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Abstract

Functional magnetic resonance imaging (fMRI) typically employs one of the fastest pulse
sequences — known as echo-planar imaging (EPI) — to repeatedly image the whole brain as
stacks of two-dimensional slices. Two-dimensional EPI (2D-EPI) is preferred over three-
dimensional (3D)-EPI as it is more motion robust. However, 3D-EPI offers various advantages
over 2D-EPI for functional MRI (fMRI), including the absence of spin-history artifacts,
potential for faster acceleration, and better signal quality at higher spatial resolution. As such,
3D-EPI would be beneficial for fMRI if it could be made more motion robust.

Various prospective and retrospective motion correction techniques have been developed
to minimize subject motion or its effects during MR imaging. The predominant retrospective
motion correction techniques, which aim to re-align imaging volumes after acquisition, are
incorporated as pre-processing steps in functional MRI analysis packages. However, these
typically do not perform intra-volume motion correction. There are also advanced methods that
aim to generate artifact-free volumes by using inverse modelling and motion estimates. An
alternative approach, termed prospective motion correction (PMC), aims instead to track and
correct motion in real time during scanning. PMC techniques typically require either additional
external hardware or additional gradient and radio-frequency (RF) pulses inserted into the
scanning sequence to track subject motion, thereby increasing scan costs or time. This work
demonstrates the application of a novel self-navigated PMC (snPMC) approach in repeated
3D-EPI acquisitions to track subject motion and readjust the imaging FOV in real time while
a volume is still being acquired without the need for any external hardware or additional
gradient and RF pulses.

The technique utilizes the fact that a subset of the partitions acquired to construct an entire
3D volume can be used to re-construct a low-resolution volume image, termed a volumetric
self-navigator (vSNav), that will contain the same general features as the entire volume and
can be used to detect motion while remaining partitions are still being acquired. In our first
implementation, we tracked subject motion once per volume by registering each volumetric
self-navigator (vSNav), constructed from 24 of 52 partitions, to a reference (vSNavgr)
acquired and constructed during the first volume acquisition. The estimated motion parameters
are sent to the sequence and the sequence updates its imaging field of view (FOV) once per
volume. The snPMC 3D-EPI sequence was validated without and with intentional motion in
phantoms and in vivo on a 3T Skyra (Siemens, Erlangen, Germany) MRI. For the in vivo scans,

motion estimates from the vSNav’s were compared to retrospective motion estimates obtained



using FLIRT (FMRIB’s Linear Image Registration Tool). Both phantom and in vivo data
demonstrated accurate and stable motion estimates in the absence of motion. For phantom
acquisitions with intentional motion, estimated residual motion after motion correction were
within acceptable thresholds (i.e., < 10% of the slice thickness and < 0.2° rotation). For in vivo
acquisitions, motion estimates using vSNav and FLIRT agreed to within 0.23 mm (< 10% of
the slice thickness) and 0.14° in all directions.

The performance of our vSNav 3D-EPI sequence for fMRI data acquisition was compared
to the widely used 2D-EPI sequence with prospective acquisition correction (PACE). Four
healthy volunteers were scanned with both the 3D- and 2D-EPI sequences while performing a
block design finger tapping task. Except for flip angles, which were 16° for 3D-EPI and 90°
for 2D-EPI, respectively, imaging parameters (i.e., spatial resolution 3.3x3.3x3.1 mm?®) of the
two sequences were almost identical. Intentional and unintentional head motions were induced
during the experiments while real-time motion detection and correction — snPMC for 3D-EPI
and standard PACE for 2D-EPI — were active. After applying identical pre-processing steps
and statistical analysis pipelines on the 3D-EPI and 2D-EPI data, it was found that the 3D-EPI
data had a greater number of voxels with higher inherent temporal SNR than the 2D-EPI data.
While the temporal SNR of the BOLD signal is expected to be higher with 3D-EPI than 2D-
EPI at high spatial resolutions, this result was unexpected at this spatial resolution. However,
the application of 3.3 mm, 6.6 mm, 8 mm, 9.9 mm and 12 mm FWHM Gaussian spatial filters
enhanced the 2D data more than the 3D data, resulting in similar findings following statistical
analyses, except that fewer spurious activations were evident in the 3D-EPI data. To fully
exploit the superior quality of the 3D-EPI BOLD signal, it will be critical to develop an
optimized pre-processing pipeline for 3D-EPI data.

Finally, we aimed to increase the temporal resolution of snPMC by acquiring and
registering two (double) volumetric self-navigators (dvsNavl and dvsNav2) constructed
from two different subsets of the partitions during each volume acquisition. Each dvsNav is
registered to its respective reference acquired during the first volume acquisition (dvsNav1g,r
or dvsNav2g,r). After the motion parameters estimated by either dvsNav1 or dvsNav2 are
sent back to the 3D-EPI sequence, the sequence immediately adjusts its imaging FOV and
acquires the subsequent partitions (including those used to construct the next self-navigator)
using the updated FOV. The performance of our double volumetric self-navigated (dvsNav)
3D-EPI sequence was validated both in a phantom and in vivo, and the in vivo motion estimates

were compared to retrospective estimates from FLIRT. The phantom data demonstrated



successful motion estimation and correction; induced motions were accurately detected and
completely corrected before accumulation of the partitions for the next dvsNav. However, the
in vivo data demonstrated above threshold (i.e., > 10% of slice thickness or > 0.2°) differences
between motion estimates from the dvsNav sequence and FLIRT. It appears that effects of
continuously pulsating motions, which are likely due to physiological noise, limit the accuracy
of motion estimation. The detection of continuously pulsating motions was unexpected. These
data could potentially be included in motion models to better account for physiological
processes.

In conclusion, our results demonstrate that self-navigated 3D-EPI is feasible for functional
MRI applications. Further work is needed to accelerate the temporal resolution of motion
tracking, to increase both the temporal and spatial resolution of our self-navigated 3D-EPI

sequence, and to optimize pre-processing pipelines for 3D-EPI data.
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Preface

This thesis presents a new prospective motion correction (PMC) technique that tracks
subject motion in real time without additional hardware or gradient and RF pulses. The thesis
evaluates motion correction performance of the proposed method in both phantom and in vivo
experiments, as well as its performance for functional magnetic resonance imaging (fMRI) data
acquisition.

The thesis contains three independent articles that are presented in chapters two, three and
four, respectively. Each chapter assesses different aspects and/or developmental stages of the
proposed method, as well as results from validation studies. To date, only the first of these
chapters has been published. The introduction provides the necessary background and context
for the work. Given that the thesis is a compilation of three independent papers, there is
necessarily some repetition. For the purposes of thesis examination, the contributions of the
co-authors are provided below.

Chapter One discusses the principles of nuclear Magnetic Resonance Imaging (MRI),
fMRI and echo-planar imaging (EPI) sequences. It details various artifacts that confound fMRI
data, especially those that arise from subject movement during scanning, and widely used
techniques to address motion artifacts.

In Chapter Two, a novel self-navigated method for prospective motion correction (PMC)
during repetitive 3D-EPI acquisition is introduced. The technique involves constructing a
volumetric self-navigator (vSNav) to detect subject motion and sending motion parameters to
the sequence to update the imaging field-of-view (FOV) once per volume. The chapter has
been published as an article titled "Self-navigated prospective motion correction for 3D-EPI
acquisition”, which appeared in the esteemed journal Magnetic Resonance in Medicine in July
2022, Volume 88, Issue 1, Pages 211-223.

| authored the article with the help of four co-authors. Ernesta Meintjes provided technical
expertise in acquiring and analysing the data, understood the potential of the 3D-EPI sequence
in fMRI, and supervised the overall project. Andre van der Kouwe and Ali Alhamud introduced
me to the Siemens IDEA framework. | designed the centre-out acquisition algorithm, which
was critical for self-navigator development, and implemented the vSNav. | acquired the data,
developed the algorithms, and methods for validation, and performed the data processing.

Ernesta Meintjes and Andre van der Kouwe provided technical support and expertise. | drafted
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the article and received editorial and scientific input from my co-authors, Ernesta Meintjes,
Andre van der Kouwe, Marcin Jankiewicz, and Ali Alhamud.

Chapter Three compares the performance of the vSNav 3D-EPI sequence to the widely
used 2D-EPI sequence with PACE (Prospective Acquisition Correction; Thesen et al., 2000)
for fMRI data acquisition. Temporal signal-to-noise ratios (SNR) and brain activations seen
with 2D- and 3D-EPI are compared on a finger tapping experiment both in the absence and
presence of intentional head motions. | designed the experiments, and acquired and analysed
the data. My supervisors provided technical support and editorial feedback on the manuscript.

Chapter Four of this dissertation covers the implementation and validation of the double
volumetric self-navigated (dvsNav) 3D-EPI sequence, which doubles the temporal resolution
of self-navigated PMC (snPMC). The chapter provides the theoretical background and a
detailed discussion of the design and implementation of the dvsNav 3D-EPI sequence. After
comparing six different potential configurations for the double volumetric self-navigators
(dvsNavs), the most suitable configuration is implemented. The chapter presents the results
from phantom and in vivo experiments, both in the absence and presence of intentional motion.
| designed and implemented the dvsNav 3D-EPI; validation experiments were designed with
the help of my supervisors, Ernesta Meintjes and Andre van der Kouwe. | acquired and
analyzed the data and drafted the chapter. My supervisors provided scientific and editorial
input.

Chapter Five provides a comprehensive summary and discussion of the main findings of
the thesis, discusses the limitations and strengths of the methods and results presented, and

suggests possible future work.
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Chapter One

1. Introduction

This thesis introduces and validates a novel technique to track and correct head motion in
real time in applications that require repeated magnetic resonance imaging (MRI) acquisitions
(such as functional MRI) without additional hardware or dedicated pulse sequences. This
chapter discusses the background and motivation for this work, basic principles of functional
MRI (fMRI), fMRI acquisition pulse sequences including echo-planar imaging (EPI), motion
during acquisition and subsequent artifacts, and current techniques to eliminate or minimize
motion artifacts in fMRI. Chapter 2, which is a published paper (Bayih et al., 2022), discusses
the implementation in repeated three-dimensional EPI (3D-EPI) acquisitions of a volumetric
self-navigator (vSNav) for prospective motion correction, and chapter 3 compares the
performance of the proposed approach to standard 2D-EPI for a finger tapping fMRI
experiment. In chapter 4, the double volumetric self-navigator (dvsNav) is introduced to
increase the temporal resolution of motion correction. Chapter 5 is a comprehensive discussion

based on the main findings of chapters 2, 3 and 4. The final chapter presents the conclusions.

1.1. Background and motivation

Functional magnetic resonance imaging (fMRI) is a non-invasive brain imaging technique
used to link different regions of the brain with corresponding functions based on task-correlated
changes in local cerebral blood oxygenation levels. Moreover, fMRI links different regions of
a brain based on synchronously correlated blood oxygenation level changes in the regions —
showing intrinsic brain networks within the brain. However, the variations in MR signal due
to the coupling of action or inaction in the brain with changes in local cerebral blood
oxygenation are comparable in magnitude to variations arising from other signal sources, also
known as noise. Even though technological advancements have minimized and eliminated
some of the sources of noise and their effects on the MR signal, subject motion during scanning
remains the most prevalent source of confounding artifacts in fMRI. Different motion
correction techniques — broadly grouped as retrospective and prospective — have been
developed to address problems of motion artifacts in MRI. In fMRI, head motion artifacts can
be minimized or avoided prospectively (i.e., motion detection and correction in real time), and
any remaining artifacts are removed from the data retrospectively, depending on the severity

of motion. Prospective motion correction techniques, which attempt to avoid or minimize the
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confounding effects of subject motion by adjusting the acquisition field of view in real time
when motion occurs, have been indispensable tools in enhancing the statistical power of fMRI
data. However, prospective motion correction techniques either require dedicated pulses or
external hardware which commonly needs its own configuration and calibration.

The aim of this project was to develop an alternative approach to prospective motion
correction that detects and corrects motion in real time without additional external hardware or
radio frequency (RF) and gradient pulses, thus eliminating the additional “dead-time”
introduced by navigators. The development was done on the Siemens 3 T Skyra scanners
(Erlangen, Germany) at the Cape Universities Body Imaging Center (CUBIC) located at the
Faculty of Health Sciences (FHS) of the University of Cape Town (UCT) (Cape Town, South
Africa) and at the Martinos Center for Biomedical Imaging (Charlestown, MA, USA).
Protocols had been approved by the Human Research Ethics Committee of the UCT FHS.

1.2. Functional Magnetic resonance imaging (fMRI)

1.2.1. Principles of nuclear magnetic resonance

The hydrogen nucleus, which is the element typically imaged during magnetic resonance
imaging, comprises a single proton. A proton is a positively charged subatomic particle that
has an intrinsic property called spin, giving rise to a magnetic dipole moment (p). The adult
brain is comprised of approximately 6.9 X 102> hydrogen nuclei (i.e. dipole moments)
(Mitchell et al., 1945) that are usually randomly oriented, resulting in no net magnetization.

When placed in a static magnetic field, Bo, the dipole moment associated with each proton
experiences a torque (T = uXBy) that causes it to precess around the magnetic field. The dipole
moments precess at a characteristic frequency called the Larmor precession frequency, fi,

which is given by

fi, = ¥ By, (I.1)

where y is the gyromagnetic ratio specific to the nucleus. Since the gyromagnetic ratio (y) of
'H is 42.58 MHz/T, the dipole moments associated with hydrogen nuclei will precess at a
frequency of 127.74 MHz around a 3 T field. Given that the millions of hydrogen dipole
moments were randomly oriented prior to commencing their precessional motion, their
randomly oriented transverse components will cancel while they are precessing, resulting in a
net magnetization (Mo) parallel to the static magnetic field.

Application of a small alternating magnetic field, Bi(t), at the Larmor frequency and

perpendicular to the static Bo field, causes the magnetization to precess around Bi at a
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frequency f; = yB;. This alternating transverse field is referred to as the radiofrequency (RF)
pulse, and the requirement that the frequency be matched to the Larmor precession frequency
is called the resonance condition; excitation (i.e. rotation of the magnetization away from being
aligned parallel to Bo) only occurs if the resonance condition is met. The duration of the RF
pulse determines the angle through which the magnetization will rotate around the B; axis. This
angle (a), known as the flip angle, is given by a = 360°-yB;t, where t is the time for which
the RF pulse is applied. Following excitation, the magnetization therefore has components
parallel (by convention termed M;) and perpendicular (Mxy) to the static magnetic field. These
are referred to as the longitudinal and transverse components, respectively. When the RF pulse
is terminated, the millions of dipole moments that constitute the net magnetization again start
precessing around the axis of the static magnetic field, Bo, at the Larmor frequency, resulting
in a net magnetization, M(t), precessing around Bo. While precessing, the magnetization
returns to its equilibrium position aligned parallel to Bo through a process known as relaxation.

Relaxation comprises two independent and distinct mechanisms: (i) longitudinal or spin-
lattice relaxation which is caused by the spins’ loss of energy to the surrounding environment,
and (i) transverse or spin-spin relaxation that occurs due to individual spins becoming out of
phase. The longitudinal relaxation process, known as T; recovery, is characterized by a time

constant T; given by

M, (6) = My(1 — eT5), (1.2)

where M, (t) is the longitudinal magnetization at any time t, and M, is the net magnetization
before excitation. T is therefore the time when the longitudinal magnetization has regrown to
63% of its maximum value.

Transverse or spin-spin dephasing occurs due to each spin being in a slightly different
local environment and experiencing a slightly different net magnetic field. This results in each
spin precessing at a slightly different frequency around Bo, which causes spins to lose their
phase coherence with time and loss of the transverse magnetization, Mxy. The rate at which the
transverse signal decays from its maximum value immediately after excitation, Mxy(0), is

characterized by a time constant T,, given by

My, (1) = MXY(O)(e%). (1.3)

T, is therefore defined as the time when the signal has decayed by 63%. In addition to true
spin-spin dephasing, any local magnetic field inhomogeneities also contribute to signal loss.

The combined effect of spin-spin interactions and magnetic field inhomogeneities is called T,
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decay and is characterized by the time constant T, . Therefore, the net transverse magnetization

at any time t after excitation, My, (t), is computed with equation (1.3) but replacing T, by T,.
The Bloch equation (Bloch, 1946) describes the motion of the magnetization vector M(t)

in the presence of a time-varying magnetic field B(t), and both longitudinal and transverse

relaxation, namely
dM(t)
dt

= (YM(DxB(D)) + Tll (M, — M)k — T—lz (Mg + M,j). (1.4)

The equation states that the net magnetization vector precesses around the net magnetic
field, with its magnitude in the longitudinal and transverse directions governed by the time
constants T; and T,, respectively. Only the net transverse magnetization contributes to the

measured MRI signal.

1.2.2. Principles of magnetic resonance image formation
A magnetic resonance (MR) image is a map that shows the spatial distribution of atomic
nuclear properties such as nuclear density, T;, T, or nuclear motion, within an object. An MR
image is constructed from MR signals that are spatially encoded with spatially varying
magnetic fields (Lauterbur, 1973). Superimposing predetermined spatially varying magnetic
fields (i.e., spatial gradient fields) on the static magnetic field causes atomic nuclei at different

locations to precess at different rates f(1), as computed with the following equation,

fO=yBW), (1.5)

where [ is the spatial coordinate along the spatial gradient field, B ({) is the total magnetic field
at a spatial coordinate [ along the spatial gradient field, and y is the gyromagnetic ratio.
Spatial information in MRI is resolved by using spatial gradient fields. The direction of
the static magnetic field (Bg) is parallel to the scanner bore and is called the longitudinal (or z)
direction; x and y refer to the two transverse directions. Applying a magnetic field gradient
along the x, y or z direction will spatially vary the strength of the magnetic field in the direction
of the applied gradient. By applying x, y or z gradients simultaneously, the magnetic field can
be varied along any direction, and correspondingly the frequency of the MR signal along that
direction. In practice, 3 mutually orthogonal field gradients are applied at different times during
image acquisition to encode spatial information into the frequency and phase of the MR signal,
which can be extracted using mathematical constructs like Fourier transforms. These temporal

patterns of gradient field and RF pulse variations are coded in MR pulse sequences.



Conventional two-dimensional (2D) pulse sequences first select a slice of the object to be
imaged (i.e., slice selection), and then resolve the in-plane spatial dimensions within the slice
(i.e., frequency and phase encodings). The purpose of slice selection is to localize the MR slice.
This is achieved by applying a gradient perpendicular to the slice direction (i.e., slice-select
gradient (Gg)) at the same time as the RF pulse. By setting the frequency of the RF pulse to
match the Larmor precession frequency of spins in the slice (or slab) of interest, only those
spins are excited. The thickness of the slice/slab will depend both on the RF bandwidth and the
strength of the Gss. Following slice selection, frequency encoding and phase encoding steps are
used to extract the spatial distribution of spins within the slice. One-dimensional spatial
information can be obtained using a single frequency-encoding (or readout) gradient (i.e., Ggg)
applied during signal readout. This causes nuclei in different positions along the frequency
encoding direction to precess with different frequencies. However, when two-dimensional
spatial information is required, an additional gradient, called the phase-encoding gradient (i.e.,
Gpg), 1s required. The phase-encoding gradient, which is applied between excitation and
readout, causes spins along its direction to become out of phase, with the amount of phase
incoherence determined by the strength of the phase encoding gradient. A 2D inverse Fourier
transform is applied to the spatially encoded MR signals to resolve the spatial information and
reconstruct the MR image. Depending on the type and purpose of the MRI acquisition, the
timing and duration of RF and gradient pulses can vary. Excitation, encoding and signal readout

schemes are depicted in diagrams called pulse sequence diagrams.

1.2.3. Blood-oxygenation-level dependent (BOLD) signals

Neural activity associated with sensory, motor, or cognitive processes increases local
cerebral blood flow (CBF). Since the localized changes in CBF are greater than activity-
induced changes in the cerebral metabolic rate for oxygen (Mintun et al., 2001), the relative
concentration of oxy- to deoxyhemoglobin increases in active brain regions. Oxyhemoglobin
is diamagnetic and has little effect on magnetic field lines, whereas deoxyhemoglobin is
paramagnetic and concentrates magnetic field lines (Pauling & Coryell, 1936), thereby
accelerating T>* decay. A relative increase in oxyhemoglobin therefore reduces T, decay,
resulting in a localized increase in the MRI signal on T, -weighted images. The change in signal
that results from changes in blood oxygenation is called the blood-oxygenation-level dependent
(BOLD) contrast (Ogawa et al., 1990).

Although the exact physiology of the BOLD response following a brief stimulus is

complex and controversial, the main stages are described by the Hemodynamic Response
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Function (HRF) (see Figure 1-1). Immediately after the stimulus, the localized cerebral
metabolic rate of oxygen (CMRO2) increases, resulting in a decrease in the local
oxyhemoglobin concentration and a corresponding increase in the ratio of deoxy- to
oxyhemoglobin. This relative increase in the local deoxyhemoglobin concentration results in
signal loss, referred to as the initial dip. Approximately 1 to 2 seconds after the stimulus, the
brain reacts by increasing cerebral blood flow (CBF) to the affected regions, flooding the
activated regions with oxygenated hemoglobin at a rate higher than the CMRO2 and increasing
the cerebral blood volume (CBV) (Fox & Raichle, 1986). The local concentration of
oxygenated hemoglobin continues to increase until it reaches a peak around 4 to 6 seconds after
the stimulus, with a corresponding increase in the BOLD signal. After reaching a peak,
CMRO?2 and CBF decreases to their normal levels faster than CBV. The lag in the CBV
decrease results in a brief period when the relative concentration of deoxy- to oxyhemoglobin
is higher than its pre-stimulus level, causing the BOLD signal to dip below baseline. This is
referred to as the post stimulus undershoot. The BOLD signal intensity returns to its original

level once the CBV, CMRO2 and CBF have all returned to their original (pre-stimulus) levels.
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Figure 1-1 BOLD Hemodynamic Response Function (HRF) following a brief stimulus.

The HRF shown in Figure 1-1 depicts the BOLD response following a single brief
stimulus. For multiple stimuli that are separated by at least 5 seconds, the HRF can be
approximated by superposition of the HRFs of all the stimuli (Boynton et al., 1996; Dale &
Buckner, 1997). However, presentation of multiple stimuli separated by 1 second was observed

to evoke a reduced BOLD response (Huettel & McCarthy, 2000). The time period after
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presentation of a stimulus where presentation of another stimulus results in a reduced BOLD
response is known as the refractory period. The refractory period depends on the region of the

brain, the duration of the stimuli and the type of stimuli (Birn et al., 2001; Huettel et al., 2004).

1.2.4. BOLD fMRI

Functional magnetic resonance imaging (fMRI) is a non-invasive neuroimaging technique
that uses the BOLD effect to measure and localize brain activity while performing a task.
During fMRI, the temporal evolution of the BOLD signal is measured through repeated
acquisition of T, weighted brain images. Each of the repeatedly acquired three-dimensional T,
weighted brain volumes are tagged with their acquisition time, yielding a four-dimensional
dataset. The temporal signal variations of individual voxels in the T, weighted brain volumes
are then analyzed to identify voxels in which the signal variations are temporally correlated
with the stimulus pattern or, in the case of resting state fMRI, with each other. Depending on
the voxel size and magnetic field strength, the BOLD signal change can be 1% or less of the
MR signal intensity (Bandettini et al., 1993), making it highly susceptible to various noise
artifacts. Therefore, the power to detect BOLD signal changes depends to a large extent on the
quality of the signal.

Once the dataset is acquired, it is preprocessed to obtain viable BOLD signals for statistical
analysis. Pre-processing typically includes slice scan-time correction, which adjusts the time
stamp of each slice based on the timing of its acquisition within the volume, co-registering
each volume to the reference volume, temporal filtering to remove physiological artifacts and
signal drifts (Birn et al., 2008; Shmueli et al., 2007), spatial smoothing to suppress noise signals
uncorrelated to the region of interest, correcting distortions due to local magnetic field
inhomogeneity using field maps (Jezzard & Balaban, 1995; Jezzard & Clare, 1999), and
making each time point of the dataset independent of its predecessor, also known as pre-
whitening (Huettel et al., 2014). Depending on the fMRI experiment type, design, acquisition
protocol, and data quality, the preprocessing pipeline may skip some steps or include additional
ones. Notably, co-registration to the reference volume aims to correct for inter-volume motion
to ensure that the same voxel in successive volumes contains signal from the same anatomical
region.

After preprocessing, statistical analyses are performed. For task-based fMRI, first-level
statistical analysis typically involves solving a general linear model (GLM) in each voxel to
determine the parameter estimates of each predictor. These parameter estimates describe the
degree to which signal variation in the voxel may be attributed to the relevant predictor, i.e. to
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the task being performed. For group analyses, first-level analyses are followed by second-level
statistical analysis. Second-level analyses involve comparing parameter estimates for the
different predictors between groups of subjects, or examining associations of parameter
estimates with clinical or cognitive outcomes. For rs-fMRI, correlation analysis, independent
component analysis (ICA) or Multi-Variate Pattern Analysis (MVPA) may be performed to
identify voxels with correlated BOLD signal timecourses.
Correlation analysis computes the correlation coefficient (r) between two series X =
X1 txX+tx3+...+ xy and Y = y;+y,+y;+...+ yy using equation (/.6)
B ¥ 167 (6 Vi)
PR S 0P (1.6)

where X and Y are the mean values of series X and Y, respectively, r € [-1, 1]. Readers are
encouraged to refer to (Bandettini et al., 1993) for details on correlation and its application in
fMRI.

Independent component analysis (ICA) extracts common features from fMRI signals
without inputs of hypothesized waveforms. ICA allows detection of undetected linearly-mixed-
independent signals. Readers are encouraged to refer to (Bell & Sejnowski, 1995; Mckeown et
al., 1998; McKeown et al., 2003) for details on ICA and its application in fMRI.

Multi-variate pattern analysis (MVPA) captures spatial patterns of functional activity in
relation to different experimental conditions using machine learning pattern recognition
algorithms. Readers are encouraged to refer to (Davatzikos et al., 2005; Mahmoudi et al., 2012)
for details of MVPA and its application in fMRI.

In this work, we used a General Linear Model (GLM) to identify voxels in which the signal
timecourse was significantly correlated with the stimuli. GLM models the MRI signal of a
given voxel over N time points (yy, 2, Y3, ..., Yn) (i.e. N volumes) as the sum of experimental
design variables (x4 1, ..., Xy p) weighted by scalar parameter estimates (B4, f2, B3, ..., Bp), €rror
terms ( &, &, €3, .., €y), and a constant term 3, as shown in equation (1.7). The stimulus
model, X, may include predictors of no interest and nuisance variables, such as motion
parameters and low-frequency drifts. The GLM equation is given by

Y=Bo+Xp+e (1.7)
where Y is an N X 1 vector that holds N intensity values of a voxel from N time points, X is
an N X p matrix, referred to as the design matrix, which holds all the model time courses, 3 is
a p X 1 vector, referred to as the parameter estimates (PEs), and € is an N X 1 vector, also

referred to as residuals, that holds the error values. The stimulus model is usually convolved

8



with a model of the hemodynamic response function (HRF) to more closely match the expected
BOLD signal change and improve model fitting.

The parameter estimates (PEs) are compared with the uncertainty of their estimations by
using the t-test shown in equation (1.8) where ¢ is the standard deviation of the PE and N is
the total number of time points. If the t-value significantly differs from zero, then the PE values

represent more reliable activations.

(= PE
& (1.8)

Other statistical presentations such as P (probability) and Z statistics of how well the data
(Y) fit to the models (X) are also calculated from the t values. Readers are encouraged to refer

to (Jezzard et al., 2001; Monti, 2011) for further details.

1.2.5. Pulse sequences for fMRI

The temporal resolution of fMRI, which involves repeated whole-brain acquisitions to
measure changes in the T2* weighted signal with time, depends on the speed of the imaging
sequence. A widely used sequence is the gradient-echo (GE) echo-planar imaging (EPI)
sequence, which is both fast and sensitive to local magnetic field variations. The details of the
EPI sequence are described below using pulse sequence diagrams. The vertical and horizontal
axes of the pulse sequence diagram show the amplitude and timing of the various pulses (i.e.,
RF and gradients) applied during the acquisition.
Echo-planar imaging (EPI) sequence

EPI, which is one of the fastest MRI pulse sequences (Stehling et al., 1991), can acquire
sufficient data to reconstruct a complete (albeit low resolution) image slice following a single
RF excitation pulse. Single-shot EPI acquires an entire image slice following a single excitation
pulse, while multi-shot EPI applies multiple RF excitation pulses to achieve higher spatial
resolution. After excitation, the EPI sequence uses a sequence of bipolar frequency-encoding
gradients (Ggg) interleaved with small phase-encoding gradient blips (Gpg) to generate a train
of spatially-encoded echoes for different amounts of phase dispersion. The digitized echoes
therefore fill successive rows of k-space in a zig-zag fashion. The time duration between the
center of the RF excitation pulse and the mid-point of the data acquisition (or readout) period
is called the echo time (TE). The time duration between the centers of successive RF excitation
pulses is called the repetition time (TR). The EPI sequence can be used for two-dimensional or
three-dimensional acquisitions. These are referred to as 2D-EPI or 3D-EPI sequences,

respectively (see Figure 1-2).
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Figure 1-2 EPI pulse sequence diagrams and k-space trajectory. (a) Diagram of the EPI pulse sequence
for two-dimensional acquisition (2D-EPI) and (b) its corresponding k-space filling with a cartesian
trajectory. (c) Diagram of the EPI sequence for three-dimensional acquisition (3D-EPI).
The 2D-EPI sequence first excites a slice of interest by setting the center frequency of the
RF excitation pulse to the Larmor frequency of that slice; the slice frequency depends on the

static field strength, Bo, and the slice select gradient, Gg. The slice thickness 1s determined by

the RF bandwidth and the strength of the slice select gradient. Immediately after slice
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excitation, Ggg generates a pulse with approximately half the duration and opposite polarity to
the preceding slice select gradient pulse. This gradient pulse, which is referred to as the
rephasing lobe, is applied to compensate for phase dispersions that occur during the finite
duration of the RF excitation pulse. Before commencing signal recording (analog to digital
conversion), preparatory lobes of Gpg and Ggg are applied to set to the first sample point of the
first k-space line (see Figure 1-2 (a) and (b)). MR signal recording (k-space filling) is
characterized by oscillating bipolar Ggg pulses that generate a train of echoes. The oscillating
Gpg pulses oscillate the recording direction of the k-space lines (ky) between positive and
negative directions, while the application of Gpg ‘blips’ between echoes shifts the k-space line
that the echo corresponds to (see Figure 1-2 (b)). In 2D-EPI, the next slice is selected during
the next RF excitation pulse with a new center frequency and with the same Ggg, whereafter
the phase-encoding and readout processes are repeated.

In contrast to 2D-EPI, the 3D-EPI sequence simultaneously excites an entire set of
contiguous slices, also known as a slab. The “slices”, also called partitions to distinguish them
from slices in 2D imaging, are then encoded using an additional phase encoding gradient
applied in a direction perpendicular to the “partitions. This is called the slice-encoding (Ggg)
gradient. Exactly as in 2D-EPI, the remaining primary phase- and frequency-encoding (i.e.,
Gpg, and Ggg) gradients encode the in-plane spatial locations of the selected partition (Figure
1-2 (¢)), filling 2D k-space in a zig-zag fashion. To acquire » partitions in a slab, this process
needs to be repeated for n different Ggg. Equation (1.9) gives the relationship between gradient

pulses and coordinates in k-space.

tl

ke(t) = j YGro(t) dt
0

tl

k@) = [ YGpe( e (1.9)
0

t,

k() = f VG (D) dt
0

Factors like the strength of the static magnetic field, experimental design and fMRI
acquisition parameters determine the number, amplitude and period of sequence pulses (see

Figure 1-2) and the quality of the fMRI data.

1.2.6. Imaging parameters in fMRI
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One of the challenges in 2D and 3D acquisitions using single-shot EPI sequences is global
signal dropout across the entire image due to T, relaxation effects. The T, relaxation rate
determines the amount of MR signal loss at the center of k-space (i.e., at ky=ky =0) or in other
words, at TE. Depending on the length of the acquisition window, MR signals sampled at the
beginning and end of the readout period will have different amplitudes, which affect the degree
of blurring and global signal dropout in the images. The problem of blurring and signal
attenuation due to long acquisition duration can be rectified: 1) by increasing the receiver
bandwidth, which increases the MR signal sampling rate but results in poorer signal quality
(usually measured in signal-to-noise ratio (SNR)), or ii) by decreasing image resolution for the
same coverage (field of view). Given that image resolution is inversely proportional to the
maximum value sampled along that direction in k-space (i.e. Ay = 1/ky™), lower resolution
corresponds to a smaller k-space matrix, which will shorten the acquisition time. Although
increasing voxel size usually increases SNR, very large voxels also increase intravoxel
inhomogeneities, which may result in significant partial volume averaging and decreased SNR.

The statistical power of an fMRI analysis depends on how strongly local fluctuations in
the T, signal are correlated with the neural activity being measured. However, the resulting
signal change (i.e., BOLD contrast) can be 1% (or less) of the average MR signal. To maximize
the statistical power of fMRI data, it is necessary to maximize T, fluctuations arising from
neural activity. Assuming that noise fluctuations are not correlated to neural activities, the
maximum BOLD contrast will be obtained at TE = T, (van der Zwaag et al., 2009).

To further maximize the BOLD contrast of T, images in fMRI acquisitions at a specific
static magnetic field strength, the net magnetization available for repeated RF excitation has to
be maximized. The net magnetization available for repeated RF excitation depends on the time
duration between consecutive RF pulses (TR), the flip angle () and longitudinal relaxation
time (T;). TR also determines the number of T, weighted images that can be acquired and the
total acquisition time. Therefore, after selecting TR, the optimum flip angle, which maximizes
the net magnetization available for RF excitation, also known as the Ernst angle a,,,q¢ 18
determined using equation (1.10) (Ernst & Anderson, 1966; Winkler et al., 1988).

-TR
Qernse = cOS~'(eT1) (1.10)

In equation (1.7), Qgpnse is the Ernst angle (°), TR is the repetition time (ms), and T; is the

longitudinal relaxation time of grey matter (ms).

1.2.7. 2D- and 3D-EPI sequences in fMRI
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2D-EPI is widely used in fMRI because of its sensitivity to BOLD contrast, its ability to
cover the whole brain with spatial (~2—4 mm) and temporal (~2-3 s) resolutions suitable for
most fMRI experiments, and robustness to motion artifacts (Chen & Glover, 2015; Norris,
2006). However, creating large signals in 2D-EPI requires large flip angles (~90°), which
increases the amount of power deposited in tissues, known as the specific absorption rate (SAR)
(Collins & Wang, 2011). Long acquisition times and low SNR limit the use of 2D-EPI for high
spatial resolution fMRI acquisitions (Bernstein et al., 2004). Accelerated acquisition
techniques such as partial Fourier (PF) sampling (Jesmanowicz et al., 1998) and partial parallel
imaging (PPI) (Griswold et al., 2002; Pruessmann et al., 1999) have limited temporal gain in
2D-EPI because of the tradeoffs between TE and optimum BOLD contrast. Moreover, 2D-EPI
sequences are inherently susceptible to spin-history artifacts which are very difficult, if not
impossible, to remove once they are induced (Karl J. Friston et al., 1996).

Although 3D-EPI alleviates some of the limitations of 2D-EPI, it is less widely used in
fMRI mostly because of its high susceptibility to motion artifacts. For instance, 3D-EPI uses
smaller flip angles (i.e. <20°) that result in significantly lower SAR, 3D-EPI has better BOLD
signal sensitivity in high spatial resolution fMRI than 2D-EPI (Bernstein et al., 2004),
accelerated acquisition techniques can be implemented in the secondary phase-encoding (i.e.
slice-encoding) direction resulting in significant temporal gain, and there are no spin-history

artifacts.

1.2.8. Noise signals in fMRI

Some of the challenges in fMRI stem from low BOLD contrast, which is comparable to or
sometimes less than the contrasts created by noise. Noise signals can be grouped broadly into
thermal noise, system noise, physiological noise, noise due to unexpected neuronal activities,

noise due to variability in task performance and noise due to head motion.

Thermal Noise

Thermal noise is intrinsic to MRI due to the non-zero thermal energy within subjects and
scanner electronics. These noise signals are linearly proportional to magnetic field strength and
fluctuate randomly with no spatial or temporal correlation. However, the effects of thermal
noise on each voxel can be modelled reasonably well. For instance, thermal noise signals have
additive contributions in background voxels where there is assumed to be no MR signal.
Therefore, effects of thermal noise on the background voxels can be approximated by zero
bounded positively skewed distributions such as a Rayleigh distribution. On the other hand,

the fluctuations have both additive and subtractive contributions to MR signals with significant
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intensities in the region of interest. Hence the effects of thermal noise on brain voxels are
approximated by a Gaussian distribution (Edelstein et al., 1986; Kellman & McVeigh, 2005;
Kriiger & Glover, 2001; Wald & Polimeni, 2017).

Physiological Noise

In fMRI, physiological noise signals are those generated by physiological activities (other
than BOLD). These constitute approximately 40% and 52% of the total noise at 1.5 T and 3.0
T, respectively, and increase with the strength of the magnetic field (Kriiger et al., 2001).
Although physiological noise increases faster than thermal noise with increasing magnetic field
strength, its rate of increase slows as spatial resolution increases (Triantafyllou et al., 2005).
Physiological noise signals are generated predominantly by cardiac and respiratory activities.
Cardiac pulsations create localized noise near edges of the brain or blood vessels; resulting
artifacts are most pronounced in areas near large arteries. Usually, fMRI acquisition
configurations are too slow to sufficiently sample cardiac noise which may result in aliasing
and manifest as subtle functional activations. Further, thoracic movements due to breathing
may, in addition to localized artifacts in brainstem areas, disturb the homogeneity of the static
magnetic field and induce artifacts across the entire brain (Kriiger & Glover, 2001; Liu, 2017;
Raj et al., 2001).

Various methods have been developed to minimize the effects of physiological noise in
fMRI data retrospectively. Some of the methods monitor cardiac and respiratory activities
using devices then sort the image data relative to the phases of the noise cycles (Glover et al.,
2000) or estimate and remove physiological noise (X. Hu et al., 1995). Other methods model
the physiological noise in regions-of-interest (ROI) where no BOLD response is expected, such
as white matter, large vessels and cerebrospinal fluid (CSF), and include the models as nuisance
parameters within the general linear model when analyzing the BOLD time series data

(Behzadi et al., 2007).

System Noise

System noise is caused by inconsistencies in the MRI hardware or environment. One of
the most common sources of system noise in fMRI is a slow shift in the frequency distribution
of the MRI signals, also known as scanner drift, due to either inherent slow changes in the
strength of the static magnetic field over time or aliasing because of hardware limitations that
result in under-sampling of physiological pulsations. Scanner drift is corrected during
preprocessing (i.e., detrending) using temporal high-pass filtering (Chen & Glover, 2015;
Tanabe et al., 2002). Any instability in the gradient coils will also alter the spatial encoding,
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thereby changing the shapes and locations of the recorded MR signals (Bernstein et al., 2004;
Hidalgo-Tobon, 2010).

Further, improper configuration or use of RF coils can reduce the excitation efficiency and
coil sensitivity which ultimately induce artifacts like shading — MR signal cancellations or
reductions. The sensitivity of the RF receiver coil is affected, for example, by its proximity to
the signal with closer tissues generating the largest signals, failure of coil elements that alters
the coil homogeneity, and signal contributions from outside the FOV. Other factors such as
leakage in the RF shielding of the MRI room, electromagnetic interference from high-amperage
power lines or transformers, and moving metal objects like elevators or rolling carts, may all
contribute to system noise (Silva & Merkle, 2003).

Even though technological and computational advances have minimized the occurrence
and effects of these sources of system noise, MR centers have a responsibility to ensure and
maintain the integrity of their MR scanners and environment. Moreover, MRI scanner
operators and researchers should familiarize themselves with the ever-improving quality
assurance procedures to limit the effects of system noise and provide feedback to the MR center

whenever necessary.

Noise due to unrelated neural activities or variation in task performances

In task-based fMRI, the performance of a subject in executing the same task repeatedly
usually varies especially when experiments constitute complex tasks. The response time for
instructions varies between subjects (inter-subject) and between tasks performed by an
individual (intra-subject). Moreover, during fMRI acquisition, the subject may focus on the
scanner’s sound, think about other unrelated issues, recalling bad or good memories and so on.
Such unrelated stimuli activate neural processes that require a metabolic response, thereby
creating BOLD contrasts unrelated to the task. Schemes to reduce the effects of mis-timings
and inconsistencies in task responses and engagement include careful design of fMRI
experiments (Amaro & Barker, 2006), calibrating individual- and region-specific BOLD
responses (Thomason et al., 2007), and training subjects on the task before starting the scan
(De Bie et al., 2010).
Noise due to head motion

In fMRI, head motion is the most common source of confounding artifacts. These include
ghosting, blurring, signal dropout, spikes and image deformation, which all arise from
inconsistent k-space filling (Zaitsev et al., 2015). Moreover, depending on the severity and

pattern of motion, it can result in loss of slices in 2D acquisitions when large through-plane
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motion occurs, false activations when the motion is temporally correlated with the functional
task (for example when the task induces motion), complex artifacts when compounded with
other noise, or complete data corruption. Various techniques have been developed to eliminate
or minimize head motion through restraining devices, or to limit its effects by detecting and
correcting for subject motion. However, because of the unpredictability and limitless variability
in subject motion during scanning, there is not a single motion correction technique that is
suitable for all fMRI acquisitions.

Since this work focuses on developing an alternative motion detection and correction
technique for fMRI acquisitions, the following sections will focus on subject motion and

motion correction techniques that have been implemented in fMRI.

1.3. Subject Motion in fMRI

fMRI measures the temporal evolution of the MR signal in every voxel of the brain image,
which is acquired by scanning a subject repeatedly while performing a task. If the subject lies
motionless in the scanner, each voxel will correspond to the same anatomical location on every
repeated image (Chen & Glover, 2015; Goebel et al., 2006). For instance, a voxel v(x,y, z) in
an fMRI image may correspond to an anatomical location centered at a(m, n, 0). However, if
a subject changes pose during scanning, v(x,y,z) in the fMRI image may thereafter
correspond to a new anatomical location centered at a(m + Am,n + An,0 + 4o), where
Am, An or Ao # 0, until the subject returns exactly to his/her original position. Therefore, the
intensity of v(x,y,z) corresponds to the MR signal from physical locations centered at
a(m,n,o0) and a(m + Am,n + An, 0 + Ao) before and after the pose change, respectively.
This violates the basic assumption of fMRI imaging which is that each voxel consistently
contains MR signal from the same anatomical location.

Ideally, fMRI scanning requires subjects to be motionless (i.e., Am, An and 4o = 0) during
scanning. Given the relatively long scan times, even healthy, motivated, and coached
volunteers to remain motionless—usually they induce up to 2 mm of translational or 1° of
rotational motions—during scanning (Zaitsev et al., 2017). The problem of subject motion
during scanning is prevalent in clinical fMRI of children, elderlies, and patients. Moreover, the
type and severity of subject motion depend on factors like the experiment, age, sex and
condition or state of the subject during scanning (Hausman et al., 2022; Mayer et al., 2007,
Poldrack et al., 2002; Seto et al., 2001; Yuan et al., 2009). Given the unbounded and limitless

nature of these factors, subject motion remains a persistent source of artifacts in fMRI.
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1.3.1. Subject motion induced artifacts in fMRI

An MR image I(x, y, z) is generated by applying an inverse Fourier transform (see equation

(1.11)) to k-space data K(ky, ky, k,); k-space is the Fourier transform of the spatially encoded

MR signals of image (X, y, z).
I(xy,z) = f f f K(ky, ky, k,) 2" @katykytzka) gp dk dk, (1.11)

Fourier transformation of the MR signal from image space into k-space maps translations
to a linear phase shift, and rotations to a rotation in k-space (Bernstein et al., 2004; Paschal &
Morris, 2004). Therefore, considering only subject motion during scanning, translational
motion induces linear phase variation into the k-space data in the direction of motion and
rotational motion rotates the k-space data by the same degree. Motion induced phase changes
and rotations create k-space data inconsistency during image construction (equation (1.11)),
which assumes that the k-space data is the Fourier transform of motion-free MR signals.
Usually, subject motion during scanning have both translational and rotational components
which may manifest as artifacts in fMRI images. In 2D fMRI, spoiling after each slice
acquisition prevents the spin-history artifacts that are caused by through-plane motion (Yancey
et al., 2011). However, through-plane motion between slice excitation pulses may result in
“double excitation” of the same brain region. This manifests as a slice-direction ‘striping’
artifact. In addition, motion alters the homogeneity of the static magnetic field, which was
optimized before the start of the scan by the shimming coils. Shimming is most critical in
regions with large magnetic susceptibility differences such as frontal sinuses (Jezzard, 2012;
Jezzard & Clare, 1999; Ooi et al., 2013). Since subject motion during scanning moves these
regions to new locations, field homogeneity will be compromised resulting in geometric
distortions, spikes, and signal dropout.

The effect of subject motion on fMRI data depends on the type and severity of motion, the
imaging parameters, the MR pulse sequence and k-space filling trajectory, and the structure of
the target. To minimize motion artifacts in fMRI, the first logical step is therefore to minimize

or if possible, avoid subject motion during scanning.

1.3.2. Avoiding subject motion in fMRI

A key strategy in fMRI data acquisition is to ensure that the subject is comfortable by
using cushions, blankets, and/or sheets. To further minimize head motions, additional cushions
and inflatable pads are inserted in spaces between the subject’s head and the head-coil so that
the head does not have room to move significantly. Additional procedures such as familiarizing
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subjects with the MRI scanner, its noise, and the fMRI experimental task (if any) using mock
scanner training all help to reduce anxiety related subject motions (De Bie et al., 2010).

In infants and young children (if no task is required), scanning is often performed during
natural sleep to minimize motion. However, the loud banging scanner noises may wake the
infant. Sedation, on the other hand, requires additional drugs, equipment, and anesthesiologist,
which increases cost (Altman & Bernal, 2015; Bernal, 2012). Moreover, sedation is not always
effective because subjects react to anesthetic drugs differently, anesthetic drugs have negative
side effects, and using sedation for research procedures is ethically questionable (Andropoulos
& Greene, 2017). Moreover, most fMRI experiments require subjects to be awake to engage
with the task.

In older children and adults, devices like bite bars (Menon et al., 1997) and helmet head
restraining systems (Hadj-Bouziane et al., 2014) have been used to avoid or minimize subject
motion during scanning. However, biting a bar is itself a task which may confound activation
by the experimental task, is uncomfortable, and bite bars require sterilization before and/or
after use. Helmets, on the other hand, incur additional costs, may be head-size specific, and

limit the use of additional equipment such as electroencephalography (EEG) electrodes.

1.4. Motion correction in fMRI
Despite employing these techniques and devices to minimize subject motion during
scanning, motion artifacts are still prevalent in fMRI. Therefore, various motion correction

techniques — broadly classified as retrospective or prospective — have been developed.

1.4.1. Retrospective motion correction (RMC)

Retrospective motion correction techniques attempt to correct for the effects of motion
after acquisition of the complete dataset. Retrospective motion correction is available and has
been optimized for rapid 2D imaging protocols in all the widely used fMRI analysis packages
such as AFNI, FSL, SPM and BrainVoyager (Cox, 1996; Karl J. Friston et al., 1995; Goebel et
al., 2006; Jenkinson et al., 2002). In these implementations the motion is considered to be slow
relative to the sampling window, and RMC typically involves only inter-volume image-based
registration. Although different packages use different algorithms, they ultimately result in
similar activations (Oakes et al., 2005). The performance of these RMC implementations
depend on the underlying interpolation algorithms and optimization of cost functions.
Insufficiently corrected or uncorrected subject motion artifacts may manifest as signal changes

in brain regions near high contrast borders, and, if they are correlated to the functional task,
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may result in false activations (Field et al., 2000; Hajnal et al., 1994). In resting-state fMRI,
where there is no functional task, head motion decreases the intrinsic functional connectivity
(FC) in large-scale networks such as the default mode network, but increases FC in local
networks such as between right and left motor regions (Power et al., 2012; Satterthwaite et al.,
2012; van Dijk et al., 2012). In general, some components of motion-induced functional
networks remain after retrospective motion correction (Yan et al., 2013).

For acquisitions with longer sampling windows, intra-volume motion, however, is non-
negligible. Intra-volume motion may result in motion-related artifacts and/or spin-history
signal deviations (Power et al., 2014; Satterthwaite et al., 2013). Slice-to-volume registration
has been implemented in some 2D fMRI analysis packages to retrospectively correct for intra-
volume motion. Self-navigation is another intra-volume RMC technique that involves
sampling specific regions of k-space repeatedly so that motion during the acquisition of the
volume can be estimated from discrepancies between these repeatedly-filled k-space regions.
For instance, the PROPELLER (Periodically Rotated Overlapping ParallEL Lines with
Enhanced Reconstruction) acquisition scheme fills rotating parallel k-space lines also known
as ‘stripes’ until a circular k-space region is completely filled (Krdmer et al., 2012; Pipe, 1999).
Oversampling of the centre of k-space allows motion to be estimated; minimal motion is
assumed within stripes.

Intra-volume RMC becomes more critical for 3D acquisition schemes, where the sampling
window i1s much longer. TURBINE (Trajectory Using Radially Batched Internal Navigator
Echoes) is a modification of the 2D PROPELLER approach that uses a 3D hybrid radial-
Cartesian EPI readout scheme. It is a multi-shot technique where each shot uses an EPI readout
to construct a 2D plane (called a ‘blade’) with phase encoding along k,; subsequent planes are
rotated about the k, axis to fill a cylindrical k-space region (Graedel et al., 2017, 2022).
However, because of the hybrid k-space sampling, magnetic field changes create phase
inconsistencies between planes. The multi-shot acquisition also makes TURBINE more
sensitive to physiological noise, motion, and magnetic field inhomogeneities. Moreover,
TURBINE has lower BOLD sensitivity than matched 3D EPI acquisitions, and radial sampling
has been shown to be less efficient than Cartesian sampling (Tsai & Nishimura, 2000).

The availability of vast numbers of annotated MR images, advances in graphic processing
unit (GPU) technologies and mathematical models have accelerated the integration of machine
learning (ML) algorithms into MRI data processing. ML algorithms implemented over

interconnected computing units known as artificial neural network can be used to automatically
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detect abnormalities in structural brain images by evaluating MR images of the same contrast
and voxel geometry as the training data without localizing the artifacts or determining what the
artifacts are (Esses et al., 2018; Sujit et al., 2019). Furthermore, various neural network
architectures such as convolutional neural networks (CNNs) have been used to remove motion
artifacts from contrast enhanced liver MR images, out-of-FOV motion artifacts from T1-
weighted brain images and abdomen, and generative adversarial networks (GANs) were used
to remove rigid and non-rigid motion artifacts. However, in addition to their demand for high
computing resources, their performance depends on factors such as the size and quality of the
training data, the quality and selection of input data, and optimization of parameters. In general,
although preliminary applications of ML for retrospective motion correction have been
promising, its clinical use has not been established (Armanious, Gatidis, et al., 2020; Kiistner

et al., 2018; Tamada et al., 2020; Wang et al., 2020).

1.4.2. Prospective motion correction

In contrast to RMC, prospective motion correction (PMC) aims to maintain the relative
position of the target in the imaging field of view (FOV) by tracking the position of the target
and readjusting the FOV in real time throughout the acquisition. PMC techniques sufficiently
suppress spin-history effects (Yancey et al., 2011), intra-volume distortions (Speck et al., 2006)
and contain all images of the target object within the acquisition FOV. Moreover, since
retrospective motion correction is usually part of standard fMRI preprocessing pipelines,
employing PMC during fMRI acquisition will further improve the integrity of the data (Aksoy
et al., 2012; Boegle et al., 2010; MacLaren et al., 2011).

PMC techniques may detect subject motion in real time by using motion tracking schemes
that involve attaching RF coils (Derbyshire et al., 1998; Ooi et al., 2009) or optical markers
(Todd et al., 2015; Zaitsev et al., 2006) to a subject’s head. However, both of these require
additional hardware with their own setup, configuration and calibration requirements, thereby
increasing both financial and time costs. Moreover, depending on marker fixation, subject
motion may not accurately translate into tracker motion. An alternative approach is to use
software-based motion trackers called navigators. These can be 1D, 2D or 3D low-resolution
MR images acquired in an interleaved fashion throughout the acquisition to measure pose
changes (Hess et al., 2011; Tisdall et al., 2012; Van Der Kouwe et al., 2006; White et al., 2010;
Zhuo Wu Fu et al., 1995). However, navigators require additional RF and gradient pulses,
which are difficult to implement in the already crowded EPI pulse sequence without increasing
the acquisition time.
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1.4.3. Self-navigated prospective motion correction (snPMC)

Here we propose implementing in repeated 3D-EPI a prospective intra-volume motion
correction technique that does not require additional pulses or hardware to track subject motion
in real time, referred to as self-navigated prospective motion correction (snPMC).

A 3D-EPI sequence was modified to acquire volumetric MRI data in a centre-out scheme,
filling the 3D k-space from the centre partition and progressing outwards alternately filling one
partition on either side of the centre partition. The sequence was also modified to readjust the
acquisition FOV immediately after receiving motion parameters from the image reconstruction
pipeline (IRP). The IRP was modified to accumulate subsets of partitions from the volumetric
MRI data being acquired in dedicated storage(s) to construct a volumetric image(s), also
referred to as a self-navigator(s), which could be used to estimate the current position of the
target object relative to its position during the first acquisition. During each volume acquisition,
except for the first, the IRP therefore estimates the position of the target and sends motion
parameters back to the 3D-EPI sequence to update the FOV. The 3D-EPI readjusts its FOV
immediately after receiving motion parameters from the IRP and acquires the remaining
partitions of the current volume and the first partitions of the next volume, until new motion
estimates are received, using the new FOV. The spatial resolution of the self-navigators was
kept identical to the volumetric image being acquired using zero-filling of the remaining
partitions. The snPMC technique does not require additional time to detect and correct head
motion. In this work, the single navigator used for snPMC is referred to as a volumetric self-
navigator (vSNav), and when two navigators per volume were used, these were referred to as
double volumetric self-navigators (dvsNav).

Given that the 3D-EPI sequence samples 3D k-space and is therefore not affected by slice
‘gaps’ or ‘double excitation’ of slices as in 2D-EPI, motion correction could theoretically have
been applied retrospectively by regridding k-space. In the presence of rapid head motion,
regridding may, however, result in gaps in k-space, which cannot be corrected retrospectively.
Moreover, RMC cannot correct ‘slab’ history effects (similar to slice history effects in 2D-EPI)
that may occur when 3D-EPI is performed in thin slabs to increase resolution and minimize

physiological artifacts.
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Chapter Two

2. Self-navigated Prospective Motion Correction for 3D-EPI Acquisition?

Samuel G. Bayih??, Marcin Jankiewicz>>*, Ali Alhamud®*°, André J. W. van der

Kouwe?®” and Ernesta M. Meintjes®>*

Abstract

Purpose: Although three-dimensional EPI (3D-EPI) is more susceptible to motion
artifacts than two-dimensional EPI, it presents some benefits for functional MRI (fMRI),
including the absence of spin-history artifacts, greater potential for parallel imaging
acceleration and better functional sensitivity in high-resolution imaging. Here we present a
self-navigated 3D-EPI sequence suitable for prospective motion corrected fMRI without
additional hardware or pulses. Methods: For each volume acquisition, the first 24 of the 52
partitions being acquired are accumulated to a new feedback block that was added to the image
reconstruction pipeline. After zero filling the remaining partitions, the feedback block
constructs a volumetric self-navigator (vSNav), co-registers it to the reference vSNav
acquired during the 1% volume acquisition and sends motion estimates to the sequence. The
sequence then updates its FOV and acquires subsequent partitions with the adjusted FOV, until
the next update is received. The sequence was validated without and with intentional motion
in phantom and in vivo on a 3 T Skyra. Results: For phantom scans, the FOV was updated
0.704 s after acquisition of the vSNav partitions, and for in vivo scans after 0.768 s. Both
phantom and in vivo data demonstrated stable motion estimates in the absence of motion. For
in vivo acquisitions, prospective head pose estimates using the vSNav’s and retrospective
estimates with FLIRT agreed to within 0.23 mm (<10% of the slice thickness) and 0.14° in all
directions. Conclusion: Depending on when motion occurs during a volume acquisition, the
proposed method fully corrects the FOV and recovers image quality within one volume

acquisition.
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2.1. Introduction

Functional MRI (fMRI) routinely uses echo planar imaging (EPI) (Stehling et al., 1991;
Turner et al., 1991), which on a 3 T scanner can image the entire brain at roughly 3 x 3 x 3
mm? isotropic resolution in about 1 to 2 s. FMRI non-invasively measures brain activity by
exploiting the coupling between neural activation and changes in blood oxygenation. The latter
causes subtle contrast variations on T>" weighted images, known as blood-oxygenation-level-
dependent (BOLD) contrast (Belliveau et al., 1991; Ogawa et al., 1992, 1993). The BOLD
contrast, however, typically accounts for no more than 1% of the average MR signal intensity
(Buxton, 2009; Huettel et al., 2014). This is comparable to and often less than contrasts created
by other factors such as noise from cyclic cardiac and respiratory changes, instrumental drifts,
external interferences and subject motion during scanning (Birn et al., 2006; Kriiger & Glover,
2001; Shmueli et al., 2007).

Subject motion alters the evolution of the voxel-wise BOLD signal used to construct a
functional map of the brain by causing signal from different anatomical regions to contribute
to the time course of a single voxel. Moreover, head pose changes may change the macroscopic
static (B0) and transmitted (B1) field at some voxels (Chen & Glover, 2015; Goebel et al.,
2006). Avoiding or minimizing the effects of subject motion during fMRI data acquisition is
therefore critical for a better BOLD signal extraction and a reliable functional analysis
outcome. Remaining motionless throughout a 5- to 10-minute fMRI acquisition is, however,
not trivial, and performing a task may cause involuntary motion. The difficulty becomes greater
and subject motion more prominent in clinical sessions, or with young or elderly subjects.
Besides, the pattern and intensity of head motion may vary depending on the type of
experiment, as well as the age, sex and state of a subject during scanning (Mayer et al., 2007,
Poldrack et al., 2002; Seto et al., 2001; Yuan et al., 2009), making head motion difficult to
predict.

Head motion correction or minimization techniques typically combine one or more of the
following schemes. The first aims to physically minimize head motion by using restraining
objects like bite bars (Menon et al., 1997), helmets (Hadj-Bouziane et al., 2014), cushioning or
sedation (Bernal, 2012). Even though these techniques reduce the amount of head motion they
can introduce other problems. For instance, biting a bar is itself a task requiring effort during
the scan and is uncomfortable. Helmets incur additional financial costs, may be head size

specific and limit the use of additional equipment, such as EEG electrodes. Sedation is typically
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not viable when a participant is required to perform a task, may affect fMRI signals, and
presents ethical issues in research participants.

Retrospective motion correction, which estimates and corrects head motion after the data
have been acquired, is implemented in most fMRI analysis packages (Liu, 2016). However,
depending on the type of motion, motion correction after data acquisition may introduce subtle
errors in the results. For instance, if the head motions are task correlated and are not sufficiently
corrected, then the functional analysis may produce false activations. On the other hand, if head
motion is not task correlated and not sufficiently corrected, then the resulting uncorrelated
highly modulated signals may be processed as noise resulting in a decreased BOLD activation.
Depending on the degree, head motion can create different levels of systemic effects by
decreasing functional couplings between distributed regions of association cortex and by
increasing local functional couplings (Hajnal et al., 1994; Power et al., 2012; Satterthwaite et
al., 2012; van Dijk et al., 2012). Moreover, spin-history artifacts caused by through-plane
motion may result in signal fluctuations that are comparable to BOLD signal contrast, making
them difficult to remove retrospectively (Muresan et al., 2005; Yancey et al., 2011).

The final scheme, termed prospective motion correction (PMC), aims to keep the imaging
field of view (FOV) fixed to the subject’s head (rather than the scanner) by measuring head
motion throughout the acquisition and realigning the imaging coordinates whenever head
motion is detected. One approach involves attaching fixed markers, such as coils (Derbyshire
et al., 1998; Ooi et al., 2009) or optical markers (Todd et al., 2015; Zaitsev et al., 2006), to a
subject’s head to track motion. These trackers, however, require additional hardware with their
own setup and calibration requirements, increasing financial and time costs. An alternative
approach uses software-based trackers termed navigators (Alhamud et al., 2012; Hess et al.,
2011; Van Der Kouwe et al., 2006; Zhuo Wu Fu et al., 1995), which are acquired repeatedly
throughout the acquisition and provide one-, two- or three-dimensional low-resolution
snapshots of the location of an anatomical region. Previously, we implemented a low-resolution
(8 x 8 x 8 mm?) three-dimensional (3D) EPI volumetric navigator (vNav) for PMC during
neuroanatomical acquisition (Tisdall et al., 2012), MR spectroscopy (Hess et al., 2011) and
diffusion tensor imaging (Alhamud et al., 2016). Although these vNav’s require no external
hardware, the parent sequence needs to be interrupted for 355-475 ms while the vNav is
acquired, reconstructed, registered and motion estimates are fed back to the parent sequence.
While the inversion and recovery times in neuroanatomical and spectroscopy acquisitions are

sufficient for insertion of the vNav block, the repetition time (TR) for DTI had to be increased
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slightly (Alhamud et al., 2016). In each application, motion is measured and feedback provided
at the start of each measurement, which for MRS and neuroanatomical acquisitions occurs
every 2-5 s (Hess et al., 2011; Tisdall et al., 2012) and for DTI every 10 s (Alhamud et al.,
2012). In the present work, we wanted to explore the feasibility of implementing PMC for
fMRI using a subset of the data being acquired by the parent sequence, without having to
interrupt the measurement to play out the dedicated radiofrequency (RF) and gradient pulses
required for the vNav acquisition.

Prospective acquisition correction (PACE) (Thesen et al., 2000) for fMRI employs a
similar strategy where each 3D volume (comprising a stack of slices) as soon as it becomes
available is registered to a reference volume, whereafter motion estimates are fed back to the
sequence and the scanner FOV is updated. However, since image reconstruction and
registration are performed during acquisition of the next volume, the correction is only applied
to the second next volume, resulting in a lag of up to two TRs (Tisdall et al., 2012; Zaitsev et
al., 2017). Recently, (Hoinkiss et al., 2019) reduced the latency to around 300 ms by using
multi-slice-to-volume image registration in combination with simultaneous multi-slice (SMS)
imaging. However, this technique is necessarily limited to two-dimensional (2D) EPI where
the volume is imaged slice by slice.

Although 2D-EPI is typically preferred for fMRI due to its greater motion robustness and
relative speed, 3D-EPI may have some advantages. 3D-EPI excites the entire volume
simultaneously and records signals for successive k; partitions, filling the entire 3D k-space
grid before image reconstruction. Specifically, the additional phase encoding gradient for
partition encoding in 3D-EPI lends itself to parallel imaging acceleration (Afacan et al., 2012).
In contrast, SMS acceleration in 2D-EPI increases the RF power requirements, which increases
the average specific absorption rate (SAR) and homogeneity requirements of the transmit field
(B1) (Le Ster et al., 2019; Moeller et al., 2010). Moreover, 3D-EPI is free from spin-history
artefact problems and its functional sensitivity is better than (or comparable to) 2D-EPI
(Goerke et al., 2005; Neggers et al., 2008; Poser et al., 2010; Stirnberg et al., 2017).

To date, the only PMC technique that has been applied to 3D-EPI fMRI data is optical
tracking (Todd et al., 2015). PACE has not been implemented for 3D-EPI. Since PACE
requires the complete image volume to be reconstructed prior to registration, PMC of 3D-EPI
using PACE would, however, be delayed by at least one volume, irrespective of computational
power. In this work, we propose a self-navigated PMC framework with reduced latency. The

method eliminates the limitations of external hardware, as well as the need for additional
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motion tracking pulses, by using a subset of the acquired kz partitions to construct a 3D
volumetric self-navigator (vSNav) during each volume acquisition. The vSNav’s acquired in
successive volume acquisitions are compared to a reference to estimate motion parameters, and

corrections are applied to the imaging FOV before the start of the next volume acquisition.

2.2. Methods

2.2.1. Self-navigated 3D-EPI sequence Development

The multi-shot 3D-EPI sequence acquires a complete volume by repeatedly exciting the
volume. After each excitation, a different partition encoding gradient is applied and one kz
partition is filled along a Cartesian trajectory. A typical acquisition scheme, called the center-
out scheme, starts from the central partition, filling partitions on either side of the central
partition and moving outwards one partition at a time (Figure 2-1 (a)). In principle, it should
be possible to construct a volumetric image from a subset of these partitions, thereby permitting
motion detection before all partitions for the volume have been acquired. In this work, we
added an additional block — termed the feedback block — to the image reconstruction pipeline
(IRP) (Figure 2-2). This block accumulates the same data as the online block, albeit only for a
subset of the partitions, and processes these partitions independently to compute motion
estimates during the acquisition of the volume. The sequence was further modified to accept
motion parameters fed back to it by the feedback block once during the acquisition of a

particular volume, and to adjust the FOV based on this feedback.

2.2.2. Volumetric self-navigator design

To detect and measure motion, we construct a vSNav once per volume acquisition from
the subset of k-space data accumulated to the feedback block. The vSNav of volume i
(vSNav;) is constructed by accumulating the first m partitions to the feedback block. To
optimize the signal of our vSNav, we use the center partitions that contain more energy due to
smaller encoding gradients. Combined with a center-out acquisition scheme, these partitions
are acquired first, allowing sufficient time during acquisition of the remaining partitions for
computations. The number of partitions, m, depends both on the minimum number of partitions
required to construct a navigator volume with sufficient features for accurate motion detection,
the time at which we would like to estimate motion during acquisition of a volume, and the
time required to complete all computations and provide feedback before the start of the next
volume acquisition. In the current implementation where we only construct one navigator
during acquisition of a volume, m was chosen to provide feedback on motion that occurred
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before or during the first half of each volume acquisition. The remaining (n - m) partitions of
vSNav; are zero filled, which is equivalent to applying a low pass filter along the partition
direction (Figure 2-1(b)). In this manner the volumetric self-navigator has isotropic resolution

that is low pass filtered in partition direction.

Volume i

Partition number

=
>

n n-2.. 8 6 4 2 1 3 5 7 .. n—-3 n-1 Acquisition order

Volumetric self-navigator
(vSNav,)

{ m t Zero filled partitions
(Low pass filtered)

(b)

Figure 2-1 Position of partitions with respect to the isocenter and design of the volumetric self-
navigator for volume I (a) n partitions and their position relative to the isocenter (indicated by the
arrow), as well as the order in which they are acquired with the centre-out scheme. (b) The volumetric
self-navigator of the ith volume (vVSNav;) is constructed from the first m partitions, which are
accumulated to both the online and feedback blocks. The remaining (72 — 1) partitions in the feedback
block are zero filled, which is equivalent to applying a low pass filter.

2.2.3. Real-time motion detection

The first vSNav is set as a reference volume (VSNavgs) relative to which motion

parameters of subsequent self-navigators are estimated. The m partitions for each self-
navigator are accumulated in a time At;= m*TR, where TR is the partition repetition time.
Immediately after accumulation of the partitions, the feedback block constructs the self-
navigator volume, and for i > 1, estimates the position of vSNav; relative to vSNavg,s using
the Siemens PACE algorithm (Thesen et al., 2000). PACE outputs six motion parameter values
— three for translation and three for rotation. Assuming that the feedback block requires a time

At, to zero fill remaining partitions, reconstruct vSNav;, perform the computations to estimate
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the motion parameters, and send these back to the sequence, the imaging FOV will be updated
at time At; + At, after the start of the i’ volume acquisition (Figure 2-3). The remaining
partitions of the current volume, and the first m partitions of the next volume, are then acquired

with the adjusted FOV (i.e., corrected for motion).
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Figure 2-2 Block diagram illustrating the two blocks in the image reconstruction pipeline for the
proposed self-navigated prospective motion correction scheme. The real-time feedback block (dashed
rectangle) accumulates a sub-sample of the incoming data, fills remaining partitions with zero,
reconstructs the self-navigator volume, estimates motion parameters by co-registering to the reference
self-navigator volume, and sends the motion parameters back to the sequence. The sequence
immediately readjusts the FOV according to the motion parameters received. The online image
reconstruction block accumulates all acquired partitions (irrespective of FOV) and constructs a
volumetric image at the end of every volume acquisition.

2.2.4. Real-time motion correction considerations

‘Real-time’ motion correction requires motion parameters to be fed back to the sequence
before completion of a volume acquisition so that the remaining partitions of the current
volume, or at the very least the partitions of the next volume, can be acquired with the updated
FOV. For the method proposed here, the speed of motion detection is limited by the minimum
number of partitions required to construct a vSNav of sufficient quality for accurate co-
registration to vSNavg.r. Even with the in-plane resolution intact, using fewer partitions
results in increased smoothing along the partition direction. Notably, the minimum number of
partitions required will also be affected by which partitions are accumulated in the feedback
block — using partitions with only high spatial frequencies may not contain sufficient features,
thereby decreasing the sensitivity of through-plane motion detection if the number of partitions
is not increased. As such, implementing real-time motion correction using the proposed vSNav

approach requires a trade-off between when and how fast motion can be estimated during a
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volume acquisition. To provide time for the feedback block to compute and send the motion

parameters back to the sequence, remaining partitions are only accumulated to the online block.
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Figure 2-3 Illustration of the self-navigated prospective motion correction scheme for a single volume
comprising 52 partitions. The feedback block takes time Aty to accumulate the partitions for the
volumetric self-navigator (vSNav), and time At, to zero fill remaining partitions, construct the i" self-
navigator, estimate its position relative to the reference self-navigator, and send motion estimates back
to the sequence. All 52 partitions are accumulated to the online block in a time 52 7/, where TR is the
partition repetition time. In the current implementation, the first 24 partitions are used to construct the
vSNav and the remaining 28 partitions are accumulated to the online block only. Image reconstruction
of the i" volume occurs after accumulation of all 52 partitions.

To determine the optimal number of partitions required for accurate motion detection, we
scanned a High Precision Devices (HPD) system phantom (Figure 2-4) on a 3 T Skyra (Siemens
Healthcare, Erlangen, Germany) using our 3D-EPI sequence without motion correction, while
manually moving the pad supporting the phantom to the right at the start of volume 6 and then
to the left at the start of volume 16. The phantom was scanned in a 20-channel Head/Neck coil.
Sequence parameters were: TR 64ms, TRvol3.33s, TE30ms, voxel size
3.1x3.1x3.1 mm3, acquisition matrix 64 x 64 x52, FOV 200 x 200 mm?3, bandwidth
2298 Hz/px, flip angle 18°, 24 volumes with fat saturation ON. Offline we constructed
vSNav’s using either the first 8, 12, 16, 20, 24, 28, 32, 36, 40, 48 or all 52 partitions and
estimated motion parameters for each vSNav configuration. Since the vSNav constructed
using all 52 partitions (vSNav52) provides the highest accuracy achievable with PACE, the

performance of all the other vSNav configurations was compared to vSNav52.
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Figure 2-4 High Precision Devices (HPD) system phantom model 130, which contains 5 plates, 57
fiducial spheres and 2 wedges, and its placement in the 20-channel head/neck coil.

Based on our results (Figure 2-5), showing that translations converge to within 0.2 mm of
the ground truth for 20 or more partitions, and rotations to within 0.1 degree for 12 or more
partitions, we used 24 of 52 partitions to construct our vSNav in the current implementation
(Figure 2-3). As such, At; = (24) * TR, where TR is the repetition time (TR) for each
partition. For all measurements after the first, the feedback block estimates subject motion
relative to the first measurement and feeds the motion parameters back to the sequence at time
(At; + At,) < 52 * TR after the start of that measurement. To avoid oscillations arising from
small registration errors, the feedback block was programmed to only send feedback to the
sequence for translations exceeding 10% of the slice thickness or rotations exceeding 0.2°.

The online block of the IRP (Figure 2-3) first accumulates all partitions of the i" volume
acquisition before constructing the volumetric image. The quality of partitions that are
accumulated and processed in this block is partly dependent on the performance of the feedback
block. The performance of the feedback block depends on the number and position of partitions
used to construct the self-navigators and the severity of subject motion, which also affects the
quality of raw data that are accumulated to the online block. Only in two cases will the sequence
not receive feedback from the feedback block: (i) if the subject motion is too severe (i.e. when
estimated translation or rotation values are greater than 20 mm or 8°, respectively), or (ii) if
the self-navigators do not have enough features for PACE to estimate motion.

The online block of the IRP reconstructs and displays the slices of each volume in mosaic
format. In addition to the online reconstruction and display, it also displays slices of the
vSNav’s constructed by the feedback block in mosaic format and overlays the estimated
motion parameters on the images to provide a summary of the self-navigator performance

throughout the scan.
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Figure 2-5 Plots comparing motion estimates for volumetric self-navigators (vSNav'’s) constructed
from the first 8, 12, 16, 20, 24, 28, 32, 36, 40, 48 or all 52 partitions of each volume acquisition. Since
the vSNav'’s constructed using all 52 partitions (vSNav52) provide the highest accuracy achievable
with PACE, that is the ground truth that motion estimates of vSNav's constructed from a sub-sample
of the partitions were compared to. For translations, accuracy converges to within 0.2 mm of the
vSNav52 estimates for 20 or more partitions, and for rotations to within 0.1 degree for 12 or more
partitions.

2.2.5. Sequence validation

The self-navigated 3D-EPI sequence was validated both in a phantom and in vivo in three
healthy volunteers. All scans were performed on a 3 T Skyra (Siemens Healthcare, Erlangen,
Germany) located at the Cape Universities Body Imaging Centre (CUBIC) in Cape Town,
South Africa, according to protocols that had been approved by the Faculty of Health Sciences
Human Research Ethics Committee of the University of Cape Town. The volunteers (age 30,
31 and 36 years, male) provided written informed consent.

For the phantom scans, sequence parameters were the same as above, except that 36
volumes were acquired. In vivo acquisitions were performed using a 32-channel head coil with
the same sequence parameters, except for 80 volumes. Sequence parameters were selected to
be similar to those typically used during an fMRI BOLD acquisition. The phantom images

were acquired in the coronal orientation with slice select anterior-posterior and phase encoding
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left-right. The in vivo images were acquired in the sagittal orientation with slice select left-
right and phase encoding anterior-posterior.

The phantom was scanned first without motion and next with motion, in both instances
with active motion correction. During the scan with motion, three discrete motions were
induced manually by moving the pad supporting the phantom first to the right around the start
of volume 4, then to the right around the start of volume 13 and finally to the left around the
start of volume 25.

In vivo scans were performed first without motion while real-time motion detection and
correction were active, second with intentional motion and real-time motion detection active,
but no feedback applied, and finally, with intentional motion and both real-time motion
detection and correction active. During the scans with intentional motion, participants were
asked to move their heads at particular times during the acquisition, remaining still at each new
position for about 20 volume acquisitions, as well as for the first and last 10 volume
acquisitions. Specifically, the participants were asked to rotate their head to the right around
volume 10, rotate back to the center around volume 30, rotate to the left around volume 50,
and finally rotate back to the center around volume 70, remaining still until the end of the
acquisition. In a separate acquisition, the 1% subject was asked to move directly from right to
left around volume 30 instead of moving back to the center. The amount of motion was
controlled by marking three dots on the inside surface of the scanner bore — one dot directly in
line with the subject’s line-of-sight (center mark), one dot approximately 8 cm to the left of the
center mark, and another approximately 8 cm to the right of the center mark. When instructed
to move, all participants turned their head to face the relevant mark (center, left or right). In
vivo data were further processed using FLIRT in FSL (Jenkinson et al., 2002) to assess the

accuracy of the motion parameters estimated by PACE.

2.3. Results

2.3.1. Phantom data

Figure 2-6 (a) shows that motion estimates for the phantom in the absence of motion are
stable. Figure 2-6 (b) shows motion estimates when the phantom was moved during the
beginning of the 4™ (after the 3™) and 13" (after the 12™) volume acquisitions, and a small
motion during the 24" and big motion during 25" volume acquisitions. Except for volume 24,
motion was successfully detected during the volume acquisition in which it occurred, and the

FOV updated before the start of the next volume acquisition. From the log viewer it was
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confirmed that the last 17 partitions of the volume during which motion occurred were acquired
with the updated FOV for the first and second motion instances, as well as partitions of the
next volumes acquired before a new update was received. Even though there was continuous
motion during the 24™ and 25™ volume acquisitions, the FOV was completely corrected by the
26" volume acquisition. Figure 2-6 (c) shows the central slice of the 1% volume, and Figure 2-6
(d-f) difference images between the central slices of volumes before and after motion occurred.
Figure 2-6 (d) is the difference between the 3™ and 5™ volumes, Figure 2-6 (e) between the
12 and 14™, and Figure 2-6 (f) between the 23™ and 26" volumes.
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Figure 2-6 Plots showing for each volume the position of the phantom in the imaging FOV relative to
its position during the first volume as measured by the volumetric self-navigator for acquisitions with
(a) no motion and (b) motion induced during measurements 4, 13 and 25. Images were acquired in the
coronal orientation with phase encoding in the left-right direction and readout in the inferior-superior
direction. The images in the bottom row show (c) the central slice of the first volume, and difference

images between the central slices acquired in (d) volumes 3 and 5, (e) volumes 12 and 14, and (f)
volumes 23 and 26.
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2.3.2. In vivo data
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Figure 2-7 Plots showing for one volunteer prospective vSNav and retrospective FLIRT estimates of
their head position in the imaging FOV during each volume relative to its position during the 1*' volume
for acquisitions (a) without intentional motion, (b) with intentional motion around volumes 10, 30, 50
and 70 but without feedback to the sequence, and (c) with intentional motion and both real-time
detection and correction enabled. Since images were acquired in the sagittal orientation, the slice select
direction is from left to right, phase encoding from anterior to posterior and readout from inferior to
superior. For the acquisition with motion correction enabled, we show (d) a central slice of the I
volume (VSNavg,r) and (e-h) difference images of the same central slice between volumes acquired
before motion occurred and after the head position within the imaging FOV is fully restored. In (e) we
show the difference image between volumes 9 and 14, in (f) between volumes 29 and 33, in (g) between
volumes 49 and 53, and in (h) between volumes 69 and 72. Notably, the motion around volume 30
involved substantial nodding compared to the other motion events. In (i) we show the difference image
of the central slice before and after a period of continuous motion (i.e., between the 61° and 65"
volumes).

Figure 2-7 shows for one volunteer how their head position in the imaging FOV changes
relative to its position in the 1% volume for acquisitions (a) without intentional motion (NoMo),
(b) with intentional motion but without feedback to the sequence enabled (NoCo), and (c) with
motion and both feedback and real-time FOV updates enabled (MoCo). These estimates were
determined prospectively by the vSNav and retrospectively by FLIRT; all motion estimates
were converted to the scanner coordinate system to facilitate comparison. Small oscillations in
Figure 2-7 (a) demonstrate difficulties remaining motionless and potential effects of
physiological noise during lengthy scans, especially when compared to the phantom scans

shown in Figure 2-6 (a). As seen in Figure 2-7 (c), the head position largely returns to its
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original position within the imaging FOV in the volume immediately following that during
which motion is detected and the FOV update is applied. Figure 2-7 (d) shows a central slice
of the 1* volume of the MoCo acquisition, and Figure 2-7 (e-h) the difference images of the
same central slice between volumes acquired before and after motion occurred. In addition, we
show in Figure 2-7 (i) the difference image between volumes acquired before and after the
continuous motion detected between volumes 60 to 65 (Figure 2-7 (¢)).

Table 2-1 shows the maximum, mean and standard deviation of the differences between
position estimates obtained using the vSNav and FLIRT for each acquisition of each subject.
Notably, larger maximum and mean discrepancies are evident in most directions for
acquisitions without motion correction. For NoMo and MoCo acquisitions, mean translation
and rotation differences are below 0.23 mm and 0.14 degrees, respectively, and maximum
differences below 1.5 mm translation and 1 degree rotation. The largest differences were seen
for subject 2, who moved continuously between the 3™ and 4™ motion event, and moved slower
causing motion events to extend across more than one volume. Moreover, it can be seen in
Figure 2-7 (b) and (c) that the largest discrepancies between the vSNav and FLIRT occur in
the volumes where motion is detected and that these tend to be largest along the slice select
direction. This may in part be due to substantial smoothing along this direction, arising from

more than half the partitions being filled with zeroes.

Table 2-1 Differences (maximum and mean) between PACE and FLIRT motion estimates for the 3
acquisitions of all 3 subjects.

Logi Subject #1 Subject #2 Subject #3
. P . ogical
Motion estimation Motion parameter coordinate
difference component system NoMo NoCo MoCo NoMo NoCo MoCo NoMo NoCo MoCo
PE 0.12 0.27 0.84 0.28 0.50 0.31 0.23 0.46 0.35
Translation (mm) RO 0.05 0.43 0.45 0.18 1.68 0.99 0.15 0.34 0.29
SS 0.14 1.16 1.26 0.15 1.01 1.53 0.20 0.82 0.42
Maximum
PE 0.16 0.76 0.58 0.25 1.00 1.02 0.14 0.42 0.51
Rotation (") RO 0.15 0.39 0.30 0.13 1.65 0.68 0.17 0.78 0.28
SS 0.13 0.24 0.3 0.25 0.37 0.25 0.24 0.44 0.39
PE 0.03 0.14 0.06 0.09 0.24 0.13 0.05 0.34 0.06
(0.03) (0.08) (0.11) (0.05) (0.11) (0.07) (0.04) (0.08) (0.06)
Translation (mm) RO 0.02 0.16 0.06 0.07 0.55 0.17 0.06 0.09 0.06
(0.01) (0.14) (0.07) (0.04) (0.54) (0.15) (0.04) (0.08) (0.06)
ss 0.04 0.45 0.15 0.04 0.12 0.23 0.06 0.29 0.07
Mean (0.03) (0.37) (0.19) (0.03) (0.13) (0.26) (0.04) (0.20) (0.09)
(Standard deviation) PE 0.04 0.07 0.11 0.08 0.28 0.14 0.05 0.19 0.09
(0.03) (0.13) (0.12) (0.06) (0.25) (0.15) (0.04) (0.10) (0.10)
Rotation (°) RO 0.05 0.10 0.06 0.05 0.37 0.13 0.06 0.30 0.07
otatio (0.04) (0.09) (0.06) (0.03) (0.26) (0.12) (0.04) (0.16) (0.06)
SS 0.05 0.05 0.07 0.06 0.13 0.07 0.09 0.24 0.07
(0.03) (0.04) (0.06) (0.05) (0.08) (0.06) (0.04) (0.09) (0.07)

‘Where: PE: PhaseEncode; RO: ReadOut; SS: SliceSelect; NoMo: No Motion with motion correction; NoCo: motion with No motion Correction;
MoCo: Motion with motion Correction
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In a final in vivo experiment where the 1% subject moved his head from the left marker
directly to the right during the 30 measurement, the estimated motion parameters exceeded
the PACE limits (>20 mm translation or 8 degrees rotation). This caused the feedback block to
stop so that no real-time motion detection nor correction occurred. However, the online block

continued to accumulate and construct the remaining measurements.

2.4. Discussion

This work demonstrates that a new feedback block introduced in the IRP of the 3D-EPI
sequence can compute motion parameters to within sub-millimeter accuracy from a volumetric
image generated using a sub-sample of the partitions. These motion parameters are sent back
to the sequence, allowing the FOV to be adjusted once per volume acquisition thereby enabling
real-time motion correction.

It is worth highlighting that the proposed vSNav differs fundamentally from the vNav
previously implemented by the authors. vNav is an additional independent 3D-EPI volume
acquired at repeated intervals during a measurement (which can be 2D or 3D), requiring the
main measurement/parent sequence to be paused briefly (355-475 ms). The low resolution (8
x 8 x 8 mm?) vNav volume is constructed using its own dedicated RF and gradient pulses, and
are unaffected by any contrasts (such as diffusion weighting) applied during the main
measurement. To minimize any impact on the signal of the parent sequence, a small flip angle
of 2 degrees is used. In contrast, the current self-navigators are constructed from a subset of
the data being acquired as part of the main measurement. As such, the measurement never
needs to be interrupted and no additional RF pulses or gradients need to be inserted during the
acquisition. The current method is only suitable for 3D acquisition, as a subset of the kz
partitions are used, and the remaining partitions are zero-filled to fill the complete 3D k-space
matrix. The resolution of the vSNav is therefore kept isotropic and smoothed only in the
partition direction. Moreover, the flip angle is that of the main measurement. Here we use the
Ernst angle (18 degrees) to optimize the BOLD contrast at 3 T.

In the current approach, partitions that are not accumulated to the feedback block, are zero
filled, which occurs almost instantaneously. In addition to the time required to acquire the
partitions accumulated to the feedback block (acquisition time), the feedback block requires a
finite amount of time (computation time) for image reconstruction, registration, feedback and
to apply FOV updates to the sequence. Since the vSNav always comprises 52 partitions, the

computation time is not affected by the number of partitions acquired. The computation time
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of the feedback block does, however, appear to depend, in part, on both the number of receiver
channels and the partition repetition time (TR). During phantom scanning where the 20-channel
Head/Neck coil was used with TR 64 ms, the sequence FOV was updated after acquiring a
further 11 partitions (0.704 s after acquisition of the self-navigator partitions). In contrast,
sequence updates were only performed after acquisition of a further 12 partitions (0.768 s after
acquisition of the self-navigator partitions) during in vivo scanning where the 32-channel head
coil was used with the same TR. As a result, the last 17 partitions of the current volume (and
the first 35 partitions of the next volume) were acquired with the adjusted FOV during phantom
scans, but only the last 16 partitions of the current volume (and the first 36 partitions of the
next volume) during in vivo scans. These times suggest that, for 52 partitions per measurement
volume, our feedback block will be able to provide updates to the sequence before the start of
the next volume acquisition for vSNav’s constructed using 40 or fewer kz partitions.

As shown in Figure 2-5, the accuracies of translation estimates approach those of PACE,
which uses all 52 partitions, for vSNav’s constructed using 20 or more partitions, and rotation
estimates for 12 or more partitions. Based on these results, we used 24 partitions for the current
implementation.

The motion parameter plots and absence of features in the difference images between a
central slice acquired immediately preceding and following a motion event (Figure 2-6 and
Figure 2-7) confirm that the position of the object being scanned (phantom or head) approaches
its original position within the imaging FOV in the volume following the one during which
motion occurred. The phantom data in Figure 2-6 (a), which were acquired without motion but
with real-time motion correction enabled, are stable and do not show any significant drifts.
Even though the induction of the 3™ discrete motion in Figure 2-6 (b) extends across both
volumes 24 and 25, the FOV was corrected by the feedback block in the 26 volume.

The in vivo data demonstrates that head pose changes measured prospectively by the
vSNav'’s and retrospectively by FLIRT using the measurement volumes agree to within sub-
millimeter precision except in volumes during which motion occurred, for which discrepancies
never exceeded 1.7 mm translation or 1.7 degrees rotation (Table 2-1). For the in vivo data
acquired with motion correction enabled (MoCo), mean differences between vSNav and
FLIRT translation and rotation estimates were <0.23 mm and <0.14 degrees, respectively, in
all directions. In all except the NoCo acquisition of volunteer 2, we find the largest mean and
maximum differences between translation estimates along the slice select direction. This may

be due to substantial smoothing along this direction, arising from more than half the partitions
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being filled with zeroes. The largest differences between vSNav and FLIRT head motion
measurements were observed for subject 2 who moved continuously and slowly between
volumes 61 and 65, causing the motion events to extend across more than one volume.

Differences between motion parameters estimated by vSNav and FLIRT may be due to
discrepancies between the image registration algorithms employed by PACE and FLIRT, as
well as differences between the images being registered. While both PACE and FLIRT
performed rigid-body co-registration with 6 degrees-of-freedom, PACE used a least squares
cost function and FLIRT a normalized correlation cost function. Other factors that may
contribute to discrepancies include (i) the lower SNR of the vSNav’s of which more than half
the partitions are zero filled, compared to the complete volume used by FLIRT; (ii) differences
in the timing of motion detection as the feedback block estimates motion based only on the
1% 24 partitions of a volume whereas FLIRT uses all the partitions of a volume; and (iii) the
fact that FLIRT estimates would be affected by FOV updates applied before acquisition of the
last 16 partitions of the volume.

The temporal resolution of the current technique is limited by the timing and duration of
the participant’s motion. Motion that occurs during accumulation of the second half of the
volume’s partitions (partition numbers > 24) will only be detected by the vSNav of the
subsequent volume acquisition, and hence only be corrected towards the end of that volume.
Very rapid motion, where the subject moves and returns to his/her original position before or

after accumulation of partitions for the vSNav, will not be detected.

2.5. Conclusion

The current study demonstrates that real-time motion detection and correction can be
performed once per volume during repeated 3D-EPI volume acquisitions using volumetric self-
navigators constructed from a subset of each volume’s partitions. By co-registering each
vSNav to the one constructed during the first volume acquisition, head pose changes in the
imaging FOV relative to the first volume are estimated and sent back to the sequence. The
sequence adjusts the FOV accordingly and acquires the remaining partitions of that volume, as
well as the first partitions of the next volume, with the corrected FOV. The proposed technique
eliminates the need for extra hardware or additional pulses to track subject motion and it can
be reconfigured to track motion at different times during the same volume acquisition,
depending on when the subset of partitions for the vSNav are accumulated. The temporal
resolution is, however, limited by the number of partitions required to construct a vSNav with

sufficient resolution for motion estimation, as well as the time required for co-registration and
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feedback. Further work is required to minimize this number to enable multiple motion
corrections per volume. Implementing real-time shimming and parallel imaging in the partition
direction would further improve image quality following motion correction and accelerate

volume acquisitions, respectively.
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Chapter Three

3. Volumetric self-navigated (vSNav) 3D EPI sequence for motion-robust

fMRI acquisition

3.1. Introduction

Functional magnetic resonance imaging (fMRI) is a non-invasive brain imaging technique
that measures signal changes resulting from the blood oxygenation level changes that
accompany neural activation. Since oxygenated hemoglobin is diamagnetic and deoxygenated
hemoglobin is paramagnetic (Pauling & Coryell, 1936), localized changes in cerebral blood
oxygenation levels alter the magnetic field resulting in localized signal intensity changes on T,
weighted images of the brain (Belliveau et al., 1991; Ogawa et al., 1992, 1990). This signal is
referred to as the blood-oxygenation-level-dependent (BOLD) signal. Activation-related
changes in the BOLD signal may, however, be 1% or less of the average BOLD signal (Buxton,
2009; Huettel et al., 2014), and may therefore be comparable to or smaller than signal changes
resulting from other sources of noise, such as cyclic cardiac and respiratory changes,
instrumental drifts, external interferences and subject motion during scanning (Birn et al., 2006;
Kriiger & Glover, 2001; Shmueli et al., 2007). It is therefore important to select a sequence,
imaging parameters and an experimental design that maximizes the BOLD signal and
minimizes the effects of noise. After fMRI data acquisition, the fMRI data are pre-processed
to remove artifacts from physiological processes, device inconsistencies and subject motion
(Chen & Glover, 2015; Liu, 2016), and to perform slice scan time correction and intensity
normalization. The widely used fMRI analysis software packages such as AFNI (Cox, 1996),
SPM (Karl J. Friston et al., 1995), BrainVoyager (Goebel et al., 2006) and FSL (Jenkinson et
al., 2002) incorporate their own versions of these pre-processing steps although their
performance depend on the severity of the artifacts. Since the most common source of
confounding artifacts in fMRI is subject motion during scanning, selecting a sequence that
minimizes effects of subject motion is critical to improving statistical power of functional
analyses.

Echo planar imaging (EPI) is one of the fastest readouts for filling 2D k-space, requiring
only tens of milliseconds (Stehling et al., 1991; Turner et al., 1991) — thereby minimizing
effects of spin-history and intra-volume motion. However, fMRI acquires MR images

repeatedly over a period of hundreds of seconds to measure the temporal evolution of the
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signals in voxels making it susceptible to motion artifacts. Because of its speed, relative
robustness to motion artifacts and sensitivity to BOLD contrast, 2D EPI (2D-EPI) remains the
most widely used sequence for fMRI acquisitions (Chen & Glover, 2015; Norris, 2006). Due
to the large flip angles (~90°) required to optimize the signal, 2D-EPI does, however, suffer
from high specific absorption rates (SAR) (Collins & Wang, 2011), making it unsuitable for
high spatial resolution fMRI (Bernstein et al., 2004). Acceleration techniques such as partial
Fourier (PF) (Jesmanowicz et al., 1998) and partial parallel imaging (PPI) (Griswold et al.,
2002) also have limited benefits in 2D-EPI, and 2D-EPI is susceptible to spin-history artifacts
(Karl J. Friston et al., 1996).

Although 3D-EPI overcomes some of the shortcomings of 2D-EPI, its greater
susceptibility to motion artifacts has limited its use in fMRI. 3D-EPI, for instance, does not
require large flip angles (<20°) resulting in very low SAR, is free from spin-history artifacts
due to slab excitation, and is suitable for both PF and PPI acceleration along the secondary
phase-encoding (slice-encoding) direction (Bernstein et al., 2004; Y. Hu & Glover, 2007; Poser
et al., 2010). Previously, we developed and implemented a self-navigated 3D-EPI sequence
that performs prospective motion tracking and correction (PMC). Our volumetric self-
navigated (vSNav) 3D-EPI sequence was able to successfully detect and correct head motion
once during every volume acquisition (Bayih et al., 2022).

In the current work we assess the performance of our vSNav 3D-EPI sequence on a finger
tapping fMRI experiment, and compare its performance to that of the standard 2D-EPI
sequence with PACE (Prospective Acquisition CorreEction; (Thesen et al., 2000) prospective
motion correction enabled. Performance was compared on acquisitions with no intentional
head motion, non-intentional head motion (while moving legs), and intentional head motion.
We also compared results from six pre-processing pipelines that only differed with respect to
the full width half maximum (FWHM) of the Gaussian spatial filters that were applied (i.e., 0
mm, 3.3 mm, 6.6 mm, 8 mm, 9.9 mm, and 12 mm). The performance of the sequences was
compared based on the temporal SNR (tSNR) values of voxels within the whole brain, the
number of activated voxels, the mean BOLD percent signal change in the motor cortex region,

and visual inspection of the activation maps.
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3.2. Methods

3.2.1. Participants
Four healthy male volunteers (age 30 — 37 years) with no history of neurological disease
or learning disability were scanned on a 3T Skyra (Siemens, Erlangen, Germany) located at the
Cape Universities Body Imaging Center (CUBIC) in Cape Town, South Africa, according to
protocols that had been approved by the Faculty of Health Sciences Human Research Ethics
Committee of the University of Cape Town. Written informed consent was obtained from each

volunteer.

3.2.2. fMRI task

E-Prime v2.0 was used to present instructions during a block design finger-tapping fMRI
experiment. Participants received visual cues to tap either their right- or left-hand fingers for
20 s (Tap_R, Tap_L). Tapping blocks were interleaved with 20 s rest blocks during which a
crosshair was displayed (‘+’). During the tapping blocks, participants had been instructed to
continuously and consecutively tap their index, middle, ring and pinky fingers against the
thumb of that hand. Each experiment comprised an initial rest period during which the first 4
volumes were acquired, followed by 8 finger-tapping blocks (4 left, 4 right) interleaved with 8
rest blocks. The order of left- and right-hand finger-tapping blocks were randomized. In two of
the participants, randomizations were generated by E-Prime; due to a technical error the order
of left- and right-hand blocks were not logged in these experiments. In the remaining two
participants, the order of left- and right-hand tapping blocks were set by the experimenter. Six
volumes were acquired during each of the tapping and rest blocks. Therefore, a total of 100
volumes were acquired during each 2D-EPI and 3D-EPI acquisition. The first 4 volumes were
discarded from our analyses to eliminate T1 saturation effects.

Instructions to perform intentional non-head and head motions during the acquisitions
were similarly visually displayed. Instructions to move were displayed for 20 s and were always
given during the rest blocks. Participants had been instructed to always move once after
receiving a motion cue and to remain in the new position until they received another cue to
move. Non-intentional head motions were induced when participants moved their legs.
Participants had been instructed to either open or close their legs once (i.e. to open their legs if
closed, and close them if open) when they saw the cue ‘||+/\’. Intentional head motion involved
nodding or sideways rotations of the head. The cues ‘Nod+’ and ‘Side+’ instructed participants

to either nod their head (chin down) or rotate it to the right or left. For rotations, three dots had
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been drawn on the inside of the coil — one in the center and one about 8 cm to either side.
Participants rotated their head to look at either the right or left dot when they received the
‘Side+’ cue. Participants had been instructed to move their head once after receiving a cue and
remain in the new position until receiving the ‘Center+’ cue instructing them to return their
head to its original position (Figure 3-1). All subjects had learned the instructions and practiced
the tasks before scanning. In all scanning sessions, head cushions and inflatable pads were used

to improve subjects’ comfort and to minimize undesired bulk head motion.
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Figure 3-1 Block design of the finger-tapping experiment. The illustration shows the visual cues
presented to participants during acquisitions with (a) no motion, (b) leg motion, and (c) pitch and (d)
yaw head motions.

time, s

3.2.3. fMRI acquisition parameters

The acquisitions were performed using a 20-channel head/neck coil with imaging
parameters: TE 30 ms, FOV 210 X 210 mm?, acquisition matrix 64 X 64, voxel size
3.3 X 3.3 x 3.1 mm?, fat saturation ON and 100 volumes. For 2D-EPI, 52 interleaved slices
were acquired per volume, with volume TR (TRvol) 3400 ms, flip-angle 90° and bandwidth
1736 Hz/px. For 3D-EPI we used our vSNav 3D-EPI (Bayih et al., 2022) sequence with 52
partitions per volume acquired using a center-out acquisition scheme, TRvol 3328 ms, flip-
angle 16° and bandwidth 2298 Hz/px. All acquisitions were in sagittal orientation with slice

select from right to left and phase encoding from inferior to superior.
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In each participant, motion corrected (MoCo) 2D-EPI and 3D-EPI data were acquired for
a subset of three different motion protocols (no intentional motion (NoMo); leg motion; head
motion involving sideways rotations); the order of 2D-EPI and 3D-EPI acquisitions were
randomized across participants. In MoCo 2D-EPI acquisitions, prospective motion correction
was performed using the Siemens PACE function, and in MoCo 3D-EPI using our volumetric
self-navigators.

One participant (participant 4) was re-scanned on a separate occasion to compare the
effects of pitch (nodding) and yaw (rotation) motions during our finger-tapping experiment in

3D-EPI acquisitions without (NoCo) and with (MoCo) prospective motion correction enabled.

3.2.4. Pre-processing

The first 4 volumes were removed from both the 2D-EPI and 3D-EPI fMRI data to
eliminate T1 saturation effects. Identical pre-processing steps were applied to the 2D-EPI and
3D-EPI data except for slice scan time correction, which was adjusted to account for the
different acquisition trajectories of slices and partitions in the 2D and 3D sequences,
respectively. De-spiking, motion correction and 3D-EPI slice scan time correction, which
required a text file specifying each partition's acquisition time in the center-out acquisition
scheme, were performed using AFNI (Analysis of Functional Neurolmages) (Cox, 1996; Cox
& Hyde, 1997), while non-brain tissue removal, intensity normalization, high-pass temporal
filtering with cut-off 0.025 Hz, spatial filtering, and 2D-EPI slice scan time correction were
performed with FSL (FMRIB Software Library v6.0) (Jenkinson et al., 2012; Smith et al., 2004;
Woolrich et al., 2009). During motion correction, linear Fourier interpolation was used to
maintain the signal quality and to avoid spatial smoothing. Since spatial smoothing forms part
of most 2D-EPI fMRI processing pipelines, and may perform differently for 3D-EPI data, it
was necessary to compare the effects of spatial smoothing on 2D- and 3D-EPI data. To this
end, we repeated the pre-processing of each 2D- and 3D-EPI data set applying 5 different 2D
or 3D, respectively, Gaussian spatial filters, namely FWHM 3.3 mm (in-plane resolution), 6.6
mm (2 X in-plane resolution), 8 mm, 9.9 mm (3 x in-plane resolution), and 12 mm. The filter
sizes were chosen based on widely recommended sizes for first- and multi-level fMRI analyses
(Alahmadi, 2021; Mikl et al., 2008). Each participant’s fMRI data were co-registered to his 1.0
mm? structural T1 weighted images and normalized to the MNI152_T1 2mm_brain standard

space using a linear transform calculated on the anatomical images.

3.2.5. Statistical analysis of fMRI data

44



In this work, first-level statistical analyses were performed using FEAT (FMRI Expert
Analysis Tool, Version 6.0) (Woolrich et al., 2001, 2004). The block design finger-tapping
experiment was modeled by a rectangular function convolved with a double-gamma
hemodynamic response function (HRF) and its temporal derivative (K. J. Friston et al., 1998).
The standard and extended residual motion parameters estimated by MCFLIRT were included
in the model to minimize the confounding effects of residual motion artifacts on explanatory
variables (EVs). The right- and left-hand finger-tapping conditions were modeled separately
for the two participants in whom the order was known, but as a single ‘finger tapping’ predictor
for the other two participants. In all models resting blocks were used as baseline. A temporal
high-pass filter of 0.025 Hz, Z threshold > 2.3 and cluster significance threshold of p < 0.05
were selected for all analyses.

To assess the quality of the BOLD data, we computed the voxel-wise temporal signal-to-
noise ratios (tSNR) for each preprocessed data set. For each voxel, tSNR was defined as the
mean of the signal time course divided by the standard deviation of the residuals after model
fitting. The voxel-wise percent BOLD signal changes during finger tapping were determined
from the parameter estimates using Featquery. We computed the mean and standard deviation
of the percent BOLD signal changes in the motor cortex by averaging the voxel-wise %BOLD
signal changes across all voxels with Z > 2.3 and located in the left or right motor cortex.
‘Activated’ voxels within the left or right motor cortices were identified using the intersections
of a mask comprising the primary motor cortices, the Z-statistic maps, and binarized
rectangular volumes positioned over either the left or right motor cortex regions. The mask of
the primary motor cortices was obtained by eroding the relevant regions on the Juelich
Histological Atlas by 10%. For the different acquisition protocols, we compared the mean and
standard deviation of the %BOLD signal changes within the motor cortices, as well as the
number of activated voxels. Finally, activation maps were generated in

MNII52 T1 1mm_brain standard coordinates.

3.3. Results

3.3.1. Motion performed
As shown for a single participant in Figure 3-2, the motion estimates relative to the 1%
volume obtained with FLIRT retrospective motion correction (RMC) were similar to the
prospective motion estimates output during the MoCo 2D-EPI acquisition by PACE (Figure
3-2 a) and during the MoCo 3D-EPI acquisition by the vSNav’s (Figure 3-2 b). The non-
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intentional head motion (of the order 1-3 mm translation and 0.5 degrees rotation) shown in
Figure 3-2 resulted when the participant opened and closed his legs as instructed around the
acquisition of the 11™ and 58" volumes of the finger-tapping experiment. Figure 3-3 similarly
shows in acquisitions where the participant intentionally rotated his head by 3 to 6 degrees
around the left-right axis (i.e. nodding motion) that the motion estimates obtained with FLIRT
retrospectively were similar to those obtained prospectively from either PACE during 2D-EPI

or from the vSNav’s during 3D-EPL.
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Figure 3-2 Comparison of translation (left scale) & rotation (right scale) estimates relative to the 1*
volume obtained for motion corrected (MoCo) (a) 2D-EPI and (b) 3D-EPI acquisitions with similar
motion protocols in the same participant. In both plots, retrospective motion estimates were computed
using FLIRT. Prospective motion estimates were computed using online PACE. In 2D-EPI, PACE uses
the entire volume to estimate motion parameters; in 3D-EPI, PACE uses the volumetric self-navigators
(3D-EPI). Non-intentional head motions were induced when participant 4 opened and closed his legs
at discrete times during the finger-tapping experiment. PE denotes the phase-encoding direction, RO
the readout direction, and SS the slice-select direction. Images were acquired in the sagittal orientation
with slice-select from right to left and phase encoding from inferior to superior.
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Figure 3-3 Comparison of translation (left scale) & rotation (right scale) estimates relative to the 1*
volume obtained for motion corrected (MoCo) (a) 2D-EPI and (b) 3D-EPI acquisitions with similar
motion protocols in the same participant. In both plots, retrospective motion estimates were computed
using FLIRT and prospective motion estimates using online PACE. In 2D-EPI, PACE uses the entire
volume to estimate motion parameters, in 3D-EPI, PACE uses the volumetric self-navigators (3D-EPI).
In these acquisitions, intentional head motions were induced when participant 4 moved his chin up or
down at discrete times during the finger-tapping experiment. PE denotes the phase-encoding direction,
RO the readout direction, and SS the slice-select direction. Images were acquired in the sagittal
orientation with slice-select from right to left and phase encoding from inferior to superior.
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Figure 3-4 Translation (left scale) & rotation (right scale) estimates relative to the 1*' volume obtained
using FLIRT and the volumetric self-navigators (vSNav'’s) for 3D-EPI acquisitions with (a) no
prospective motion correction applied (NoCo), and (b & c) with prospective motion correction enabled
(MoCo). Due to prospective motion correction, motion estimates in (b) show changes in position
between successive volumes. To facilitate comparison with motion estimates in (a), the motion
parameters in (b) were integrated over time to generate position changes relative to the 1°' volume for
the MoCo acquisition (shown in (c)). Both these acquisitions were in participant 4 and performing the
same motion protocol, which involved moving his chin up or down (pitch) at discrete times during the
acquisition. PE denotes the phase-encoding direction, RO the readout direction, and SS the slice-select
direction. Images were acquired in the sagittal orientation with slice-select from right to left and phase
encoding from inferior to superior.
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Figure 3-5 Translation (left scale) & rotation (right scale) estimates relative to the 1° volume obtained
using FLIRT and the volumetric self-navigators (vSNav’s) for 3D-EPI acquisitions with (a) no
prospective motion correction applied (NoCo), and (b & c) with prospective motion correction enabled
(MoCo). Due to prospective motion correction, motion estimates in (b) show changes in position
between successive volumes. To facilitate comparison with motion estimates in (a), the motion
parameters in (b) were integrated over time to generate position changes relative to the 1°' volume for
the MoCo acquisition (shown in (c)). Both these acquisitions were in participant 4 and for the same
motion protocol, which involved rotating his head away from the centre and back to the centre (yaw)
at discrete times during the acquisition. PE denotes the phase-encoding direction, RO the readout
direction, and SS the slice-select direction. Images were acquired in the sagittal orientation with slice-
select from right to left and phase encoding from inferior to superior.

Figure 3-4 and Figure 3-5 show for a single participant that the motion estimates obtained
retrospectively with FLIRT and prospectively with the vSNav’s were similar both in the
absence (NoCo) and presence (MoCo) of prospective motion correction. In both figures, due
to prospective motion correction, the plots in (b) only show changes in position (i.e. motion)
between successive volumes. To facilitate comparison with motion estimates in (a), the motion
parameters in (b) were integrated over time to generate position changes relative to the 1%
volume for the MoCo acquisitions (shown in (c)). In Figure 3-4, pitch head motions were
induced when the participant moved his chin up or down by 5 to 6 degrees around the
acquisition of volumes 11 and 58, and in Figure 3-5 yaw head motions were induced when the
participant rotated his head by similar amounts away from and back to the center at roughly

the same times during the acquisition.
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3.3.2. Data quality (tSNR)

2D EPI MoCo 3D EPI MoCo 2D EPI MoCo 3D EPI MoCo
(NoMo) (NoMo) (Mo) (Mo)
0.0% +0.0 84.97% 0.0% +0.0 0.0% +0.0 84.77% 0.0% +0.0
0 mm 99'46%. 0.0% +0.0 y 0.04% +0.07 99'57%. 0.0% =0.0 y 0.0% £0.01
0.0% +0.0 0.0% +0.0
5.5% +2.54 4.08% +0.96
0.54% +0.19 o 439 23,97 0.43% +0.08 11.15% 10.86
0.0% +0.0 0.0% +0.0
0.0% =0.0 82.66% 0.0% =0.01 0.0% 0.0 81.62% 0.0% 0.0
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Figure 3-6 Summary of the percentage of brain voxels with tSNR values within the given ranges (less
than 50, 50 to 99, 100 to 199, 200 to 299, and 300 or greater) for motion corrected (MoCo) 2D-EPI
and 3D-EPI acquisitions both in the absence (NoMo) and presence (Mo) of motion. The tSNR values
were computed from the pre-processed data of each acquisition, and the % voxels within each range
averaged across participants and acquisitions. Results are shown following pre-processing with 0 mm,
3.3 mm, 6.6 mm, 8§ mm, 9.9 mm, and 12 mm FWHM Gaussian spatial filters.

Figure 3-6 shows a summary of the percentage of brain voxels with tSNR values within
the given ranges, i.e. < 50, 50 to 99, 100 to 199, 200 to 299, or >300, for 2D- and 3D-EPI
acquisitions, respectively, and both in the absence (NoMo) and presence (Mo) of intentional
motion. Prospective motion correction (MoCo) was active for both the 2D- and 3D-EPI
acquisitions. Each 2D- and 3D-EPI MoCo acquisition was pre-processed using 6 different
spatial filters, namely 0.0 mm, 3.3 mm, 6.6 mm, 8§ mm, 9.9 mm, and 12 mm. For each filter,
the percentage of voxels within each tSNR range were averaged across participants and
acquisitions. It is evident in the unsmoothed data that the inherent tSNR of 3D-EPI is higher
than for 2D-EPI. Surprisingly, for both the 2D- and 3D-EPI acquisitions, the distribution of
tSNR values was similar for acquisitions without and with intentional motion. However,
compared to 3D data for which there were limited increases in tSNR following smoothing with
filters with FWHM >6.6 mm, 2D data showed a substantial impact of increased smoothing.

Following smoothing of 2D data with filters of FWHM 9.9 and 12 mm, >15% of voxels
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demonstrated tSNR values >200, and <5% of voxels had tSNR values in the range 50 to 199,

compared to <2% and 17 to 19%, respectively, after smoothing with a 6.6 mm Gaussian filter.

Figure 3-7 Heat maps of tSNR values in the 43" axial slice of participant 4. The heat maps in the top
row show unsmoothed tSNR values for 2D-EPI data acquired: a) without head motion, and b) with
head motion. The heat maps in the bottom row show unsmoothed tSNR values for 3D-EPI data
acquired: c) without head motion, and d) with head motion. Images were acquired in the sagittal
orientation with slice-select from right to left and phase encoding from inferior to superior.

Figure 3-7 displays heat maps of tSNR values (before spatial smoothing) for a single axial
slice (the 43" slice) for (top row) 2D-EPI and (bottom row) 3D-EPI acquisitions in participant
4. Figure 3-7a) and c) showcase heatmaps of 2D- and 3D-EPI data acquired without head
motion, while Figure 3-7b) and d) display heatmaps of 2D and 3D EPI data acquired with head
motion. Notably, the higher tSNR values of 3D-EPI data appear to be localized in activated

brain regions.

3.3.3. FMRI analyses

Mean percent BOLD signal change & number of activated voxels
Table 3-1 and Table 3-2 compare in each participant and for different motion protocols
(NoMo, leg motion, head motion involving sideways rotations) the number of voxels in the

motor cortex activated during finger tapping, and their % BOLD signal changes, between the
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2D-EPI and 3D-EPI acquisitions. Table 3-1 presents results from data that had not been
spatially smoothed, and Table 3-2 from data that had been spatially smoothed with a 6.6 mm

Gaussian filter.

Table 3-1 Comparison between 2D- and 3D-EPI acquisitions for each participant and each motion
protocol of the number of voxels in the motor cortex showing activation during finger tapping, and their
mean percent BOLD signal changes. These results were obtained using the unsmoothed fMRI data. The
percentage BOLD signal changes between the 2D- and 3D-EPI acquisitions were compared using a
two-tailed two-sample t-test.

. Sequepce Number of Mean % BOLD
.. Motion (all with . .
Participant rotocol MoCo active signal change + t P
p voxels standard deviation
enabled)
2D-EPI 133 73173
1 NoMo 51 ppy 215 24+63 6.3 <0.001
2D-EPI 145 63+6.1
LegMo 51 ppy 62 1.8 465 4.6 <0.001
2D-EPI 130 50139
2 NoMo 31y ppy 354 39454 4.6 <0.001
2D-EPI 103 43+34
3 NoMo 31y ppy 613 19+62 6.9 <0.001
2D-EPI 171 75559
NoMo 31y ppy 241 33427 8.8 <0.001
2D-EPI 236 T1+44
, LegMo 51y gpy 279 43+72 33 <0.001
2D-EPI 69 6.6 L4
NoMo 31y gpp 181 30426 6.8 <0.001
2D-EPI 72 59+4.0
HeadMo 11 ppy 258 32431 >3 <0.001

Overall, except for leg motion in participant 1, unsmoothed 2D-EPI data yielded fewer
activated voxels but larger % BOLD signal changes than 3D-EPI data (Table 3-1). In contrast,
the pattern was much more variable after spatial smoothing (Table 3-2). For example, for
acquisitions with no intentional motion, 3D-EPI yielded larger % BOLD signal changes than
2D-EPI in participants 1 and 2, similar % BOLD signal changes in participant 3, and smaller
% BOLD signal changes in participant 4. In acquisitions with leg motion, 3D-EPI yielded
similar % BOLD signal changes as 2D-EPI in participant 1, but smaller % BOLD signal
changes in participant 4. For the acquisitions with head motion in participant 4, 2D- and 3D-

EPI yielded similar % BOLD signal changes.
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Table 3-2 Comparison between 2D- and 3D-EPI acquisitions for each participant and each motion
protocol of the number of voxels in the motor cortex showing activation during finger tapping, and their
mean percent BOLD signal changes. These results were obtained from fMRI data that had been
spatially smoothed with a 6.6 mm Gaussian filter. The percentage BOLD signal changes between the
2D- and 3D-EPI acquisitions were compared using a two-tailed two-sample t-test.

Sequence

0
Motion (all with Number of Mean % BOLD

PP protocol  MoCo O SR eaton '
enabled)
e BEC B w0 o
T I R TR
T e B S L
: NoMo DRI jons e 16 10
I T
e
NoMo  3pppr 301 14%09 o8 S0
e BT

Figure 3-8 shows in a single participant how the mean % BOLD signal change in activated
voxels decreases and the number of activated voxels in the motor cortex increases with
increasing spatial smoothing. Notably, the effects are similar for 2D- and 3D-EPI data and for
different motion protocols, except that the smoothing-related increase in the number of
activated voxels for 2D-EPI acquisitions during which leg motion occurred is substantially
greater than for either of the other motion protocols. This same increase is not evident in the
3D-EPI results. Moreover, the decrease in the % BOLD signal change following smoothing
with a 3.3 mm spatial filter is larger for 2D-EPI than 3D-EPI data.
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Figure 3-8 Comparison in participant 4 of the effects of spatial smoothing on the (left scale) mean
percent BOLD signal change in motor cortex during finger tapping, and (right scale) the number of
voxels activated, in data acquired using either motion corrected (MoCo) (left) 2D- or (right) 3D-EPL
Results are presented separately for (top) lefi- and (bottom) right-hand finger tapping and are
compared for different motion protocols (none, leg motion, head motion). The results were based on
statistical analyses of data that had been spatially smoothed using Gaussian filters with FWHM 0 mm,
3.3 mm, 6.6 mm, 8 mm, 9.9 mm, or 12 mm, respectively, Z threshold > 2.3 and cluster significance
threshold p < 0.05.

Figure 3-9 compares how spatial smoothing affects the mean % BOLD signal change and
the number of activated voxels in the motor cortex during finger tapping in 3D-EPI acquisitions
without (NoCo) and with (MoCo) prospective motion correction for pitch and yaw motions.
While the effects of increasing smoothing on the % BOLD signal change were similar in NoCo
and MoCo acquisitions, and for pitch and yaw motion, the effects on the number of activated
voxels in NoCo acquisitions were more variable than in MoCo acquisitions, especially on the

left-hand finger tapping results.
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Figure 3-9 Comparison in participant 4 of the effects of spatial smoothing on the (left scale) mean
percent BOLD signal change (and standard deviation) in motor cortex during finger tapping, and (right
scale) the number of activated voxels, in data acquired using 3D-EPI either without (NoCo) or with
(MoCo) prospective motion correction applied. Results are presented separately for (top) left- and
(bottom) right-hand finger tapping and are compared for pitch and yaw motions. The results were based
on statistical analyses of data that had been spatially smoothed using Gaussian filters with FWHM 0
mm, 3.3 mm, 6.6 mm, 8§ mm, 9.9 mm, or 12 mm, respectively, Z threshold > 2.3 and cluster significance

threshold p < 0.05.

Activation maps

Figure 3-10 The location of the 49", 52" and 55" slices in MNI152 standard space are shown on the

high-resolution (1 mm’) T1 images of subject 4.
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Figure 3-10 shows the location of the 49", 527 and 55" slices in MNI152 T1 Imm

standard space on the high resolution (1 mm?®) T1 images of participant 4.

2D EPI MoCo 3D EPI MoCo
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No Motion
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Figure 3-11 Brain regions showing increased activation (Z > 2.3 and p < 0.05) during finger tapping
in participant 4. Activation maps were generated from 6.6 mm spatially smoothed (a) MoCo 2D-EPI
and (b) MoCo 3D-EPI acquisitions with no motion (top row), leg motion (middle row) or head motion
(bottom row).

In Figure 3-11we compare activation maps during finger tapping (left and right combined)
in this participant in these slices for MoCo 2D and 3D acquisitions and for different motion
protocols. In Figure 3-12, we compare activation maps for NoCo and MoCo 3D-EPI
acquisitions during which participant 4 performed pitch or yaw motions. Notably, the 2D data
in both Figure 3-11 and Figure 3-12 demonstrate more distributed activations, while activations
from 3D data, except for acquisitions with pitch motion, are largely localized within the left

and right motor regions.
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Figure 3-12 Brain regions showing increased activation (Z > 2.3 and p<0.05) during finger tapping in
participant 4. Activation maps were generated from 6.6 mm spatially smoothed (a) NoCo and (b) MoCo
3D-EPI acquisitions with pitch (top) or yaw (bottom) head motions.

3.4. Discussion

This work demonstrates that both in the absence and presence of head motion, our
prospectively motion corrected vSNav 3D-EPI sequence (Bayih et al., 2022) is able to acquire
task-related BOLD signal changes with comparable or better quality than 2D-EPI with PACE
prospective motion correction.

Overall, prospective motion estimates (from both PACE and our vSNav’s) were in good
agreement with those obtained using retrospective FLIRT motion correction, and both 2D- and
3D-EPI acquisitions demonstrated effective motion correction. Notably, in both participants
who were asked to move their legs during the acquisitions, larger head motions were recorded
in the 2D- than 3D-EPI acquisitions (Figure 3-2). The difference in the magnitude of these
unintentional head motions may be related to the timing of the motion computation and FOV
update by PACE compared to that of the vSNav sequence. PACE only updates the FOV of the
2D-EPI acquisition before the start of the next volume acquisition. This means that whenever
there is a change in head pose, PACE detects it after TRvol (Thesen et al., 2000), which was
3400 ms in our case. This results in a relatively long time during which substantial motion may
occur before the FOV is updated. In contrast, the vSNav 3D-EPI sequence has been configured
to update the FOV as soon as the motion estimates become available, which is after roughly
2304 ms (36 partitions) in our implementation (Bayih et al., 2022). As such, the last 16
partitions of the current volume are acquired with the updated FOV. The trapezoidal and

triangular shapes evident in the motion estimates of the 2D-EPI acquisitions in Figure 3-2 and
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Figure 3-3 demonstrate this delayed motion correction with PACE compared to the vSNav 3D-
EPL

In the NoCo 3D-EPI acquisitions shown in Figure 3-4 and Figure 3-5, we observed small
(<1.5 mm) differences, especially in translation estimates, between FLIRT and the vSNav’s.
These may be due to continued motion after acquisition of the partitions used to construct the
vSNav image, or after the FOV update. In such cases, the vSNav’s would only detect part of
the motion occurring during the volume acquisition, compared to FLIRT which bases its
motion estimate on all 52 partitions. Since motion parameters were not sent to the 3D-EPI to
perform motion correction in these NoCo acquisitions, these phase and frequency discrepancies
persist until the head returns close to its original position within the FOV. Notably, the vSNav
and FLIRT estimates were within sub-millimeter agreement after the head returned back to its
original position, even when the discrepancy in the readout direction was greater than the
translational component of the pitch head motion (see Figure 3-4 a).

It has been reported previously that 3D high spatial resolution acquisitions yield higher
tSNR MR signals than 2D acquisitions (Bernstein et al., 2004; Y. Hu & Glover, 2007). Here
we compared the tSNR of 2D- and 3D-EPI at intermediate spatial resolutions (3.3x3.3x3.1
mm?®) (Scouten et al., 2006). The voxel wise tSNR values of spatially unsmoothed data reflect
the inherent MR signal quality of each voxel. We further examined the effects of different
amounts of spatial smoothing on tSNR by applying 3.3 mm, 6.6 mm, 8§ mm, 9.9 mm, and 12
mm FWHM Gaussian filters to identically pre-processed data, whereafter the same first-level
statistical analyses were performed.

As seen in Figure 3-6 and Figure 3-7, the inherent MR signal quality of MoCo 3D-EPI
was superior to that of MoCo 2D-EPI, both in the absence and presence of motion. The superior
inherent MR signal quality of MoCo 3D-EPI is consistent with the higher SNR expected for a
3D volume comprising 52 partitions and TR/T1 = 0.06, using T1=1330 ms for grey matter
(Bernstein et al., 2004). As expected, spatial filtering enhanced the MR signal quality (tSNR)
of' both the 2D and 3D data. Although the total number of brain voxels with tSNR > 50 appeared
to plateau for spatial filters greater than 6.6 mm (twice the size of the voxel) for both 2D and
3D data, more tSNR increases were observed in the 2D than 3D data. For instance, the increase
in the number of brain voxels with tSNR > 300 after 12 mm spatial filtering was 13 to 14% for
2D and 1.5 to 3% for 3D. Irrespective of the inherent MR signal quality of 3D brain voxels,

the number of 2D brain voxels enhanced by a pre-processing pipeline that included spatial
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filtering, were more than triple the number of 3D brain voxels. Given the above differences,
the pre-processing pipeline used for 2D-EPI fMRI data may not be optimal for 3D-EPI data.

Using unsmoothed data, 3D-EPI generally showed more extensive activations in motor
cortex during finger tapping than 2D-EPI, but significantly smaller % BOLD signal changes.
This may, in part, be due to the fact that both imaging parameters and processing pipelines are
optimized for 2D-EPI (Bernstein et al., 2004; Scouten et al., 2006), compared to non-optimal
pre-processing pipelines for 3D-EPI data. The finding of more voxels showing signal increases
during finger tapping is consistent with the higher number of 3D brain voxels with significant
tSNR values mentioned earlier. As expected, 6.6 mm spatial filtering increased the number of
activated voxels in the motor cortex region while reducing their mean percent BOLD signal
change, irrespective of acquisition and motion protocol. The larger number of voxels in 2D
than 3D data with tSNR values between 100 and 199 after 6.6 mm spatial filtering did not,
however, consistently result in larger % BOLD signal changes nor more extensive activations.

Increasing spatial smoothing in the pre-processing pipeline was associated with decreasing
% BOLD signal changes and increasing numbers of activated voxels in the motor cortex,
irrespective of acquisition sequence and motion protocol. The larger decrease in % BOLD
signal change seen in 2D than 3D data when applying 3.3 mm spatial filtering may be the result
of averaging innately separate activations (Geissler et al., 2005), which seem to affect 3D EPI
data less. MoCo 3D EPI may be more robust to spatial smoothing due to the additional
averaging along the slice-encode direction during 3D Fourier transform.

This work demonstrated also that our vSNav 3D-EPI enables acquisition of consistent
fMRI data with better tSNR. From the spatially unsmoothed data, for instance, NoCo 3D-EPI
with pitch head motion resulted in 109 and 34 active voxels with 2.99% and 3.98% mean %
BOLD signal changes during right- and left-hand finger tapping, respectively (Figure 3-8).
However, the MoCo 3D-EPI acquisitions resulted in 125 and 84 activated voxels with 2.90%
and 4.53% mean percent BOLD signal changes during right- and left-hand tapping,
respectively. Similarly, NoCo 3D-EPI acquisitions with yaw head motion resulted in 187 and
75 active voxels with 2.45% and 3.52% mean percent BOLD signal changes, respectively,
while MoCo 3D-EPI acquisitions with identical head motion resulted in 146 and 127 active
voxels with 3.43% and 3.57% mean percent BOLD signal changes, respectively. Although
increasing spatial smoothing of MoCo 3D-EPI acquisitions with pitch and yaw head motions
resulted in increasing numbers of active voxels and decreasing mean percent BOLD signal

changes, irregular and unexpected trends were observed in spatially smoothed NoCo 3D-EPI
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acquisitions with the same head motions. These results demonstrate that the pre-processing
pipeline alone was not able to remove motion induced artifacts in the absence of prospective
motion correction.

Based on widely recommended fMRI pre-processing pipelines (Mikl et al., 2008; Worsley
& Friston, 1995) and our results showing marginal tSNR gains for smoothing with filters >6.6
mm, we used 6.6 mm (or twice the in-plane voxel size) spatially smoothed data to generate
activation maps. The activation maps from first-level analyses shown in Figure 3-11
demonstrate that the vSNav 3D-EPI is capable of detecting and correcting intentional and
unintentional head motions in real time such that the resulting activation maps are comparable
to those from 2D-EPI acquisitions with standard PACE motion correction. Surprisingly, the
most spurious activations were detected in the MoCo 2D-EPI acquisition with leg motion; there
were little or no spurious activations in the MoCo 3D-EPI acquisition with leg motion. Since
the induced motions (opening/closing the legs) were performed at discrete times (in task rest
blocks) during the acquisition, these were not correlated with the task and are likely not the
source of these spurious activations. Standard and extended residual motion parameters were
also included as regressors during 2D- and 3D-EPI data analyses to reduce the impact of any
task uncorrelated motion. It is more likely that the finger tapping task itself caused participant
head movement; such task correlated motion could account for the observed spurious
activations. Our results demonstrate that the vSNav 3D-EPI sequence minimizes the
degradation of the BOLD signal quality in the presence of motion. Activation maps from first-
level analyses of NoCo 3D-EPI acquisitions with pitch and yaw head motions demonstrated
that the pre-processing pipeline could not completely recover BOLD signals corrupted by
motion artifacts. In contrast, the activation maps of MoCo 3D-EPI acquisitions with pitch and

yaw head motions demonstrated fewer spurious activations.

3.5. Conclusion

This work demonstrated that our vSNav 3D-EPI sequence is robust to motion artifacts and
generates fMRI results that are comparable to those of 2D-EPI with PACE. Irrespective of the
motions performed, the number of brain voxels with inherently high tSNR values were greater
in 3D- than 2D-EPI acquisitions. The pre-processing pipeline applied on 3D-EPI data appeared
to not be as effective as the one used for 2D-EPI data. To maximize the robustness and
effectiveness of vSNav 3D-EPI, an optimized pre-processing pipeline should be developed.

Since vSNav 3D-EPI does not require additional time, pulses, or hardware to detect subject
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motion in real time, it can be integrated with other prospective motion correction techniques

so that intra-volume motion correction can be performed in real time.
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Chapter Four

4. Double Volumetric Self-Navigators for Accelerated Prospective Motion

Correction for 3D EPI Acquisition

4.1. Introduction

Subject motion in MRI is one of the most common sources of confounding artifacts, and
more so in repetitive MR acquisitions like functional MRI (fMRI). FMRI employs repeated
acquisition of a volumetric image to measure the temporal evolution of signal intensities in
voxels. Any subject motion during scanning will, however, cause voxels to represent different
anatomical locations at different times of the scan and, depending on the severity of the motion,
may lead to reduced statistical power to detect temporal changes (Hajnal et al., 1994; Power et
al., 2012; Satterthwaite et al., 2012; van Dijk et al., 2012) or even data corruption. The inherent
need for repetitive scanning in fMRI increases the total acquisition time and incidence of
subject motion — even young motivated volunteers have been shown to induce involuntary
motions of up to 2 mm translation and 1° rotation (Zaitsev et al., 2017). The incidence of
subject motion generally increases in clinical fMRI where its degree or frequency depends on
various factors, including the type of experiment, and the sex, age, state and health of the
subject (Mayer et al., 2007; Poldrack et al., 2002; Seto et al., 2001; Yuan et al., 2009). The
unlimited possible combinations of these factors makes it impossible to predict how a person
may move during a scan, and to prevent or compensate for such motion. This is also why
retrospective motion correction remains one of the most important components of image pre-
processing in fMRI (Chen & Glover, 2015).

The inevitability of motion artifacts in fMRI has led to various motion minimization
strategies such as using cushions to improve comfort and minimize the spaces between the
head and head-coil, the use of bite bars while performing motor tasks (Menon et al., 1997), a
restraining helmet (Hadj-Bouziane et al., 2014) or sedation (Bernal, 2012). However, these
techniques have their own limitations and problems. For instance, cushions are ineffective, and
discomfort is not the only factor that causes motion. Bite bars require subjects to bite the bar
with their teeth. In addition to this being a task in itself, bite bars are uncomfortable, incur
additional costs, and require additional work as they must be cleaned and sanitized before
and/or after each use. Helmets incur additional financial costs compounded by head-size

differences and they are often uncomfortable. Sedation requires anaesthesia, which increases
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both the cost and risks of MRI, and is not viable for fMRI experiments that require subjects to
be awake to perform a task. Therefore, substantial research has focused on developing
improved retrospective and prospective motion correction techniques to minimize the effects
of subject motion in fMRI.

Retrospective motion correction techniques measure and correct motion using completely
acquired data. While different fMRI analysis software packages employ different algorithms
(Cox, 1996; Karl J. Friston et al., 1995; Goebel et al., 2006; Jenkinson et al., 2002), they all
involve realigning repeated imaging volumes to each other. Although retrospective motion
correction has been shown to improve the magnitude and cluster size of detected activations
(Oakes et al., 2005), insufficiently corrected or uncorrected motion might induce subtle
alterations to the functional analysis results. For instance, in resting-state fMRI, uncorrected or
insufficiently corrected motion artifacts decreased the intrinsic functional coupling among
associated brain regions while increasing intrinsic local functional coupling (van Dijk et al.,
2012). In task-based fMRI, insufficient correction of subject motion that is uncorrelated to the
functional task increases noise resulting in reduced activations, while motion that is (weakly)
correlated to the task may result in false activations (Hajnal et al., 1994).

Notably, co-registering successively acquired image volumes to each other as described
above does not correct image degradation resulting from motion within individual image
volumes. Correcting motion artifacts within image volumes requires an estimate of the motion
to solve the inverse forward model given by equation (4.1):

Ep =m, 4.1)
where E is the encoding matrix that contains information regarding motion and coil
sensitivities, p is the artifact-free image and m is the measured image. However, its
performance depends, among others, on the number and accuracy of the encoding matrix
elements, the criteria to stop the iteration and the cost function (Batchelor et al., 2005; Paige &
Saunders, 1982).

Various k-space filling trajectories have been developed to enhance retrospective motion
correction by providing a more accurate motion estimate. These techniques, collectively
referred to as self-navigation techniques, rely on estimating motion by repeatedly sampling
certain parts of k-space. One widely known self-navigation technique known as PROPELLER
(Periodically Rotated Overlapping Parallel Lines with Enhanced Reconstruction) fills two-
dimensional (2D) k-space by rotating a rectangular strip of parallel k-space lines about the

origin (Pipe, 1999). PROPELLER-EPI —a PROPELLER implementation using multi-shot EPI

64



— samples a circular area around the origin of k-space repeatedly and estimates motion based
on the positional inconsistencies of the strips (Krdamer et al., 2012). However, PROPELLER-
EPI has lower temporal resolution than single-shot EPI because of redundant k-space sampling.
The Trajectory Using Radially Batched Internal Navigator Echoes (TURBINE) self-navigator
is a hybrid radial-Cartesian sampling scheme. TURBINE fills a cylindrical 3D k-space volume
blade-by-blade, where each blade spans the diameter and height of the cylinder and is filled in
a cartesian trajectory (Graedel et al., 2017). Rigid body motion is estimated from two or more
blades where more blades increase accuracy of motion estimation at the expense of temporal
resolution. TURBINE acquisition has lower BOLD signal sensitivity than a matched 3D EPI
acquisition (Graedel et al., 2022).

Self-navigators that require transforming data from radial to cartesian coordinates use
interpolation (i.e., approximated data) to fill the missing parts of the cartesian k-space.
Retrospective motion correction processes data from k-space trajectories that are fixed in the
device coordinate system. Therefore, rotational components of subject motion induce a
sampling artifact, also known as “pie-slice”, which violates the Nyquist criterion (Korin et al.,
1995). Overall, the widely used retrospective motion correction approaches have been unable
to completely remove subtle functional networks induced by subject motion (Yan et al., 2013).

The availability of large, validated MR data sets in combination with recent advances in
graphic processing unit (GPU) technologies and mathematical models have led to a rapid
increase in the application of machine learning algorithms to MR image processing. Initial
applications of machine learning for automatic identification of abnormalities on structural
brain images have been promising. To date, these techniques are, however, unable to localise
or classify the artifacts and are restricted to evaluating abnormalities in MR images with the
same contrast and voxel geometry as the training data (Esses et al., 2018; Sujit et al., 2019).
Machine learning algorithms implemented over interconnected computing units, known as
artificial neural networks, have been applied to remove motion artifacts in MR images. Neural
network architectures such as convolutional neural networks (CNNs) have been applied to
perform spatially resolved motion detection, for example in T1-weighted MR images of the
head and upper abdomen (Kiistner et al., 2018) and to remove motion artifacts, for example
from contrast enhanced liver MR images (Tamada et al., 2020), out-of-FOV motion artifacts
on MPRAGE (magnetisation prepared rapid gradient echo) brain images (Wang et al., 2020),
and to reduce effects of residual motion artifacts after application of conventional motion

corrections in diffusion MRI (Gong et al., 2021). Other neural network architectures such as
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generative adversarial networks (GANs) have been applied to remove rigid and non-rigid
motion artifacts (Armanious, Gatidis, et al., 2020; Armanious, Jiang, et al., 2020). Although
the use of machine learning algorithms in retrospective motion correction has been promising,
its clinical applications have yet to be assessed.

In contrast to retrospective techniques, prospective motion correction (PMC) aims to keep
the imaging field of view (FOV) fixed to a target by tracking the target’s motion and realigning
the FOV whenever motion is detected. Various approaches can be used to track the target’s
motion. Hardware-based approaches involve attaching fixed markers (Todd et al., 2015;
Zaitsev et al., 2006) or coils (Derbyshire et al., 1998; Ooi et al., 2009) to the target. These
devices, however, require setup and calibration and may be costly. Moreover, their accuracy
depends on how the markers are attached to the subject, which may also compromise subject
comfort (Maclaren et al., 2013). Another approach is to use navigators, which are acquisitions
inserted into an imaging sequence to rapidly acquire one-, two- or three-dimensional low-
resolution snapshot images of an anatomical region throughout the acquisition for motion
estimation (Alhamud et al., 2012; Hess et al., 2011; Tisdall et al., 2012; Van Der Kouwe et al.,
2006; Zhuo Wu Fu et al., 1995). However, navigators need additional gradient and RF pulses
to construct the low-resolution images which may be difficult to accommodate in crowded
pulse sequences like EPI without increasing the total acquisition time.

Previously, we demonstrated that a subset of partitions during a 3D EPI acquisition could
be used as a volumetric self-navigator (vSNav) to successfully measure and correct subject
motion during the acquisition without needing to introduce any additional gradient pulses, RF
pulses or external hardware (Bayih et al., 2022). Our previous implementation which used 24
of 52 partitions to construct the vSNav, however, only corrected motion once during the
acquisition and only 11 partitions after acquisition of the navigator data. In the present work
we aimed to increase the temporal resolution and accuracy of the motion detection and
correction by using fewer partitions to construct the volumetric self-navigators, and reducing
the computational time, which delays the implementation of the FOV update. Here we use two
different subsets of the kz partitions to construct two volumetric self-navigators (dvsNav1 and
dvsNav2) during each volume acquisition. The navigators (i.e., dvsNavli and dvsNav2i)
that are constructed during the i*" (where i # 1) volume acquisition are then compared to their
corresponding reference volumes (i.e., dvsNav1Ref and dvsNav2Ref) constructed during
the 15¢ volume acquisition to compute motion parameters, and corrections are applied to the

imaging FOV before the next subset of kz partitions starts to be accumulated.
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4.2. Methods

4.2.1. Double volumetric-self-navigated 3D-EPI sequence

development

The 3D-EPI sequence uses a center-out acquisition scheme that fills 3D k-space starting
from the center partition and moving outwards, successively acquiring partitions either side of
the central partition. Each partition is filled following a cartesian trajectory (see Figure 4-1 (a)).
Since the center-out scheme first acquires low-frequency partitions that contain more energy,
subject motion can be estimated from a small subset of these partitions leaving enough
partitions to construct another navigator before completing the acquisition of the volume. To
implement this technique, the image reconstruction pipeline (IRP) was modified to include a
“feedback block™ that successively accumulates two separate subsets of the data being acquired
by the online block to two separate and distinct objects. Immediately following the
accumulation of the required number of partitions to a particular object, a volumetric image
(i.e., a self-navigator) is constructed and motion is estimated. Using the two successively
acquired volumetric self-navigators, motion can therefore be estimated twice during the
acquisition of a volume. The feedback block sends these motion estimates back to the sequence
as they become available. The online block was modified to receive motion parameters from

the feedback block twice during each volume acquisition and to re-adjust its FOV accordingly.

4.2.2. Double volumetric-self-navigator design

The feedback block successively constructs two volumetric images, also referred to as
double volumetric self-navigators (dvsNavs). The first self-navigator of the i*"* volume
acquisition (dvsNav1;) is constructed by accumulating the first [ partitions of a volume with
n partitions and filling the remaining n - [ partitions with zero. This is equivalent to applying
a low-pass filter in the partition direction (see Figure 4-1 (b)). After accumulating [ partitions,
the feedback block stops accumulating the nextr partitions to allow time to construct
dvsNav1;, estimate motion and send the motion parameters to the sequence. The number of
partitions skipped before the feedback block again resumes accumulation of partitions, depends
on the time required for these operations. To construct the second volumetric self-navigator of
the i*" volume (dvsNav2;), the feedback block accumulates the next m partitions and fills the
remaining n —m partitions with zeros (see Figure 4-1 (c)). No further partitions are

accumulated to the feedback block until the start of the next ((i + 1)) volume acquisition.
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Figure 4-1 Center-out acquisition scheme and double volumetric-self-navigator (dvsNav) construction
during the i*" volumetric acquisition. (a) The relative positions of the n partitions with respect to the
isocenter (indicated by the arrow) and their order of acquisition. (b) The first volumetric-self-navigator
of the i volume (dvsNav1)) is constructed from | partitions, with remaining partitions zero filled (low-
pass filtering). (c) The second volumetric-self-navigator of the i*" volume (dvsNav2)) is constructed
from m partitions, with the remaining partitions zero filled (band-pass filtering).

4.2.3. Real-time motion detection
During each volume acquisition, a time At; = [ * TR is required to accumulate the first [
partitions, where TR is the partition repetition time. Immediately after accumulation of [
partitions, the feedback block constructs the first volumetric self-navigator for that volume
(dvsNavl;). If i = 1, the dvsNav1; is set as the first reference volume (dvsNavlg,f), but if
[ > 1, the feedback block estimates the position of dvsNav1; relative to dvsNavlg,.r using
the Siemens prospective acquisition correction (PACE) algorithm (Thesen et al., 2000). PACE

outputs six motion parameter values — three for translation and three for rotation. Assuming
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the feedback block requires a time At, to fill the remaining n - [ partitions with zero, construct
dvsNavl;, estimate motion, and send the motion parameters to the sequence, the imaging FOV
will be updated at a time At; + At, after the start of the i*" volume acquisition and the
remaining partitions are acquired with this updated FOV. This time, At,, therefore determines
the number of skipped partitions, 7, before accumulation of partitions to the feedback block can
resume. Of the remaining (n-/-r) partitions, the next m partitions are accumulated to the
feedback block in a time At;=m * TR for construction of the second volumetric self-navigator
(dvsNav2;). If i = 1, dvsNav2; is set as the second reference volume (dvsNav2g,y), but if
i > 1, the feedback block again uses PACE to estimate the position of dvsNav2; relative to
dvsNav2pg.r. Assuming the time required by the feedback block to fill the remaining n - m
partitions of the second volumetric self-navigator with zero, construct dvsNav2;, estimate
motion, and send the motion parameters to the sequence is given by At,, the imaging FOV will
be updated for a second time at a time At; + At, + At + At, after the start of the i*" volume
acquisition. Although the feedback block stops accumulating partitions during At, and At,, the

online block accumulates all partitions of the volume (see Figure 4-2).

4.2.4. Real-time motion correction considerations

The temporal resolution of motion correction during volume acquisition is limited by the
number of partitions that need to be accumulated by the feedback block to construct dvsNavs
with enough features for accurate co-registration. On one hand, reducing the number of
partitions accumulated to construct the navigators increases temporal resolution but reduces
sensitivity to and accuracy of motion detection. In dvsNav1;, sensitivity to detect through-
plane motion is reduced due to excessive spatial smoothing in the partition direction, while the
accuracy of motion detection in dvsNav2; is reduced due to insufficient features in the self-
navigator images for accurate co-registration. On the other hand, increasing the number of
partitions accumulated to construct the navigators delays the timing of motion correction but
increases the accuracy of motion estimation. Therefore, the number of partitions used to
construct the dvsNavs requires a trade-off between latency and accuracy of motion estimation.
During acquisition of the i*"* volume where i # 1, dvsNav2; is constructed from partitions
that were motion corrected based on motion estimates derived from dvsNav1;, and dvsNavl;
for i > 2 is constructed from partitions that were motion corrected based on motion estimates

derived from dvsNav2;_y).
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Figure 4-2 lllustration of the double volumetric self-navigator motion correction scheme for a single
(i") volume comprising 52 partitions. The Feedback block takes time Aty to accumulate the first subset
of partitions and time At to zero fill the remaining partitions, construct the I* volumetric self-navigator
(dvsNavl,), estimate its position relative to the first reference self-navigator (dvsNavlg,r) and send

motion estimates to the sequence. The Feedback block takes time At to accumulate the second subset
of partitions and time Aty to construct the 2™ volumetric self-navigator (dvsNav2;), estimate its
position relative to the 2™ reference volumetric self-navigator (dvsNav2g,r) and send motion

estimates to the sequence. All 52 partitions are accumulated to the online block in a time 52 * TR,
where TR is the partition repetition time. In the current implementation, TR = 64 ms.

In our current work, the feedback block was designed to detect and correct motion twice
per volume with each dvsNav constructed from partitions that were acquired in the updated
FOV. Hence synchronization of motion detection and motion correction was critical. The first
step involved measuring the feedback block computation time, which is comprised of the time
required to construct the navigator image, co-register it to a corresponding reference volume,
send motion parameters to the sequence, and update the FOV. Notably, the computation time
varies depending on the number of channels in the head coil. It was shown previously (Bayih
et al., 2022) for a partition-TR of 64 ms and 20-channel head/neck coil, that all computations
required by the feedback block could be completed in the time it takes to acquire 11 partitions
(i.e. 11*TR). In contrast, it took the equivalent of 12 partitions (i.e. 12*TR) to complete the

computations for a 32-channel head coil. As such, the total computation time required for two
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self-navigators with the 32-channel head coil will be 24*TR, leaving 28 partitions available to
construct the two navigator images. Since the center partitions contain more energy, the
feedback block was configured to accumulate the first 8 partitions to dvsNav1. After skipping
the 12 partitions needed for the computations related to dvsNav1, the remaining available 20
partitions are accumulated to dvsNav2 (Figure 4-2).

In our previous work we found that the synchronization point — defined as the total number
of partitions accumulated by the online block from the start of a volume acquisition until
receiving motion parameters from the feedback block — varies depending on the number of
channels in the head coil. Since the synchronization points of the IRP should be consistent
irrespective of varying numbers of channels in the head coil, it was important to determine the
optimal synchronization points for both dvsNav1 and dvsNav2. To examine the effect of
varying numbers of channels on the synchronization points, the IRP was configured with
feedback blocks accumulating partition data from different numbers of spatially distributed
channels of a 32-channel head coil. In each case, the volumetric self-navigators were
constructed, motion was estimated, and the synchronization points were measured. Table 4-1
shows synchronization points of the IRP for feedback blocks accumulating partition data from

12, 16, 20, 24, 28 and 32 channels of a 32-channel head coil.

Table 4-1 Synchronization points of the image reconstruction pipeline (IRP) for feedback blocks
accumulating partition data from 12, 16, 20, 24, 28 and 32 channels of the 32-channel head coil.

Number of channels

12 16 20 24 28 32

dvsNavl 18 19 19 19 20 20

IRP Synchronization points
dvsNavZ 50 51 51 51 51 51

The relative accuracies of motion estimates from self-navigators constructed using
partitions from varying numbers of channels was tested offline. Six volumes of 3D EPI data
were first acquired for a High Precision Devices (HPD) system phantom using the 32-channel
head coil with the feedback block disabled; the phantom was moved during the acquisition of
the 2" volume. Sequence parameters were: TR 64ms, TE 30ms, voxel size
3.1x3.1x3.1 mm3, acquisition matrix 64 x 64 x 52, FOV 200 x 200 mm?3, bandwidth
2298 Hz/px, flip angle 16° fat saturation ON. The IRP was then run offline using the acquired
raw data with the feedback block active and accumulating partitions from all 32 channels of
the head coil (referred to as the 32-channel feedback block). The two volumetric self-navigators
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were constructed and motion parameters estimated. These IRP steps were repeated with the
feedback block accumulating partitions from only 28, 24, 20, 16 and 12 channels, respectively,
of the head coil. The motion parameters estimated by feedback blocks with partition data from
different numbers of channels are shown in Figure 4-3. Since the raw data were acquired using
a 32-channel head coil, motion parameters estimated using the 32-channel feedback block are
assumed to be most accurate. Motion estimates are seen to be similar for self-navigators

constructed using data from 20 or more channels.
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Figure 4-3 Motion estimates computed by the feedback block using partitions from 12, 16, 20, 24, 28
and 32 channels of the 32-channel head coil. Estimated translational and rotational motion components
in the phase-encoding (a and d), read-out (b and e), and slice-select (¢ and f) directions are shown.

Based on a trade-off between synchronization point (Table 4-1) and accuracy (Figure 4-3),
the 20-channel feedback block was selected for this work. That means, if a head coil with <20
channels is used, the feedback block will accumulate partition data from all the channels, while
only partition data from 20 channels will be used for a head coil with >20 channels. With this
scheme, motion parameters will be received from the feedback block by the 19" and 51%
partitions, respectively. During acquisition of the i*® volume, the feedback block accumulates

the 1% incoming 8 partitions to construct dvsNav1;; this takes At; = 512 ms (i.e., 8*TR) for
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TR 64 ms. For data from 20 channels, it takes At, = 704 ms (i.e., 11 * TR) to construct
dvsNavl;, estimate and send motion parameters to the sequence; no partitions are accumulated
to the feedback block during this time. To ensure that the next set of partitions accumulated to
the feedback block are all in the readjusted FOV, our feedback block waits another 64 ms (1 *
TR) before accumulating the 20 partitions for dvsNav2; in a time At; = 1280 ms (i.e., 20 *
TR). Construction of dvsNav2;, motion estimation and feedback to the sequence takes At, =
704 ms (i.e., 11*TR), during which time no new partitions are accumulated to the feedback
block. As before, our feedback block waits another 64 ms (1 * TR) before starting to
accumulate partitions again, thereby ensuring that the next set of accumulated partitions are in
the readjusted FOV. Limiting the number of channels to 20 therefore ensures synchronization
of motion detection with motion correction so that the next dvsNav is always constructed from
motion corrected partitions.

The online block of the IRP (Figure 4-2) accumulates all the partitions of a given volume
before constructing the volumetric image. Notably, the FOV is updated twice during the
acquisition. Therefore, the quality of the volumetric data depends on the performance of the
feedback block, which in turn depends on the number and position of partitions used to
construct the dvsNavs, the imaging parameters, and the severity of subject motion. There are
two instances when the feedback block will not send motion parameters to the sequence: (i) if
the estimated translation or rotation values are greater than 20 mm or 8, respectively, or (ii)
if the dvsNavs do not have enough features for PACE to estimate motion.

The IRP displays the slices of each volume and each dvsNav in mosaic format. The
motion parameters are additionally overlaid on the mosaic images for each dvsNav1 and

dvsNav?2.

4.2.5. Sequence validation

The double volumetric self-navigated 3D-EPI sequence was validated both in a phantom
and in vivo in two healthy male volunteers (ages 31 and 37 years). All scans were performed
on a 3 T Skyra (Siemens Healthcare, Erlangen, Germany) located at the Cape Universities
Body Imaging Centre (CUBIC) in Cape Town, South Africa, according to protocols that had
been approved by the Faculty of Health Sciences Human Research Ethics Committee of the
University of Cape Town. The volunteers provided written informed consent.

For the phantom scans, the High Precision Devices (HPD) system phantom model 130,
which contains 5 plates, 57 fiducial spheres and 2 wedges, was scanned (Figure 4-4) in the 20-

channel Head/Neck coil. The sequence parameters were as follows: TR = 64 ms, TRvol = 3.33
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s, TE = 30 ms, voxel size 3.3 x 3.3 x 3.1 mm?®, acquisition matrix = 64 x 64 x 52, FOV = 200 x
200 mm?, bandwidth 2298 Hz/px, flip angle 16°, 36 volumes with fat saturation ON. The same
sequence parameters were used for in vivo acquisitions except that 50 volumes were acquired.
The parameters were selected to be similar to those typically used during an fMRI BOLD
acquisition using 3D-EPI. The phantom images were acquired in the coronal orientation where
slice select is anterior-posterior and phase encoding is left-right. The in vivo images were
acquired in the sagittal orientation where slice select is right-left and phase encoding is anterior-

posterior.

Figure 4-4 High Precision Devices (HPD) system phantom model 130

The phantom scans were performed first without motion and next with motion; in both
scans, real-time motion correction was active. During the scans with motion, four discrete
motions were induced manually by moving the pad supporting the phantom first to the right
during volume 7, then to the left around the start of volumes 13 and 19, and finally slow motion
to the right during volume 25.

During the in vivo scans, participants were asked to move their head at particular time
points, remaining still at each new position until they were instructed to move their head.
Specifically, the participants were asked to rotate their head to the right around volume 10,
rotate back to the center around volume 20, rotate to the left around volume 30, and finally
rotate back to the center around volume 40, remaining still until the end of the acquisition. The
amount of the motion was controlled by marking three dots on the inside surface of the scanner
bore — one dot directly in line with the subject’s line-of-sight (center mark), one dot
approximately 8 cm to the left of the center mark, and another approximately 8 cm to the right
of the center mark. When instructed to move, the participants turned their head to face the
relevant mark (center, left or right). The in vivo scans were performed first without motion
while real-time motion correction was active, second with discrete motions while real-time

motion correction was inactive, and finally with discrete motions while real-time motion
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correction was active. In vivo data were further processed using FMRIB’s Linear Image

Registration Tool (FLIRT) (Jenkinson et al., 2002) to assess residual motions in each volume.

4.3. Results

4.3.1. Phantom data

c)

Figure 4-5 The images in the top row show the central slice of the first volumetric self-navigator
(dvsNavl) for two consecutive volumes when scanning a phantom (i.e. volumes I and 2), and the bottom
row shows the central slice of the second self-navigator (dvsNav2) for the same two volumes. The
phantom was scanned in the sagittal orientation, the slice-select gradient was from left to right and
phase encoding from anterior to posterior.

d)

The top and bottom images in Figure 4-5 show the central slices of the 1 and 2"
volumetric self-navigators (dvsNavl and dvsNav2), respectively, constructed by our double
volumetric self-navigated 3D-EPI sequence for two consecutive volumes during a phantom
scan. The images on the left are for the 1% volume acquisition (i.e. the reference volume), and
those on the right from the second volume acquisition. Motions are estimated by co-registering

subsequent dvsNavs (dvsNavi, i>1) to their corresponding (i.e. 1%t or 2"%) reference dvsNav.
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Figure 4-6 Plots showing for each volume the position of the phantom in the imaging FOV relative to
its position during the first volume as measured by dvsNav1 and dvsNav2 with a) no motion, and b)
motion induced during measurements 7, 13, 19 and 25. Images were acquired in the coronal orientation
with phase encoding left-right and readout inferior-superior directions.

Figure 4-6 (a) shows that motion estimates for the phantom in the absence of motion are
stable although there were below threshold through-plane oscillations. Figure 4-6 (b) shows
the two batches of motion estimates when the phantom was moved briefly during the 2"
navigator of the 7" volume (i.e., dvsNav2,), when the phantom was moved for a period that
spans over the 1% and 2™ navigators of the 13" volume (i.e., dvsNav1l,; and dvsNav2s),
when the phantom was moved briefly during the 1% navigator of the 19™ volume (i.e.,
dvsNav1,,), and when the phantom was moved for a period that spans over the 2" navigator
of the 25" and 1% navigator of the 26™ volumes (i.e., dvsNav2,s and dvsNav1,e). In all of
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these cases, the 3D EPI successfully adjusted its FOV so that subsequent volumes were
acquired with below threshold motion estimates. Figure 4-7 (a) shows the central slice of the
1*" volume, and Figure 4-7 (b) — (e) the absolute difference images between the central slices

of the volumes acquired before and after the motion occurred.

(b) (c) (e)

(d)
Figure 4-7 Images showing (a) the central slice of the first volume, and difference images between (b)
the central slice of volumes 6 and 8, (c) volumes 12 and 14, (d) volumes 18 and 20, and (e) volumes 24
and 27.

4.3.2. In vivo data

c). d)-

Figure 4-8 The images in the top row show the central slice of the first volumetric self-navigator
(dvsNavl) for two consecutive volumes (volumes 1 and 2) during in vivo imaging, and the bottom row
shows the central slice of the second self-navigator for the same two volumes. Volumes were acquired
in sagittal orientation, slice select was from left to right and phase encoding from anterior to posterior.
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Figure 4-8 shows the central slices from two consecutive volumes (left volume 1, right
volume 2) for each of the two double volumetric self-navigators (top dvsNavi, bottom
dvsNav?2) constructed during an in vivo acquisition.

Figure 4-9 shows for one volunteer how head position in the imaging FOV changes relative
to its position in the 1% volume for acquisitions (a) without intentional motion (NoMo), (b)
with intentional motion but feedback to the sequence disabled (NoCo), and (c¢) with intentional
motion and feedback to the sequence enabled (MoCo). The plots show the motion parameters
estimated prospectively by the feedback block using dvsNavl and dvsNav2, and
retrospectively by FLIRT.
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Figure 4-9 Plots showing for one volunteer the prospective dvsNavl and dvsNav2, and retrospective
FLIRT estimates of head position in the imaging FOV during each volume acquisition relative to its
position during the 1°' acquisition (a) without intentional motion, (b) with intentional motion around
volumes 10, 21, 29 and 40 but without feedback to the sequence, and (c) intentional motion around
volumes 10, 19, 29 and 40 with active feedback to the sequence. The horizontal dotted lines show
thresholds for through-plane translation (i.e., 10% slice thickness) and rotation (i.e., 0.2°). Since the
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images were acquired in the sagittal orientation, the slice-select is from left to right direction and phase
encoding is from anterior to posterior.

Figure 4-9 a) shows ‘pulsating’ motion detected by the feedback block during acquisitions
without intentional motion, which were hardly detected by FLIRT. Figure 4-9 b) shows motion
estimated by the feedback block using dvsNavl and dvsNav2, but without sending the
motion parameters to the sequence for prospective correction, and by FLIRT. Figure 4-9 ¢)
shows that the head position approaches its original position within the imaging FOV after the
motion parameters were sent to the sequence. Moreover, motion estimates from multiple self-
navigators may be needed to correct the FOV if the motion continues longer than the time

required to acquire the partitions of a single volumetric self-navigator.

Figure 4-10 Images of an axial slice from the dvsNav 3D-EPI acquisition with intentional head motion
and prospective motion correction applied (MoCo). The images show the same slice for: a) the 1"
(reference) volume, b) the 8" volume (before motion occurred), c) the 10" volume (during motion), and
d) the 11" volume (after motion occurred). The acquisition orientation was sagittal with the slice-select
from left to right and phase encoding from anterior to posterior.

Figure 4-10 shows images of the 27™ axial slice from a dvsNav 3D-EPI acquisition with
intentional motion and feedback active for a) the 1% volume, b) the 8" volume, which is

immediately before motion occurred, c) the 10" volume, which is acquired during the motion,
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and d) from the 11" volume, which is immediately after motion occurred. Notably, image

quality is degraded in the volume during which motion occurred (Figure 4-10 ¢), despite PMC.
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Figure 4-11 a) Root mean square errors (RMSE) and b) structural similarity indices (SSI) obtained
when comparing the 27" axial slice of each volume to the same slice of the reference volume. Images
were from the dvsNav 3D-EPI MoCo acquisition in participant #2.

Figure 4-11 shows how ‘similar’ a single slice from each volume in a time series acquired
with PMC active is to the same slice of the reference volume. As expected, root mean square
errors and structural similarity indices (SSIs) are higher and lower, respectively, during (or
immediately after) the volume where motion occurred. In this acquisition, the participant
moved around volumes 10, 19, 29 and 40. In volumes around the motion events, SSIs range

from 92-95%; following motion events, SSIs typically return to values of 98% or higher.
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Figure 4-12 The six components of dvsNavs’ motion estimations during 3D EPI acquisition without
motion in a) time and b) frequency domain.

Plots of motion parameters estimated by dvsNavs during an in vivo 3D EPI acquisition
with no motion are shown in column a) whereas their corresponding frequency spectrum are
shown in corresponding rows of column b) of Figure 4-12. Pulsating motion parameters, which
were not observed in any of phantom acquisitions, were detected in all of the in vivo 3D EPI
acquisitions without motion. In all in vivo 3D EPI acquisitions without motion, the translational
motion parameters in phase-encoding and readout components were consistently pulsating.
However, in subject 1 it was the rotational (see Figure 4-12 a) and in subject 2 it was

translational (not shown) motion parameters in the slice-select direction that were pulsating.

4.4. Discussion

This work demonstrates that the modified feedback block implemented in the IRP of the
3D EPI sequence can use two successive subsets of partitions to compute and correct motion
with submillimeter accuracy twice during each volume acquisition.

The feedback block constructs two volumetric self-navigators from two separate subsets
of the partitions being accumulated as part of the volume acquisition. Therefore, the new

technique requires no additional RF pulses, no additional gradient pulses, and no measurement
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interruptions, however, it is limited to 3D acquisitions. This is because image reconstruction in
3D acquisition does not start until all the partitions have been acquired, allowing the feedback
block to accumulate two subsets of partitions, construct two navigators, estimate motion twice
and send the estimated motion parameters to the sequence to correct the FOV before the Online
block of the IRP constructs the main volume image. In the current configuration, which
employs a center-out acquisition scheme, the first self-navigator of volume i, dvsNavl,, is
constructed from the 8 central partitions with remaining partitions zero filled; this is equivalent
to lowpass filtering (or smoothing) in the partition direction. The second self-navigator of
volume i, dvsNav2;, is constructed from 20 consecutively-acquired later partitions with
missing partitions zero filled. Zero filling ensures that the resolution of dvsNavl; and
dvsNav2; are the same as that of the image volume. We used a flip angle equal to the Ernst
angle (16°) to optimize the BOLD contrast at 3T. The current implementation did not employ
any compression, which may allow the temporal resolution of motion tracking to be increased.

The feedback block requires time to accumulate partitions to the navigator volumes, as
well as time to construct the image volumes, register these to the reference volumes, and send
the motion parameters to the sequence. It has been shown previously (Bayih et al., 2022) that
the computation time depends, in part, on the number of receiver channels in the head coil and
the partition repetition time (TR). Based on the trade-off between computation time (Table 4-1)
and motion estimation accuracy (Figure 4-3), the feedback block was configured to accumulate
partitions from a maximum of 20 channels of the head coil. Therefore, in this work, both the
phantom and in vivo scans were performed with a 20-channel head/neck coil and a 64 ms TR.
In both experiments, the FOV was updated twice during each volume acquisition; updates
occurred 11 partitions (0.704 s) after all required partitions had been accumulated to the
feedback block. As a result, the first batch of motion parameters (estimated using dvsNav1l;)
update the FOV after acquisition of 19 partitions, permitting a maximum of 33 partitions of the
current volume to be acquired with the corrected FOV. The second batch of motion parameters
(estimated using dvsNav2;) update the FOV after the acquisition of 51 partitions; the last
partition of the current volume and the first 19 partitions of the next volume are therefore
acquired with the newly updated FOV. Hence, our feedback block was capable of providing
position updates to the sequence twice during the acquisition of a 52-partition volume.

As shown in Figure 4-5, the phantom (Figure 4-4) comprising 5 plates, 57 fiducial spheres
and 2 wedges provided sufficient features for both dvsNavl and dvsNav2. The motion

parameter plots (Figure 4-6) and absence of apparent features in the absolute difference images
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of the central slices of the phantom (Figure 4-7) before and after motion confirm that the
position of the phantom approaches its original position within the imaging FOV in the
volumes following the one(s) during which motion occurred. The through-plane motion
estimates of dvsNav1 and dvsNav2 appeared to fluctuate slightly (in pm) in the phantom data
acquired without motion (Figure 4-6 a)). This is likely due to the difference in the number of
partitions accumulated and zero-fillings performed to construct dvsNavl and dvsNav2. To
avoid unstable fluctuations, through-plane motion estimates less than 10% of the slice thickness
or rotations in any direction less 0.2° were not sent back to the sequence for correction. Slight
differences in the dvsNavl and dvsNav2 estimates are therefore not unexpected. Rapid
motions (i.e., motions that did not spill into the next navigator) were accurately corrected by
the sequence, as illustrated by dvsNav2, and dvsNavlg, and again by dvsNav19; and
dvsNav19, in Figure 4-6 b). This was also true when the motion spanned across two self-
navigator acquisitions, as can be seen from dvsNavl,; and dvsNav2,; or dvsNav2,s and
dvsNavl,e (see Figure 4-6 b).

As can be seen in Figure 4-8, the images of the 1% dvsNav appear low-pass filtered due to
zero filling of all except the central 8 partitions. In contrast, those of dvsNav2 appear high-pass
filtered due to zero filling of the central 20 partitions containing the bulk of the signal. Notably,
despite the absence of the center partitions, the dvsNav2 images demonstrate sufficient features
for accurate co-registration and real-time motion tracking.

The in vivo data shown in Figure 4-9 demonstrate that motion estimated by the dvsNavs
and FLIRT are largely similar, except in the volumes during which the motion occurred.
Figures 4-10 and 4-11 show that the image quality and structural similarity indices compared
to the reference volume of images acquired after motion events are largely recovered. However,
prospective motion correction could not fully recover image quality in volumes during which
bulk motion occurred (Figure 4-10 c) and Figure 4-11).

Notably, even in the absence of intentional motion (Figure 4-9 a), the feedback block
detected pulsating motion with a frequency around 0.25Hz (see Figure 4-12). Since no such
pulsating motion was detected by the self-navigators during phantom acquisitions, nor by
FLIRT in phantom or in vivo acquisitions, this may be due to breathing, which may affect
dvsNav1l and dvsNav?2 images differently. Since the pulsating motions are modulated by the
bulk motions, their effect will likely depend on the magnitude and direction of the bulk motion
(see Figure 4-9 b). The current configuration of the double volumetric self-navigated 3D EPI

sequence uses two distinct subsets of partitions to detect motion during volume acquisition
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which makes it inefficient to correct continuously induced pulsating motions; to date, there is
no prospective motion correction technique capable of efficiently correcting continuously
induced motions. Whenever bulk motion occurs during in vivo acquisitions, the proposed
sequence readjusts its FOV to minimize the pose change in the imaging FOV, which
predominantly compensates for the bulk motion. However, depending on the bulk motion, the
correction may over correct the pose change because of the residual pulsating motions as seen
in Figure 4-9 c). Additional work is needed to confirm the origin of the observed pulsating
motion.

In the current configuration of the sequence, 24 of 52 partitions are not used for motion
detection. Very fast motion during these feedback block computation times may remain
undetected and affect volume images differently. For instance, motion during the 12 partitions
of the 1% computation period will result in more image degradation than motion during the

second computation block.

4.5. Conclusion

The current study demonstrates that real-time motion detection and correction can be
performed twice per volume during repeated 3D EPI volume acquisitions using double
volumetric self-navigators constructed from two subsets of each volume’s partitions. By co-
registering each dvsNav to its corresponding volume constructed during the first volume
acquisition, head pose changes in the imaging FOV relative to the first navigator volume can
be estimated. Motion estimates are sent to the sequence to readjust the imaging FOV
accordingly and acquires the remaining partitions of that volume and/or the first partitions of
the next volume, with the corrected FOV. The proposed technique eliminates the need for extra
hardware or additional sequence pulses to track subject motion. Moreover, our observation
during in vivo acquisitions of pseudo-periodic fluctuations in the motion estimates, suggest
that the technique may be able to detect pulsating physiological motions. The temporal
resolution is limited to detecting and correcting motion twice per volume due to the number of
partitions required to construct dvsNavs with sufficient features for motion estimation, as well
as the time required for co-registration and feedback. Further work is required either to
determine the detection and accuracy of physiological motions or to reduce the sensitivity of
the technique to physiological pulsations. To reduce the IRP’s sensitivity to physiological
noise, the feedback block can be reconfigured to skip partitions further removed from the center

partition and use more central partitions in self-navigator construction. Implementing real-time
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shimming and parallel imaging in the partition direction would further improve image quality

and accelerate volume acquisition, respectively.
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Chapter Five

5. Discussion

5.1. Self-navigated PMC (snPMC)

In this work, we demonstrated the efficacy of a new prospective motion correction (PMC)
technique for 3D-EPI fMRI that utilizes a subset (or subsets) of the partitions being acquired
to construct one (or more) low-resolution volume images, called a volumetric self-navigator(s)
(vSNav), to detect and correct motion while the remaining partitions of the volume are still
being acquired. Since the proposed PMC technique uses only the data that are being acquired
by the sequence anyway to track subject motion in real time, it is referred to as a self-navigated
prospective motion correction (snPMC) technique. snPMC does not require additional
hardware or radio frequency (RF) and gradient pulses to track subject motion, therefore
eliminating the extra steps and time usually required to track subject motion in real time, such
as acquiring and/or setting up a tracking module in the parent sequence, calibrating acquisition
axes, etc. (Ooi et al., 2009; Todd et al., 2015; Van Der Kouwe et al., 2006). Theoretically,
snPMC can be implemented in any 3D sequence because of their image reconstruction timing.
In this work, 3D-EPI was used because EPI is widely used for functional MR data acquisitions
and it is highly susceptible to motion artifacts (Bernstein et al., 2004; Chen & Glover, 2015;
Norris, 2006; Stehling et al., 1991).

The temporal resolution of snPMC can be increased by constructing more navigators from
fewer partitions. However, this requires that more partitions are zero filled to match the image
resolution of the acquisition. Since zero filling results in spatial smoothing along the partition
direction, the locations of these zero-filled partitions may result in loss of critical features,
which will reduce the accuracy of co-registration and motion detection. At worst, the navigators
may have insufficient features for motion detection. Therefore, implementing snPMC requires
a trade-off between motion detection accuracy and the temporal resolution of motion
correction. This problem could potentially be addressed by re-acquiring the 3 center partitions
with each partition subset (i.e., partition numbers 25 to 27 in the current implementation),
which would result in the main volume features being preserved in each vSNav but a minimal

increase in acquisition time.

5.2. Implementation of snPMC in 3D-EPI
87



In our first implementation of snPMC (Bayih et al., 2022), we detected and corrected
subject motion once per volume in real time by accumulating the 1% 24 partitions (partition#14
to partition#37) of a 52-partition volume. After filling the remaining 28 partitions (partition#0
to partition#13 and partition#38 to partition#51) with zeroes, a volumetric self-navigator
(vSNav) was constructed; the navigator volume constructed during the 1% volume was defined
as the reference volumetric self-navigator (VSN avg,s). Motion was estimated by co-registering
each vSNav to the vSNavg,r and sending motion parameters back to the 3D-EPI sequence;
motion estimates were received after acquisition of a further 12 partitions. The remaining
partitions of the current volume (i.e., the last 16 partitions in our implementation), as well as
the first 36 partitions of the next volume (until the next motion estimates are received), were
then acquired with the adjusted field of view (FOV) (see Figure 2-3). The performance of our
vSNav 3D-EPI sequence in detecting and correcting motion in real time was validated both in
a phantom and in vivo. Moreover, we compared the performance of our vSNav 3D-EPI
sequence to a 2D-EPI sequence with standard PACE (Prospective Acquisition CorreEction;
(Thesen et al., 2000)) PMC for localizing brain activations during a simple finger tapping fMRI
experiment, both in the absence and presence of intentional head motions. Overall, our results
demonstrated that our vSNav 3D-EPI sequence is able to acquire task-related BOLD signal
changes with comparable or better quality than 2D-EPI with PACE PMC, without the need for
any additional hardware or RF and gradient pulses.

The timing and accuracy of motion detection, which determines the timing and accuracy
of motion correction, depends on the number and position of the partitions used to construct
the vSNav. For instance, constructing the vSNav from all the partitions of a volume will result
in the most accurate possible motion estimate but pushes the temporal resolution of motion
detection and correction beyond the current volume acquisition period. On the other hand,
constructing a vSNav from fewer partitions results in less accurate motion estimation but
increases the temporal resolution of motion detection so that FOV adjustments can be applied
within the current volume acquisition period. Any subset of partitions can be used to implement
snPMC, as long as the subset of partitions used to construct the vSNav contains enough
features for accurate co-registration to the reference, and enough time is left for the acquisition
FOV to be adjusted before commencing the acquisition of partitions for the next vSNav. Given
the flexibility of motion detection and correction timings, prospective motion gating may be

possible (Cassidy et al., 2004; Kinchesh et al., 2018; Rasmus M. Birn, J. Bodurka, 2001).

5.3. The dvsNav 3D-EPI implementation of snPMC
88



The temporal resolution of motion detection and correction in our vSNav 3D-EPI
sequence was doubled by sequentially accumulating two subsets of partitions (1% subset:
partition#22 to partition#29; 2" subset: partition#6 to partition#15 and partition#36 to
partition#45) during the center-out acquisition of partitions to construct a volume. Using these
subsets of partitions, and zero filling missing partitions, we constructed two volumetric self-
navigators, called double volumetric self-navigators (dvsNavl and dvsNav2); the two self-
navigators constructed during the acquisition of the 1% volume were defined as the reference

double volumetric ~ self-navigators (dvsNavlg.r and dvsNav2g.r). As with the

implementation of the single self-navigator, motion estimates were computed by co-registering
each dvsNav to its reference volume. As soon as they became available, motion estimates
were sent back to the 3D-EPI sequence so that the FOV could be updated before acquisition of
the next partitions (see Figure 4-2). In our implementation, the 1 FOV adjustment occurred
after acquisition of 20 partitions, and the second at the end of the current volume acquisition
(after partition 52). Our phantom and in vivo results demonstrated that our dvsNav 3D-EPI
sequence could successfully compute and correct bulk motion to sub-millimeter accuracy twice
during each volume acquisition (see Figure 4-6 and Figure 4-7). However, during in vivo
testing, there was evidence of continuous pulsating motion, likely due to physiological noise,
which the sequence was not able to correct (Figure 4-9c¢).

The dvsNavs achieved twice the temporal resolution of traditional image registration (see
Figure 4-9c), which may be important for accurate motion correction. The dvsNavl is
constructed from a subset of partitions that contains the center partition, and it is low-pass
filtered in the partition direction, whereas dvsNav?2 is constructed from a subset of partitions
that contains no center partition and it is band-pass filtered in the partition direction. Notably,
the dvsNavs detected continuously pulsating motion in the in vivo acquisitions, which may
have physiological origins. Further work is needed to confirm the origins of these pulsating
motions and to confirm that these are not artifacts related to bias in the motion estimates
computed by the two self-navigators, which have very different image features. When using
the dvsNav 3D-EPI sequence for fMRI scanning, it may be necessary to include a
continuously pulsating motion model in the analysis to account for this signal (Jones et al.,
2008; Kassinopoulos & Mitsis, 2021). Such a model can be defined based on the continuously

pulsating residual motions detected by the dvsNavs.

5.4. The imaging parameters
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In the current work, which aimed to implement snPMC for 3D-EPI fMRI applications,
both our vSNav and dvsNav 3D-EPI sequences were validated using imaging parameters
appropriate for 3D-EPI fMRI. Any implementation of snPMC using a different 3D sequence

would necessarily have different imaging parameters and require validation.

5.5. Validation limitations and recommendations

The motion correction performance of the vSNav 3D-EPI sequence was validated in a
phantom by manually inducing brief motions during the acquisition of volumes 4, 13 and 24
to 25 (see Figure 2-6). The performance of the dvsNav 3D-EPI was similarly validated by
manually inducing brief motions during the accumulation of partitions for dvsNav2 in volume
7 and partitions for dvsNav1 in volume 19, and extended motions during the accumulation of
dvsNavl and dvsNav?2 partitions of volume 13, and dvsNav2 and dvsNavl partitions of
volumes 26 and 27, respectively (see Figure 4-6). However, in the present work, the exact
amount and timing of motions were not known. The use of a motion rig would have been
advantageous as it provides a ground truth against which to compare motion estimates.

For in vivo scanning, motion correction performance of both the vSNav and dvsNav 3D-
EPI sequences were validated using direct head motions induced when subjects moved their
head from centre to side and from side to centre (see Chapter Two). The head motions were
loosely controlled by marking three dots on the surface of the scanner bore — one dot directly
in line with the subject’s line-of-sight (centre mark), one dot approximately 8 cm to the left of
the centre mark, and another approximately 8 cm to the right of the centre mark. While the
three dots helped to control the direction and magnitude of the motions, so they did not exceed
the PACE thresholds (i.e. translation <20 mm and rotation <8°), the exact magnitude and timing
of the induced motions were not known. Therefore, FLIRT was used to determine the
translational and rotational components of the induced motions for comparison with motion
estimates determined prospectively using the self-navigator(s). Although the head motions of
all subjects typically extended beyond the period required to accumulate the partitions for the
self-navigators, the sequences were able to successfully track and correct head motions.

The effectiveness of our vSNav 3D-EPI sequence in acquiring motion-robust fMRI data
was assessed in four subjects who were requested to induce indirect and/or direct head motions
during scanning (as described in Chapter Three). We did not expect the indirect head motions
induced when subjects opened and closed their legs during fMRI scanning to be comparable to
involuntary head motions induced by swallowing, deep breathing, yawning, sneezing, etc.. The

ability of our self-navigated sequences to correct for such motions was not assessed. Moreover,
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the magnitude of direct head motions was only controlled to ensure that they did not exceed
the PACE limits for translation and rotation. The latency, which is the time between an
instruction cue and the start of the subject’s motion, and the duration of the subject’s action for
each instruction were also not measured. Considering these factors would improve future
experiments that aim to validate the effectiveness of the vSNav 3D-EPI sequence in acquiring
motion-robust fMRI data.

In our self-navigated sequences, except for the first volume, every subsequent fMRI
volume is comprised of partitions acquired with either two (in the case of the vSNav) or three
(for dvsNavs) different FOVs. While the current work used an adaptation of widely used 2D
fMRI pre-processing pipelines, further work is required to optimize the pre-processing pipeline
for 3D data. Moreover, any fMRI acquisition with a differently configured vSNav 3D-EPI
sequence will require a differently adapted pre-processing pipeline. Further validation of the
performance of our vSNav 3D-EPI sequence for motion-robust fMRI data acquisition is
required in more subjects, for different types of indirect head motion (deep breathing,
swallowing, coughing, etc.), and for different head motion directions (pitch, yaw and roll),

magnitudes (small vs large), and durations (slow vs fast).

5.5.1. Future work on vSNav 3D-EPI implementation of snPMC

Under the current configuration, 12 partitions (i.e. partition numbers 38—43 and 8—13) are
acquired by the vSNav 3D-EPI sequence while the vSNav is being reconstructed and the
motion estimates are computed. However, these partitions contain a more significant portion
of the total signal than the final 16 partitions (i.e. partition numbers 0—13 and 38-51) that are
acquired after the FOV has been updated (see Figure 2-3). These ‘uncorrected’ 12 partitions
degrade the quality of the volumetric data more than would have been the case if instead the
last 12 partitions in the center-out acquisition scheme, which contain less signal, had not been
corrected. Therefore, future work could minimize such image quality degradation by
reconfiguring the center-out acquisition order to, after acquiring the first 24 partitions, instead
acquire the last 6 partitions on either side of the center partition (i.e., partition numbers 0—5 and
46-51) and then acquire the middle 16 partitions (i.e. partition numbers 6—13 and 38-45) after
the FOV has been updated (see Figure 5-1). However, any such re-ordering will require that

the pre-processing pipeline be adjusted accordingly to ensure accurate slice timing correction.
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Figure 5-1 The reconfigured vSNav 3D-EPI partition acquisition order which ensures that the 12
partitions with the least amount of signal (i.e. the 6 partitions on either side that are the furthest from
the center partition) are acquired with the ‘uncorrected’ FOV.

5.5.2. Future work on dvsNav 3D-EPI implementation of snPMC

The ever-present continuously pulsating (physiological) motions and inherent differences
between the dvsNav1 and dvsNav?2 (see Figure 4-2) limited the accuracy of motion correction
during in vivo scanning with our dvsNav 3D-EPI sequence. However, due to the different
distortions induced by continuous motion in dvsNavl and dvsNav2, these dvNavs also
provide an opportunity to detect and measure such continuously pulsating (physiological)
motions. Therefore, future implementations of snPMC using our dvsNav 3D-EPI sequence
should consider whether the primary aim is to detect the continuously pulsating motions or to
perform real-time motion correction.

As with the vSNav 3D-EPI, the accuracy of motion tracking and correction could
potentially be improved, and the effect of “uncorrected” partitions on our volumetric data
minimized, by ensuring that partitions containing the most signal are used to construct the self-
navigators, while those with the least signal are acquired during self-navigator reconstruction
and motion computation times. For example, modifying the center-out partition acquisition
order as shown in Figure 5-2 would ensure that only the 12 partitions furthest removed on
either side from the center partition, which are also those with the least signal, are “skipped” —
1.e., these partitions are not used to compute motion estimates and are not acquired with the
updated FOV. According to this scheme, partition numbers 6—11 and 40—45 would be acquired
before the FOV is updated the first time using motion estimates computed from dvsNav1, and

partition numbers 05 and 46-51 before the FOV is updated a second time using motion
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estimates computed from dvsNav2. Also, the dvsNav2 constructed from partition numbers
12-21 and 30-39 according to this scheme would have substantially more signal than that
constructed using partition numbers 6—15 and 3645 in the current implementation of our
dvsNav 3D-EPI sequence. Using the same principle, various combinations of accumulated
and skipped partitions can be tested to optimize both the accuracy and temporal resolution of
motion tracking. Re-acquiring one or three of the centre partition(s) for dvsNav2 would also
substantially increase the signal of the second self-navigator and improve the accuracy of
motion tracking. This could also potentially reduce the number of partitions required for
accurate motion estimation by the second self-navigator and provide space for a 3™ self-
navigator (with the centre partitions re-acquired) in the sequence, thereby increasing the
temporal resolution of motion estimation. However, as mentioned previously, reconfiguring
the partition acquisition scheme would require that the pre-processing pipeline be adapted

accordingly.
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Figure 5-2 The reconfigured dvsNav 3D-EPI partition acquisition order which ensures that 24
partitions with the least amount of signal (i.e. the 12 partitions furthest removed on either side from the
centre partition) are not used for motion estimation and are the ones acquired with the “uncorrected”
FOV, thereby minimizing signal degradation.
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Chapter Six

6. Conclusion

In this work, a novel self-navigated prospective motion correction (snPMC) technique for

3D-EPI fMRI was proposed and implemented. This technique does not require additional
hardware or radio frequency (RF) and gradient pulses inserted into the scanning sequence to
detect subject motion in real time. The snPMC is based on the idea that a subset of the partitions
that are used to create a complete 3D volume can be used to create a spatially smoothed
volumetric image. Since this smoothed image will have the same general features as the
complete volume, it can be used to detect motion and correct the field of view (FOV) while the
remaining partitions are still being acquired. Therefore, the proposed snPMC technique
accumulates a subset of the partitions being acquired to a separate storage location, constructs
a volumetric self-navigator from this subset of partitions, registers it to a reference volumetric
self-navigator (constructed during the acquisition of the first volume), and sends the motion
parameters to the sequence so that the imaging FOV can be updated before any remaining
partitions are acquired.
In our first implementation of snPMC, we tracked and corrected for subject motion once per
volume by registering each volumetric self-navigator (vSNav) to a reference vSNav
(vSNavg,y) that was constructed during the first volume acquisition. The estimated motion
parameters were sent to the sequence, and the sequence updated its imaging FOV, once per
volume. The motion correction performance of our vSNav 3D-EPI sequence was validated
both in a phantom and in vivo. In the absence of motion, both phantom and in vivo data
demonstrated stable motion estimates. For phantom acquisitions with intentional motion,
estimated residual motion after motion correction were within acceptable thresholds (i.e., <
10% of the slice thickness and < 0.2° rotation). For in vivo acquisitions, motion estimates using
vSNav and FLIRT agreed to within 0.23 mm (< 10% of the slice thickness) and 0.14° in all
directions.

fMRI data acquired using our vSNav 3D-EPI sequence were compared to data acquired
using 2D-EPI with Siemens' standard prospective acquisition correction (PACE) scheme. It
was found that the 3D data yielded more brain voxels with a higher temporal signal-to-noise
ratio (tSNR) and blood oxygenation level dependent (BOLD) signal changes compared to 2D
data. However, spatial filtering increased the number of brain voxels with higher tSNR and

BOLD signal changes in the 2D data more than in the 3D data. Despite this, both spatially
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smoothed 2D and 3D data resulted in similar activation maps, with the 3D data having fewer
false activations. To fully utilize the superior quality of the 3D BOLD signal, an optimized pre-
processing pipeline for 3D-EPI data needs to be developed.

Finally, the temporal resolution of snPMC was doubled by implementing double
volumetric self-navigators (dvsNavs) in our 3D-EPI sequence. The sequence adjusts its
imaging FOV twice per volume using motion parameters estimated through registering either
the first (dvsNavl) or second (dvsNav2) of the double volumetric self-navigators to their
respective references (i.e., dvsNavlg,r or dvsNav2g,r). Both reference self-navigators are
acquired and constructed during the first volume acquisition. Subsequent partitions, including
those used to construct the next volumetric self-navigator, are then acquired with the updated
FOV. The motion correction performance of the dvsNav 3D-EPI sequence was validated using
both phantom and in vivo data. Motion estimates during in vivo scans were compared to
retrospective estimates obtained from FLIRT. The phantom data showed successful motion
detection and correction, accurately identifying and correcting induced motions before
accumulation of the partitions for the next dvsNav. However, the in vivo data showed residual
motions above the acceptable thresholds (>10% of slice thickness or >0.2°) and between motion
estimates from the dvsNavs and FLIRT. We posit that these continuously pulsating motions
are likely physiological noise artifacts. However, the continuously pulsating motions detected
by the dvsNavs could be important inputs for modelling continuous motions that may
confound fMRI data. Future work should explore the continuous motion detection performance
of different configurations of the dvsNav 3D-EPI sequence.

Overall, an implementation of snPMC in 3D-EPI has been presented that can detect and
correct subject motion in real time, once or twice per volume, without the need for additional
hardware or RF and gradient pulses. The vSNav 3D-EPI implementation of snPMC was
shown to provide accurate and good quality fMRI data.
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