SNR parameters to 29.81 and 75.79, suggesting
that the MP-PCA works best on Gaussian noise, which is in line with its theory being

based on independent identically distributed noise transformed to PCA space.

These results indicate that generally, MP Denoising is an efficient signal preserving
method that is able to efficiently reduce noise, although not completely eliminate it as

that is an impossible task, as previously discussed.
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7.1.2 Denoising k-space vs image-space

As discussed in section 5.2.4, when Denoising is applied, it is possible to denoise either
the image directly or in k-space. Typically, using RMT, MP-PCA is performed in the
image matrix directly taking voxels along the redundant dimension by identifying the MP
distribution, which allows for noise to be effectively removed. However, a good algorithm
performance requires for the patches used to construct the voxel dimension to have as
little variation as possible. Failure to comply with this requirement may substantially
reduce denoising quality.

Hence, a hypothesis was stated that using other domains may somehow improve
denoising performance, namely image-space and k-space. Here, when using identical con-
ditions for both experiments except the domain Denoising was performed, k-space de-
noising was found to be better visually - Fig. 6.9 (B) and (C) - and SNR wise - Fig. 6.7 (C)
and (D). In Fig 6.10 the SNR histogram from the three cases is displayed, where k-space
denoising has the highest mean and with the highest bin count, thus proving the quality
enhancement. Also, signal seems to remain intact and is not erroneously removed, as evi-
dent by the uniform residuals distributions. Therefore, MP-PCA seems to mainly remove
noise components in both domains - Fig. 6.8 (D) and (E) - so this simple transformation
suggests huge improvements for the MP-PCA performance in this case. Most likely, this
enhancement is due to the increased k-space patches similarity when compared with the
sharper transitions in image domain - low and high spatial frequency proximity increase
noise’s covariance matrix, allowing more pronounced principal components and easier
noise separation.

Lastly, k-space may be beneficial for other image processing mechanics, e.g. ghost
correction might be more efficient as ghosts are more detailed and less noisy, and using
k-space to completely avoid inconvenient phase wraps and ringing due to partial Fourier
encoding that appears in image-space is also possible. In addition, when gridding is
required - e.g. in EPI data or when other ultrafast non-cartesian k-space trajectories
are used - denoising in k-space can improve performance as gridding can become more
accurate for these cases.

These results have been observed in multiple datasets and were replicated in simula-
tions - data not shown - suggesting that this denoising improvement is not a particularity
of this dataset.

7.1.3 Denoising window

Seeing both plots of the SNR vs Window Size in Fig. 6.11, besides the higher SNR values
for both regridding algorithm and the real component of the unwrapped image, it is also
possible to observe the existence of two local SNR maximums with the increase of the
denoising window, the lower one being located at the ideal denoising window expressed
by [62]. This means that by incrementing the window size from 17 to 48 for a redundant
dimension of 306, although it will take more time for post-processing to be concluded, an
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increase of 18.1 to 21.92, 21.10% is possible to achieve, which might be worth the extra
time, especially if it represents the extra refinement when characterizing tissues. This
also seems to happen when considering the more reliable SNRgy .

In addition, this might indicate that acquisitions with lower repetitions, and lower
time, can be achieved as there’s an extra achievable definition with smaller data sets that
didn’t exist beforehand.

These results have been observed with other numbered repetitions - data not shown
- suggesting that these two local maximums uniqueness are not a particularity of this
dataset.

7.2 Multichannel Reconstruction

7.2.1 Comparison between the vendor image and the denoised image

For the Multichannel Reconstruction, a comparison can only be done when the images
have the same matrix size, thus the impossibility to compare the first two images with
the vendor like what was executed in the single case. Only at the pipeline end, in Fig.
6.16, a comparison was possible. In (A) and (B), the final image for Bruker and the
unwrapped PR can be seen along with their histograms. The quality improvement is not
as pronounced as the single coil version, but the SNR mean improvement does still exist.
Considering just the SNR mean map the enhancement is only 53.63% but when consider-
ing the more reliable SNRgy the increase will be higher, 122.29%. Of note that although
the unawareness of how Bruker obtained their image, further studies are necessary to
understand the importance of a scaling factor and if it increases both the SNR values and
the benefits of denoising.

In spite of this dilemma, these results do generally indicate MP denoising is an effi-
cient Noise removal method, but not as effective as the single coil case.

Additionally, as demonstrated in Fig. 6.17 another image of this dataset with a higher
b value has a better result with denoising, visually and number-wise, improving from
1.86 t0 3.53, 89.79% and from 29.11 to 58.48, 100.89%, proving the fluctuation that SNR

measurements may sometimes have, as previously discussed.

7.2.2 Denoising k-space vs image-space

When comparing the case for image-space and k-space denoising in the exact same con-
ditions - Fig. 6.19 (A) and (B) - unlike the single coil case, image-space denoising was
found to be better. Though Fig. 6.20 the original image (A) seems like the same as the
denoised image (B) and k-space denoised (C), when inspecting the SNR map - Fig. 6.21 -
a better image is visible as the latter two have a higher SNR level. Also, Fig. 6.22 with
the histograms superposition may help to explain the closeness between images. In Fig.
6.20 (D) and (E) the residuals imply there was no signal "leakage" also suggesting this is
a good signal preserving method.
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Possibly there’s a difference in results due to the coil combination method involving
the magnitude operation to remove the coils, which may impact the original data be-
haviour, and because it’s the multichannel case, noise correlation between coils may take

part in the results discrepancy.

7.2.3 Denoising window

Finally, seeing both plots of the SNR vs Window Size in Fig. 6.23, opposite of the single
channel case, Regridding decreases SNR level when considering the map mean, but does

increase when the more accurate SNRgy is considered.

Also, no two local maximums were found in this case, the {/No. of Repetitions is pretty
accurate with the highest SNR when considering SNR map mean but is overestimated in
SNRgy.

This scenario might be explained by the reduction of the image size - with single coil
the smallest window size is the y-dimension with 120 and in the multichannel case, the
smallest is also the y-dimension with 66. The latter is almost half the former, meaning the
denoising algorithm is able to improve, but might not have enough repetitions to keep

escalating for the second maximum.

7.3 Limitations

Accordingly, these results do need to be generalized, using for e.g. simulations where the
ground truth is known, since there are some inconsistencies with the SNR calculation after
noise removal and regridding. Also, only k-space and image-space were examined in this
work, implicating other useful transformations, as long as they are approximately unitary,
such as wavelet and discrete cosine transformations, can have an even better performance

when identifying the MP distribution and thus separating noise from signal.
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CONCLUSION

This work aims to understand and develop efficient Single and Multichannel denoising
strategies, in the context of fMRI, illustrating the high benefits of using a post-processing
technique, MP distribution, specifically for image noise removal.

Although efficiency and absolute value increase range due to image and dataset con-
ditions, in all performed experiments, SNR level was successfully increased, meaning
overall quality boost is undeniable, visually improving the final result with more defined
details and texture, which was the main goal.

Additionally, though both image and k-space domains denoising significantly improve
the resultant image, the simple use of one instead of the other, namely the latter in most
scenarios, is again able to further increment visual features and SNR. The mentioned
k-space denoising may also be favourable to increase other image processing procedures
capability, which is always a desired plus.

The study of the SNR variation with denoising window size could be an indication that
there might be a better value for the window size than what’s proposed in the literature.
Also, the size of the image can be a key factor of how denoising performs, as a bigger
image tends to have higher SNR.

Denoising appears to be more effective when single coil data is used when compared
to multichannel data, however noise correlations weren’t studied and may bias the results.

This way, a reliable and trustworthy method is introduced with great reproducibili-
ty which may be used not only in several medical imaging techniques but also in every
subject that involves signal processing and noise and k-space acquisition, like telecom-
munications, image processing, data analytics, etc.

The results show that by just applying a post-processing technique, a significant in-
crease in quality can be achieved when compared with the current scanner manufacturer’s
standard used by a significant number of researchers and clinicians. This opens a realm
of possibilities in what can be done in the diagnostic and treatment department - and
other topics of interest - as well as considering what was misdiagnosed because there
wasn’t a clearer image of the patient’s targeted area and could have been avoided if the
MP-PCA technique was in use.
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CHAPTER 8. CONCLUSION

Future perspectives which weren’t possible to be completed include simulation of how
much cleaner an image could be by introducing a commensurable amount of noise, or at
the other end of the spectrum, how little could it remove, as well as denoising a 3D data

set, improving the final model and how a 3D denoising window could affect/enhance

MP-PCA.
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ANNEX 1: ABSTRACT SUBMISSION

Marchenko-Pastur PCA denoising performance is enhanced in
the k-space domain

Joao Diogo Fernandes!, Andrada Ianus!, Jonas L. Olesen?3, Rafael Neto Henriquesl,

Sune N. Jespersen®3, Noam Shemesh!

IChampalimaud Research, Champalimaud Centre for the Unknown, Lisbon, Portugal
2Center for Functionally Integrative Neuroscience, Department of Clinical Medicine,
Aarhus, Denmark

3Department of Physics and Astronomy, Aarhus University, Denmark

Synopsis (up to 100w)

Marchenko-Pastur PCA MP-PCA denoising is a prominent noise attenuation technique

for MRI data with at least one redundant dimension (dMRI, T2 mapping, etc.). Typically,
voxels along the redundant dimension are used to construct the matrices for denoising.
However, contrast variation across the image may reduce denoising quality. Here, we
hypothesized that simple data transformations to other domains may improve denoising
performance. We analysed dMRI data acquired at 16.4T, denoising the data with the
same window in k-space or in image space. Performance enhancements were observed
for k-space denoising, suggesting that simple transformations may dramatically improve
performance of MP-PCA.

Summary of main findings (250 characters, 35 words):

Simply using k-space instead of image domain signals improved Marchenko-Pastur de-
noising performance. Given the increasing need for improved sensitivity, this simple

modification is especially effective.
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ABSTRACT BODY (up to 850w, excl. ref’s)

Introduction

Marchenko-Pastur PCA MP-PCA denoising!? is a gaining increasing attention* for its
effective noise attenuation in MRI data with at least one redundant dimension (dMRI,
T2 mapping, fMRI, etc.). The benefits of MP-PCA denoising include the objectivity of
the method (does not require manual rank selection) and lack of spatial (or temporal)

smoothing in the reconstructed images'.

Typically, MP-PCA operates in image domain, taking voxels along the redundant dimen-
sion and using random matrix theory to construct the MP-PCA distribution, which is
then effectively removed. However, good performance requires that the contrast varia-
tion in the “patch” typically used to select the voxels across the image to be as uniform as

possible. Violation of this requirement may significantly reduce denoising quality.

Here, we hypothesized that simple data transformations to other domains may improve
denoising performance. When simply using identical patches in k-space or in image space,
we find enhancement for k-space denoising, suggesting that simple transformations may

dramatically improve performance of MP-PCA.

Methods

All animal experiments were preapproved by the competent national and international

authorities and were carried out according to EU Directive 2010/63.

Sample: A mouse brain was extracted from a healthy adult mouse using standard intra-
cardiac PFA perfusion and preserved in a PBS solution for at least 48h. The brain was
then mounted in a 10 mm NMR tube filled with Fluorinert® and scanned at 37°C on a
16.4T scanner equipped with a microimaging probe capable of producing up to 1500
mT/m (isotropic).

MRI Experiments: A dMRI experiment with 20 b=0 images, and 5 b-values {1,2,5,10,20}
ms/pmz, 60 directions per b-value, A/6 = 10/5.5 ms were acquired using a SE-EPI se-
quence (TR/TE = 5000/58 ms) with BW = 400 kHz, in-plane resolution of 85 x 85 im?,
slice thickness 0.5 mm.

Data Analysis: Pre-processing included MP-PCA denoising! in either k-space domain
(complex data) or image domain (also complex data) after ghost correction®. After denois-
ing, data was phase-unwrapped and the real part of the data was extracted®, followed by
Gibbs unringing’. Signal to noise was calculated voxelwise from the mean and variance

along the 20 b=0 images as mean(brain_signal)/std(brain_signal).
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Results and Discussion

Figure 1.1 shows the data before denoising, after k-space denoising, and following the
conventional image domain densoising. Note that data quality significantly improves for
both denoising strategies, and the residual maps look very similar. The distribution of
residuals shows very little — if any — structure, and the distribution of residuals is closely
gaussian. This suggests that k-space denoising does not introduce any artifacts to the

denoising process.

We then examine quantitative voxelwise signal to noise maps (Figure I.2) for the original,
k-space denoised, and the conventional image-domain denoised data for one represen-
tative slice in the brain. The original image has a typical signal to noise of 5-15, while
the k-space denoising typical signal to noise is at around 20-40. The signal to noise of
the conventional image domain denoising is clearly in-between these two. Figure 1.3
further quantifies the histogram of signal to noise value in the data for the 3 conditions,
clearly revealing that k-space denoising outperforms image-domain denoising in nearly
all bins. Likely, the enhancement is gained due to increased similarity in k-space patches

compared with the sharper transitions in image domain.

Our results have been observed in other images and were replicated in simulations (data
not shown), suggesting that this denoising enhancement is not a peculiarity of the dataset

provided in this abstract.

Finally, it is worth mentioning that k-space denoising may also be beneficial for other
image processing procedures, for example for ghost correction performance as ghosts may
be better defined and less noisy. Furthermore, inconvenient phase wraps or ringing due
to partial Fourier encoding in image domain are completely avoided in k-space domain.

Thus, this approach may offer significant benefits for other image processing procedures.

Conclusion

Denoising the k-space data using the MP-PCA approach provides significant enhance-
ments in denoising performance.

This study was supported in part by "la Caixa" Foundation (ID 100010434) and European
Union’s Horizon 2020 research and innovation programme under the Marie Sktodowska-
Curie grant agreement No 847648, fellowship code CF/BQ/PI120/11760029.

89



ANNEXI. ABSTRACT SUBMISSION

Original k-space denoised Image domain denoised

x10°
4

35

Figure I.1: Data and residuals. Original data, data denoised in the k-space domain, and
data denoised more conventionally in the image domain are shown in the top row for a
representative slice. The residuals are shown in the bottom row, suggesting that very little
signal variance is removed. All denoising parameters were identical except the domain
in which they were denoised.

SNR(Original) SNR(k-space denoised) SNR(Image domain denoised) 50

Figure 1.2: Quantitative signal to noise calculation for every voxel. These SNR maps,
calculated from the repetitions of 20 b=0 images, show that the overall signal to noise is
much higher when data is denoised in k-space. All denoising parameters were identical
except the domain in which they were denoised.
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Figure I.3: Signal to noise histograms clearly reveal the improvement in k-space denoising
over the conventional image based denoising. All denoising parameters were identical
except the domain in which they were denoised.
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