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Abstract
Diffusion tensor imaging (DTI) has emerged as a unique method to characterize
brain tissue microstructure non-invasively. DTI typically provides the ability to
study white matter structure with a standard voxel resolution of 8µL over imaging
field-of-views of the extent of the human brain. As such, it has long been recognized
as a promising tool not only in clinical research for the diagnostic and monitoring of
white matter diseases, but also for investigating the fundamental biological principles
underlying the organization of long and short-range cortical networks. However, the
complexity of brain structure within an MRI voxel makes it difficult to dissociate the
tissue origins of the measured anisotropy. The tensor characterization is a composite
result of proton pools in different tissue and cell structures with diverse diffusion
properties. As such, partial volume effects introduce a strong bias which can lead
to spurious measurements, especially in regions with a complex tissue structure such
as interdigitating crossing fibers or in convoluted cortical folds near the grey/white
matter interface.
This dissertation focuses on the design and development of acquisition and image
reconstruction strategies to improve the spatial resolution of diffusion imaging. After
a brief review of the theory of diffusion MRI and of the basic principles of streamline
tractography in the human brain, the main challenges to increasing the spatial resolution are discussed. A comprehensive characterization of artifacts due to motion and
field inhomogeneities is provided and novel corrective methods are proposed to enable
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the acquisition of diffusion weighted data with 2D multislice imaging techniques with
full brain coverage, increased SNR and high spatial resolutions of 1.25  1.25  1.25
mm3 within an acceptable scan time. The method is extended to a multishot kz encoded 3D multislab spiral DTI and evaluated in normal human volunteers.
To demonstrate the increased SNR and enhanced resolution capability of the proposed methods and more generally to assess the value of high-spatial resolution in
diffusion imaging, a study of cortical depth-dependence of fractional anisotropy was
performed at an unprecedented in-vivo inplane resolution of 0.390  0.390 µm2 and
an investigation of the trade-offs between spatial resolution and cortical specificity
was conducted within the connectome framework.
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“Synaptic connections are impenetrable jungles where many investigators have
lost themselves”, Ramón y Cajal, 1923
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1
Introduction

1.1 Background
Since its inception as a clinical diagnostic technology in the early 1980’s, Magnetic
Resonance Imaging (MRI) has developed into an indispensable non-invasive modality
with full three-dimensional capabilities and exquisite soft-tissue contrast. By varying
the data acquisition parameters of an MR scan, a wide variety of contrast mechanisms
can be generated and used to assess physiological or pathological characteristics of
tissue structure and function in vivo. While the most common clinical applications
of MRI still primarily rely on T1/T2-weighted and proton density contrasts, MRI
also offers great sensitivity to complex dynamic processes such as perfusion, blood
flow and molecular diffusion.
In particular, owing to its ability to probe the orientation of axonal pathways
throughout the entire brain (Basser et al., 1994), diffusion MRI has rapidly emerged
as a unique tool for mapping structural connections between distinct cortical regions
distributed over distances ranging from a few millimeters up to several centimeters.
The human cerebral cortex is made up of a seemingly inextricable ensemble of ap-
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proximately 10 billion of such connections. There is a tremendous interest among the
neuroscientific community in studying this network of microcircuits and long-range
pathways, which is also known as the human connectome (Sporns et al., 2005). Although diffusion MRI is too coarse to map synaptic connections in-vivo, it permits
the reconstruction of a low-resolution estimate of the full brain connectome, the
characterization of which carries great potential both to further our understanding
of normal and pathologic neuroanatomy and to identify biomarkers of brain diseases.

Figure 1.1: Extraction of the whole-brain structural connectivity network.
Adapted from (Hagmann et al., 2008)
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Truthful depiction of the connectome heavily relies on the quality and completeness of the tractography data. As such, it is prone to the inherent limitations of
conventional diffusion acquisition techniques and post-processing algorithms. In particular, the inability to disambiguate complex fiber pathways in highly convoluted
cortical folds can be detrimental to the reconstruction of the structural connectome.
For example, short association fibers, or U-fibers, connecting adjacent areas are often missed or mischaracterized. Fiber incoherence can also lead to the creation of
spurious connections or even to an underestimation of fiber density whenever tracts
are terminated before reaching the grey/white matter interface (Gigandet et al.,
2008). Advanced diffusion MRI techniques such as HARDI (Frank, 2002))/QBI
(Tuch, 2004)/DSI (Wedeen et al., 2008))/PAS (Parker and Alexander, 2005) may
overcome some of these shortcomings by estimating the diffusion spectrum without making any assumption about the modes of diffusion within a given voxel, but
they can be prohibitively time-consuming, and still cannot resolve curved fibers or
differentiate crossing from kissing bundles. In comparison, sufficiently high spatial
resolution (e.g., 1mm3 ) may be the only viable solution to potentially address both
issues.
The reliable inference of brain connectivity estimates hinges on the ability to acquire high-spatial fidelity diffusion-weighted images. Unfortunately this requirement
is often compromised with the current diffusion MRI acquisition methods because
of intrinsic technical limitations of the imaging system (Jezzard and Balaban, 1995)
such as low SNR, long TE and long readout time which are exacerbated at highresolution. To date, most DTI scans are performed with fast single-shot imaging
techniques such as echo-planar imaging (EPI), which suffers from geometric distortions due to B0 inhomogeneities, as well as eddy-current effects that are dependent
on the amplitude and direction of the diffusion weighting gradients (Haselgrove and
Moore, 1996; Reese et al., 2002; Rohde et al., 2005). They are also further compli3

Figure 1.2: Schematic illustration of the anatomical subtypes of cortical fiber pathways in the human brain.

cated by dynamic B0 instability from brain physiology. The resultant misregistration
between different diffusion directions leads to errors in the derivation of the diffusion tensor, fractional anisotropy (FA), and mean diffusivity (MD) in all voxels, and
consequently also in fiber tracking procedures. Finding effective and efficient data
acquisition and correction methods is critical to map complex neuronal pathways
and enhance the robustness of connectome-based statistics.
Motion during the scan is another obstacle to high-resolution DTI. Unlike functional MRI, where motion can easily be estimated and corrected in a post-processing
step, images in DTI are typically very noisy and their contrast changes drastically
under the effect of different diffusion-weighting directions, thereby precluding the use
of target-based registration algorithms. In addition, because of the strong diffusionsensitizing gradients used in DTI, even small-scale motions result in significant phase
changes, producing various types of artifacts (Anderson and Gore, 1994; Le Bihan
et al., 2006) depending on the pulse sequence design (e.g., EPI vs. spiral; 2D vs. 3D
imaging; single vs. multi-shot imaging) and the spatial parameters of motion (e.g.,
4

global vs. local motion). These motion artifacts can be especially pronounced in
brain stem regions with large pulsatile effects and in any clinical population, such as
pediatrics, where patients cannot follow instructions to remain still during the scan.
Thus, effective solutions that can reduce motion sensitivity are critical in ensuring
the success of high-resolution DTI.

1.2 Outline
This dissertation can be divided into three parts. The first part briefly covers the
key concepts of diffusion MR acquisition as well as some of the mathematical models commonly employed to link diffusion weighted measurements to the underlying
tissue microstructure. The second part presents an in-depth analysis of the predominant factors hampering the push for higher spatial resolution with current DWI
acquisition techniques. The third part introduces a novel class of acquisition methodology leveraging an inherent phase navigation capability to address the challenges of
multishot high-resolution DTI. An integrated image reconstruction framework combining motion-induced phase correction and the mitigation of dynamic off-resonances
is also described. This newly-developed technique leads to image quality improvements which are demonstrated via simulations and in vivo experiments. Finally,
the high-resolution performance of the proposed methodology is assessed by exploring neuroscientific applications which were previously elusive with conventional DWI
methods. The overall structure of this dissertation is organized in 7 chapters:
Chapter 1: Introduction
This chapter provides the fundamental motivations for the research, sets the aims
for the present dissertation and lays out a synopsis of its content.
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Chapter 2: Diffusion MRI
This chapter briefly reviews the concepts of molecular diffusion theory, the basic
principles of diffusion weighted MRI acquisition, the key parameters to characterize
tissues of interest and also describes the relevant mathematical models commonly
used to estimate the diffusion probability distribution function from the measured
signal.
Chapter 3: Challenges of high-resolution in-vivo DTI
This chapter describes the theoretical background underlying common image artifacts caused by B0 field inhomogeneities and time-varying residual fields induced by
the strong diffusion weighting gradients. An algorithm to compensate for dynamic
off-resonances in spiral trajectories is proposed and its effectiveness in deblurring
in vivo diffusion weighted images of the human brain is demonstrated. Finally, an
explicit formulation of phase errors resulting from head motion during the diffusion
encoding periods is derived and the implications for high-resolution k-space sampling
strategies are discussed.
Chapter 4: Overcoming the challenges of high-resolution DTI
This chapter introduces a new class of methods enabling the estimation and compensation of motion-induced phase errors without the need for oversampling the center of
k-space. More specifically, two methods are presented which are respectively applicable to multi-shot cartesian and non-cartesian trajectories. Simulation, phantom and
high-resolution in vivo DTI results are presented and compared with conventional
methods.
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Chapter 5: High-resolution structural connectivity mapping
The effects of spatial resolution on short-range fiber tractography and human brain
connectome reconstruction are investigated. In vivo results are presented towards
achieving high spatial resolution and fidelity, and their benefits are evaluated in
generating greatly improved short-range cortical connectivity.
Chapter 6: Laminar specificity in the cerebral cortex
The goal of the present study is to investigate the cortical depth dependence of
diffusion anisotropy in cortical GM in the human brain in vivo on a clinical (3T)
scanner. To this end, we use a novel multi-shot constant-density spiral DTI technique
with inherent correction of motion-induced phase errors to achieve a high resolution,
SNR, and spatial fidelity, without requiring a variable-density spiral trajectory or a
navigator echo, and hence an excessively long scan time.
Chapter 7: Conclusion and recommendations
Several important considerations stemming from this dissertation work are summarized and put in the broader context of the future of the Human Connectome Project.

1.3 Contributions
The main contributions of this thesis can be summarized as follows:
• Development of a method for inherent mitigation of motion-induced phase
errors in multi-shot segmented diffusion weighted Echo Planar Imaging (EPI).
• Development of a low-distortion high-SNR method for inherent mitigation of
motion-induced phase errors in multi-shot segmented diffusion spiral imaging
to enable high spatial resolution in the human brain in-vivo in an acceptable
scan time.
7

• Development of a multi-slab 3d kz-encoded spiral diffusion weighted sequence
for high SNR high spatial resolution DTI.
• Demonstration of the impact of spatial resolution on the delineation of white
matter fiber bundles in high curvature areas.
• Application of high-resolution DTI to study the cortical depth dependence of
diffusion anisotropy in the human brain in-vivo.
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2
Diffusion MRI

This chapter briefly introduces the fundamental principles of molecular diffusion
theory and the basic principles of diffusion measurement acquisition with MRI. We
focus on the existing mathematical models most commonly used to estimate the
diffusion probability density function from the measured signal and describe how
these can be applied to characterize white matter microstructure in the cerebellar
cortex. For a more detailed description of the physics of Nuclear Magnetic Resonance
(NMR), MRI and diffusion, the reader is referred to the existing literature (Le Bihan,
1995, 2007; Haacke et al., 1999). Finally, trade-offs between spatial and angular
resolution are discussed with important implications for the accuracy of streamline
tractography in the presence of partial volume effects.

2.1 The concept of molecular diffusion
Molecular diffusion refers to the random translational motion of molecules, also called
Brownian motion, which results from the thermal energy carried by these molecules.
Molecules travel randomly in space over a distance that is statistically well described
by a “diffusion coefficient” (D). This coefficient depends only on the size (mass) of
9

the molecules, the temperature and the nature (viscosity) of the medium.
2.1.1

Fick’s law and the diffusion equation

Fick’s first law describes the dependence of the molecular flux J on the molecular
concentration gradient ∇C:
J

 D∇C

(2.1)

with D being the diffusion coefficient, or diffusivity. In a closed system, the
number of particles is conserved. This is described by the continuity equation, which
states that the divergence of the flux is equal to the negative rate of change of the
concentration:

BC  ∇  C
Bt

(2.2)

Considering the diffusion coefficient D as a constant and combining Equation 2.2
with Fick’s first law leads to the diffusion equation:

BC  ∇2  C
Bt

(2.3)

In the case of an unbounded medium with spatially uniform diffusivity, we can
easily compute the solution of the diffusion equation. Setting the initial condition
C pr, 0q  δ pr  r0 q, where r denotes the position, we obtain:
C pr, tq 



?1
4πDt



3

exp

q.pr  r0q
 pr  r04Dt

(2.4)

which indicates that the concentration spreads with time as a dilating Gaussian
distribution. This equation suggests that we can determine the diffusion coefficient
D by measuring the evolution of the concentration, using for example radioactive
or fluorescent tracers. Although these techniques have been used to map neural
circuitry in post-mortem specimens, they are inherently invasive and are therefore
not suitable for in vivo studies.
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2.1.2

Brownian motion

Another approach consists in measuring the diffusion coefficient by monitoring the
diffusion process itself. Indeed, whereas under equilibrium conditions the macroscopic description would suggest no diffusion, the molecules still exhibit a random
motion caused by thermal energy. This phenomenon, illustrated in Figure 2.1, is
called Brownian motion, from the name of the botanist Robert Brown, who first reported on this random movement of particles. In 1905, Albert Einstein showed that
the diffusion coefficient defined in Equation 2.3 also appears in the variance of the
conditional probability distribution P pr|r0 , tq, the probability of finding a molecule
at a position r at time t given its initial position r0 . Moreover, in the case of free
diffusion, this conditional probability distribution follows the same Gaussian distribution as the one describing the concentration. From this constatation results a
relation between the diffusion coefficient D and the root mean square of the diffusion
distance, as follows:

pr  r0q.pr  r0q ¡ 6D.t

(2.5)

From this equation, we directly understand that we can infer the diffusion coefficient
from the measurement of the displacement of the molecules. NMR, which is currently
the only tool allowing the noninvasive measurement of molecular displacements in
the micron range, is thus a perfect candidate for the study of diffusion in vivo.

2.2 Diffusion in brain tissue
From histological studies we know that biological tissues are highly heterogenous.
They are composed of different compartments with specific diffusion coefficients, e.g.
intracellular and extracellular volumes, glial cells, axons, neurons. In such an heterogenous medium, the Brownian motion of water molecules is strongly influenced
by the environment, since the particles will bounce off, cross and interact with tissue
11
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Figure 2.1: Simulation of the 3D brownian motion of 10 particles
components such as cell membranes, fibers and macromolecules. These interactions
significantly reduce the diffusion distance compared to the free diffusion case, and in
general the diffusion displacement does no longer follow a Gaussian distribution. In
this case, we speak of restricted diffusion. It is worthwhile to note that this effect
is observed only with long enough diffusion times, so that water molecules have the
time to probe the local environment. A particularly interesting case is the neural
tissue, which consists in a specific organization of parallel bundles made of tightly
packed axonal fibers. This coherently ordered arrangement of fibers found in nerve
and white matter (WM) significantly affects the diffusion, which is faster in the direction of the fibers than in the transverse direction, a phenomenon also known as
anisotropic diffusion. Whereas the anisotropy is undoubtedly related to the orien12

tational property of the neural tissue, the contributions of the tissue microstructure
components to the anisotropic diffusion are still not clearly defined. Several studies
tend to demonstrate that the axonal cellular membranes, that restrict water diffusion both in the intracellular and extracellular volumes, constitute the major source
of anisotropy (Beaulieu, 2002). The myelin sheath that surrounds the axons and
which is composed of numerous lipid bilayers probably also modulate the degree of
anisotropy. However, more than the anisotropy, diffusion measurements in the brain
WM allow us to obtain the main directions of diffusivity, which provides us with
an information about the orientation of the axonal bundles. This information is of
the highest importance for the understanding of brain anatomical connectivity, and
opens a way towards the study of normal or pathologic neuroanatomy.

2.3 Measuring apparent diffusion with MRI
Introduced in the 1970s [136], MRI is a powerful tool allowing the study of the
anatomy in vivo with a sub-millimetric spatial resolution. This is achieved by perturbing with electromagnetic waves the magnetization of water hydrogen nuclei induced in a strong and homogenous magnetic field. Depending on the nature of the
biological tissue, the speed to which the water magnetization returns to the equilibrium state varies. This property, called the relaxation time, is the basis for the
contrast of anatomical MRI. For more details on MRI, please refer to [35].
2.3.1

Diffusion contrast

In order to enable the measurement of diffusion with MRI, it is sufficient to add a
pair of sharp magnetic field gradient pulses to a conventional MRI sequence [200],
such as a simple Pulsed Gradient Spin Echo (PGSE), as depicted in Figure 2.3. The
gradient vector is denoted by g, and the pulse spacing and duration by ∆ and δ,
respectively. The first pulse magnetically labels spins carried by molecules according
13

to their spatial location, since the magnetic field varies along one direction. The
resulting phase shift is given by:

φ1

 γg.

»δ
0

xptqdt,

(2.6)

where x(t) is the spin position at time t and γ (MHz/T) is the gyromagnetic ratio.
The phase shift φ1 is then reverted by the π pulse, thus transformed into φ1 . Next,
the second pulse produces a phase shift φ2 :
φ2

 γg.

»∆
∆

δ

xptqdt,

(2.7)

resulting in a net dephasing δ pφq:
δ pφq  φ2  φ1

 γg.

π/2

» ∆
∆

δ

xptqdt 

»δ
0



xptqdt

(2.8)

π
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G
t

0

δ

Δ

Δ+δ

Figure 2.2: Time diagram of the Stejskal and Tanner pulsed gradient spin echo
(PGSE) sequence. ∆ and δ are the pulse spacing and pulse duration, respectively.

For a moment, let us consider that the pulse duration δ is negligible compared
to the pulse spacing, that is δ

! ∆, also called narrow pulse approximation. In this
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case, we can show that the net dephasing is proportional to the spin displacement r,
as follows:
δ pφq  γδg. rxp∆q  xp0qs  q.r,

(2.9)

where q  γδg is defined as the gradient wave vector.
2.3.2

MR signal attenuation

The MR signal results from the voxel average (

.

¡) dephasing of the individual

spins and is given by:
S∆ pqq  S0

eiδpφq

¡

(2.10)

where S0 is a constant that can be computed by the spin echo experiment without
applying the diffusion weighting, i.e. without applying the pair of gradient pulses.
Pursuing with the narrow pulse approximation and considering the voxel average as
an expectation E pq, we can see that the MR signal is proportional to the characteristic
function of the spin displacement r (Wedeen et al., 2005). This yields a Fourier
relationship between the MR signal S∆ and the underlying density p̄∆prq, as follows:
S∆ pqq



S0 E peiδpφq q



S0

»

<3

(2.11)

p̄∆prq exp piq.rq d3 r

(2.12)

with p̄∆prq representing the density of the average relative spin displacement in a
voxel. In other words, this term can be seen as the voxel average of the individual
spin conditional probability distributions. When there is no net translation or flux,
it describes the voxel averaged diffusion process. In what follows, p̄∆prq will also be
called the average propagator, or diffusion spectrum.
In practice, magnetic gradient pulses must have a non-negligible duration in order
to produce measurable diffusion sensitization. As a consequence, the narrow pulse
approximation is no longer verified, and we have δ
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∆. In that case, we must

replace the displacement vector r by the average dynamic spin displacement:
r



1
δ

»∆
∆

δ

xptqdt 

1
δ

»δ
0

xptqdt

(2.13)

r now represents the displacement between the spin mean position during the first
pulse and the spin mean position during the second pulse. Considering Equation
2.13, the description of the MR signal remains valid. However, we have to keep
in mind that for a given pulse spacing ∆ the longer the pulse duration δ, the less
contrasted the MR signal.

2.4 Modeling diffusion
In this section, we cover two distinct models of diffusion which provide the foundations for mainstream tractography applications.
2.4.1

The diffusion tensor

Introduced by Basser et al. in 1994 (Basser et al., 1994), the diffusion tensor model
is based on the hypothesis that diffusion is unrestricted, which allows to model the
diffusion by a Gaussian distribution. Although this assumption is not correct due
to the nature of biological tissues, DTI has proved to be very useful in the study of
diffusion in the human brain, e.g (Le Bihan, 2003; Le Bihan et al., 2001), and has
become a part of routine clinical research protocols.
As already mentioned, the diffusion in an unbounded medium is fully described
by the scalar diffusion coefficient D. However, in the case of an anisotropic medium,
the characterization of the diffusion requires a second order symmetric tensor, D,
which describes the diffusion along each direction. The average propagator p̄∆prq
for an anisotropic Gaussian diffusion is thus given by:
p̄∆prq 

1
a
exp
detp|D|p4π∆q3 q
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r

T

D 1 r
4∆

(2.14)

By replacing the average propagator in Equation 2.12, we can deduce the MR signal
under the narrow pulse approximation (δ

! ∆):

S∆ pqq  S0 exppq T Dq q
Since the diffusion tensor is a 3

3

(2.15)

symmetric matrix, six elements have to be

determined. As a consequence, at least six diffusion-weighted images with different
gradient orientations are needed in order to fully reconstruct the diffusion tensor.
An additional non-weighted image is also required to measure S0 . The gradient
directions are usually chosen so that they are uniformly distributed over a sphere.
The diffusion tensor is then evaluated by solving the system of equations given by
the signal in Equation 2.15. In practice, a higher number of gradient directions is
used in order to have a more reliable measurement. The various imaging parameters
are commonly described by a single scalar, the b-value (s/mm2 ), defined as follows:
b  ∆}q }2

 ∆γ 2δ2}g}2

(2.16)

For the Stejskal-Tanner scheme, ∆ is usually replaced in the b-value by the effective
diffusion time p∆  δ {3q, in order to compensate for the finite duration of the gradient
pulse (Mattiello et al., 1997).
2.4.2

Diffusion Spectrum Imaging (DSI)

As seen previously, the diffusion tensor model assumes that diffusion can be modeled
by a Gaussian, which is a function which admits only a single directional maximum.
As a consequence, the diffusion tensor model can only capture a single direction of
diffusion inside each imaging voxel. However, at the scale of an MR voxel (approximatively 2mm), there is typically a distribution of fiber orientations within each
voxel, due to partial volume effects between adjacent or crossing tracts (Frank, 2001;
Alexander et al., 2002). In this case, DTI measures the mean of the underlying fiber
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directions, which of course does not reflect the true direction of the axonal bundles.
Consequently, in voxels where there are more than one preferred fiber direction, the
diffusion contrast is lost. Recently, Behrens et al. (Behrens et al., 2007) showed that
one third of white matter voxels are affected by this problem. Diffusion spectrum
imaging is a model-free approach that allows to measure diffusion without making
any assumptions about the form of the underlying diffusion function. DSI has the
capacity to resolve multiple intravoxel fiber directions. As seen in Section 2.3.2, under the assumption of the narrow pulse approximation, there is a Fourier relationship
between the MR signal and the diffusion spectrum:
S∆ pqq  S0

»

p̄∆prq exp piq.rq d3 r

<3

(2.17)

We can therefore obtain the diffusion spectrum by taking the Fourier transform of
the MR signal, as follows:
p̄∆prq  S 1 p2π q3
0

»
<3

|S∆pqq| exp piq.rq d3q

(2.18)

Note that in the above equation, we replaced the MR signal by its modulus in order
to exclude phase shifts arising from tissue motion. Indeed, it has been shown that
the Fourier transform of the diffusion spectrum due to diffusion is real and positive
in the case of spin motion without net flux or intra-voxel incoherent motion (Wedeen
et al., 2005). Practically, the diffusion spectrum is obtained by sampling the q-space,
which is the space of the spin displacements. A typical way of achieving this consists
in taking the points of a cubic lattice within a sphere whose radius is n lattice units,
as follows:
q  aqx

bqy

cqz with

?

a2

b2

c2

¤ n,

(2.19)

with a, b, c integers and qx , qy , qz the unit diffusion sensitizing gradient vectors in
the respective coordinate directions. Note that the signal is usually pre-multiplied
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by a Hanning window before Fourier transformation in order to ensure a smooth
attenuation of the signal at high q-values.

2.5 Tracing White Matter pathways with tractography
2.5.1

Introduction

Fibre tracking, also known as tractography, has been widely embraced by the neuroscientific community in the recent years as a tool to study the neuronal pathways
between distant cortical regions. An application of particular interest is to examine
the existence of a connection between areas that are active during a specific fMRI
paradigm. The basic idea of tractography is to derive the principal diffusion direction in each voxel through diagonalization of the diffusion tensor and then use these
three-dimensional vector field maps to propagate continuous streamlines across subsequent voxels until a stopping criterion such as a curvature threshold or the interface
between white and gray matter has been reached.
2.5.2

The case for high spatial resolution

In diffusion MRI, voxel sizes are typically on the order of 2  2  2 mm3 which constitutes a crucial limitation for tractography. Indeed, the diameter of coherent white
matter fiber bundles is often much smaller than that, leading to unavoidable partial volume effects in voxels containing heterogeneous fiber orientation distributions.
Several models (Parker et al., 2003; Tournier et al., 2007; Behrens et al., 2007) have
been introduced to account for the presence of arbitrary numbers (often up to 2 or
3) of coherent fiber populations within a voxel. However, as illustrated in Figure 2.3,
even in the ideal - and highly unrealistic - case where the fiber orientation distribution within a voxel could be identified with complete accuracy, it would still remain
impossible to infer which points on the voxel interfaces these fibers would connect.
Recent pioneering diffusion imaging experiments conducted at ultra-high field
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Figure 2.3: Example of 3 configurations of 2 fiber populations intersecting within
a voxel which would lead to an identical fiber orientational density function, despite
vastly different conformations.

(7T) (Heidemann et al., 2012) have shown that increasing the spatial resolution of
diffusion MRI down to 1  1  1mm3 , while compromising on a lower yet sufficient
angular resolution to resolve a finite number of compartments per voxel, is a fairly
effective way to improve the reliability of tractography.
Despite these encouraging results, it should be noted however, that this technology
was limited to a restricted field of view using rare and expensive research-dedicated
ultra-high field equipment. Instead, the overarching goal of this thesis is to develop a
diffusion method with comparable sensitivity but applicable to the entire brain and
which can be readily deployed on standard clinical 3T scanners. To obtain reasonably
accurate tracks, several problems, such as SNR and dynamic off-resonances must be
addressed which are discussed in more details in the next chapter.
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3
Challenges of high-resolution in-vivo DTI

3.1 SNR
As for many other in-vivo imaging techniques, there are tradeoffs in MRI between
spatial resolution and SNR. Noise is particularly detrimental to the quality of the
diffusion tensor reconstruction, or any other method used to estimate the diffusion
probability density function, because they rely on the measured signal loss down to
levels close to the noise floor (Jones and Basser, 2004). Noise becomes even more
problematic in high-spatial resolution imaging since the source of the signal, i.e the
net proton magnetization, decreases linearly with the voxel volume. For example,
decreasing the length of the voxel edge from 2 to 1mm reduces the SNR by a factor of
8. However, attempting to palliate to the low SNR problem by simply averaging the
noisy magnitude images of multiple repeats would not work since the noise in those
images follow a Rician distribution by virtue of the quadrature MR signal detection
(Gudbjartsson and Patz, 1995), which is obtained from a real and imaginary channel
each corrupted by a zero-mean uncorrelated Gaussian noise. For this reason, a central
theme of this thesis is to promote robust methodology for averaging uncorrupted
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complex data immune to sources of phase errors such as physiological motion during
diffusion encoding periods or off-resonances caused by artifactual static and dynamic
fields.

3.2 Off-resonance artifacts
Susceptibility-induced off-resonances
DTI is typically performed with fast imaging sequences such as echo-planar imaging
(EPI), which can traverse the k-space in a single shot. The caveat of single-shot EPI
is that the minimum acquisition time needed to fill the k-space is on the order of
70ms for an image with a matrix size of 128  128 and a typical FOV=25.6cm. Using
parallel imaging with an acceleration factor of 2 and partial fourier encoding can
reduce the acquisition window but the EPI train still remains longer than about 30ms.
The long readout and the reduced bandwidth in the phase encoding direction for
single-shot imaging sequences can lead to geometric distortions that are particularly
severe near air-tissue boundaries such as in the frontal regions above the nasal cavity.
More importantly, these image artifacts are aggravated at higher image resolution
(e.g 256  256) due to the further increase in readout duration and the reduction
in readout bandwidth. A very effective way to address susceptibility-induced offresonances is to keep the readout length under 10ms by segmenting the acquisition
over several TR’s. However, doing so dramatically decreases imaging throughput
since a relatively smaller portion of the TR is used for spatial encoding compared to
the incompressible time spent for diffusion preparation. Thus, a robust off-resonance
compensation method would benefit high-resolution imaging throughput by reducing
the number of shots necessary for high-resolution multishot DWI, while effectively
preserving the sharpness of the PSF against susceptibility-induced blurring.
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Eddy current-induced off-resonances
DTI requires the acquisition of diffusion-weighted images sensitized along at least 6
different directions. This sensitization is accomplished by modulating the amplitudes
of the x, y and z gradient coils by various amounts (usually up to 5G/cm). Ramping
the diffusion weighting gradients up and down with a fast duty cycle inevitably
causes hysteresis effects with a characteristic decay overlapping with the duration
of the readout window. By virtue of the superposition principle, a spatially and
temporally varying eddy current field Beddy
(r) is inadvertently added to the spatial
0
encoding fields, thus resulting in severe geometric distortions and image blurring.
Since the eddy-current patterns vary across diffusion encoding directions as shown
in Figure 3.3, misregistrations among different diffusion-weighted images also occurs,
which compromise the reliability of voxelwise statistics.
Inherent and dynamic B0 mapping for multi-shot spiral DTI
Several correction methods have been proposed to mitigate the spatio-temporal field
perturbations in DWI. Some involve the acquisition of B0 maps with the same DW
gradients as the DTI scan (Chen et al., 2005) or the acquisition of two DTI datasets
with reversed phase-encoding directions (Gallichan et al., 2010). Although these
methods are somewhat effective, they assume that the eddy current perturbations
B0eddy remain constant within the readout window and consequently fall short of
correcting artifacts (e.g., blurring) caused by time-varying eddy currents. Another
strategy, also known as dual spin echo diffusion preparation, which is currently the
most common, relies on a modification of the single-shot diffusion pulse sequence
to accommodate 4 gradients with successive opposite polarities and choosing their
durations and separations such that the mono-exponential decay components of each
gradient’s eddy-currents cancel each other during the readout (Reese et al., 2002).
This method has 2 shortcomings: first, it assumes that eddy currents can be char23

acterized by a single decay constant although it is known not to be the case (Frank
et al., 2010). Secondly, balancing gradients of opposite polarity requires a twice refocusing scheme which typically delays the echo time by at least 20ms for a typical
b-value of 1000s/mm2 thereby causing a significant hit in SNR (e.g 22% loss of SNR
in WM since T2 WM

 80ms at 3T) and penalizing imaging throughput.

Recently, a novel dynamic B0 mapping and off-resonance correction method was
introduced (Truong et al., 2011a) to measure the exact spatial, temporal, and DW
direction dependence of B0susc and B0eddy and was shown to out-perform dual Spin
Echo DTI for addressing geometric distortions in EPI, while also preserving SNR.
We hereby present an extension of this method to spiral trajectory to enable artifact
free, high-throughput enhanced-SNR multishot spin-echo spiral DTI.
Dynamic B0eddy mapping
The first step consists in acquiring a series of dynamic B0eddy maps for a range of
time points spanning the DTI readout window and for each DW direction. To this
end, a train of diffusion-weighted asymmetric spin-echo images are acquired with
a multiecho spin-echo pulse sequence shown in Figure 3.1 at different time points
τm

 τ1, ..., τm spanning the readout duration Tacq of the DTI scan.

The resulting

phase images are then unwrapped along the time dimension and, for each time point
τm and DW direction d, fitted with:
φpr, t, dq  φ0 pr, τm , dq

γB0eddy pr, τm , dqt

where φ0 is a constant and t is a 5-point moving window τm

(3.1)

 τ1, ..., τm, to derive

a time series of B0eddy maps. The phase unwrapping and fitting are performed separately on odd and even echoes, which are acquired with readout gradients of opposite
polarity, to avoid errors due to off-resonance effects (as shown in different colors in
Figure 3.1). Although dynamic B0eddy maps could also be generated from successive
24
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the DTI scan (i.e with the same amplitude, duration, ramp times and separation)
but it is done only once on a phantom since these characteristics are scanner-specific
and remain very stable over time. Provided that complex raw data are saved, the
resulting B0eddy maps can then be repeatedly used to correct for artifacts caused by
time-varying eddy currents in all previous and subsequent DTI scans acquired with
the same protocol, without requiring any additional scan time. Furthermore, since
Beddy
varies slowly in space, the B0eddy mapping can be performed at a lower spatial
0
resolution than that of the DTI scan, which can be traded for a higher SNR and
a higher temporal resolution (because of the reduced echo spacing) to accurately
measure the temporal dependence of B0eddy within Tacq (Figure 3.2).
To remove any common B0 inhomogeneities not caused by the eddy currents,
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B0eddy (Hz) vs. time (ms) in different pixels

opxres=16, opnex=16, opyres=64, num_overscan=32

Figure 3.2: Typical dynamic B0eddy time courses in each voxel of the 16  16 eddycurrent map shown in Figure 3.3 for all 15 DW directions (in Hz).

such as those due to imperfect shimming, non-diffusion-weighted B0 maps of the
phantom are also acquired and are subtracted from the diffusion-weighted B0 maps
for all time points and DW directions. To improve the SNR, the resulting B0eddy maps
are then fitted with a third-order polynomial function in space within the phantom
and extrapolated outside the phantom. However, in contrast to existing eddy current
correction methods, the current method does not make any assumptions regarding
the temporal dependence of B0eddy , so that it can effectively correct for artifacts
caused by any time-varying eddy currents.
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B0eddy vs. time (horizontal) and diffusion direction (vertical)

opxres=16, opnex=16, opyres=64, num_overscan=32

Figure 3.3: 16  16 B0eddy maps showing the progression over time (horizontal) for
6 diffusion directions (vertical). The colormap ranges from [-30Hz 30Hz].
Static B0susc mapping
The second step consists in acquiring a static B0susc map by using the same pulse
sequence and post-processing method as for the dynamic B0eddy mapping, but by
simultaneously fitting all odd or even echoes with
φpr, tq  φ0 prq

γB0susc prqt

(3.2)

(instead of using a moving window) and by averaging the two resulting B0susc maps.
In contrast to eddy currents, since susceptibility effects depend on the subject being
imaged, but not on the DW gradients, this B0susc mapping is performed in vivo, but
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without diffusion-weighting. In addition, since B0susc can vary rapidly in space, but
does not vary in time, the B0susc mapping is performed at the same spatial resolution
as that of the DTI scan, but with fewer echoes than the dynamic B0eddy mapping.
The third step consists in using the static B0susc map and dynamic B0eddy maps
to correct for distortions and blurring artifacts in the DTI images caused by both
susceptibility effects and time-varying eddy currents (Figure 3.4). Specifically, for
each time point tn

 t1, ..., tN

corresponding to the acquisition of a spiral segment

in k-space and for each DW direction d, the uncorrected DTI image is multiplied by
exp riφpr, tn , dqs, where
φpr, tn , dq  γ

» tn 

B0susc

TE

prq

B0eddy

pr, t, dq



dt

(3.3)

Each of these N images is Fourier transformed to k-space, then inverse-gridded to
the spiral trajectory and the nth spiral segment (acquired at time tn ) is extracted
from the nth k-space to form a new k-space (shown in red in Figure 3.4), which
is gridded back to the cartesian grid and inverse Fourier transformed to yield the
corrected image. Gridding and inverse gridding are performed by convolution with a
Kaiser-bessel kernel (Beatty et al., 2005). The procedure is repeated for each spiral
shot and the resulting artifact-free aliases are combined to create the final image.
In vivo experiments
To validate the effectiveness of the proposed off-resonance correction method, a
healthy adult volunteer was scanned on a 3T MRI scanner equipped with a 32channel phased-array head coil and a gradient system with 50 mT/m maximum
amplitude and 200 T/m/s maximum slew rate. High-order shimming was applied to
minimize the global B0 inhomogeneity. Axial DTI images of the whole brain were
acquired with a multishot single spin-echo spiral imaging pulse sequence and the
following parameters: repetition time = 5.2 s, echo time = 51 ms, field of view =
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Figure 3.4: Correction of dynamic off-resonances in spiral imaging. G1 represents
the FFT followed by the inverse gridding operator whereas G is the gridding operator
followed by IFFT.
20.8  20.8 cm, matrix size = 208  208, slice thickness = 3 mm, number of slices

= 44, b-factor = 800s{mm2 . The k-space trajectory was a 6-shot constant-density
spiral-out trajectory with a relatively long readout duration of 25.2ms to emphasize
the benefits of employing the off-resonance compensation algorithm.
All images were reconstructed with a novel algorithm with inherent navigation
capability (described in section 4.4) to mitigate motion-induced phase errors. Sus29

ceptibility effects near air/tissue interfaces and time-varying eddy currents induced
by the diffusion-weighting gradients were then corrected with the dynamic B0 mapping and off-resonance correction method presented earlier in this section. Figure
3.5 shows the results before and after off-resonance compensation. Improvements are
clearly visible in the lower frontal regions where susceptibility effects are strong.

Figure 3.5: In vivo example of dynamic off-resonance correction in spiral imaging
showing the results of image compensation in a diffusion weighted image before
(bottom) and after correction (top).
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3.3 Physiological motion
In DWI, strong gradient pulses are added to sensitize the imaging pulse sequence
to the random motion of water molecules which typically diffuse over microscopic
distances during the encoding period. Unfortunately, these gradients are also sensitive to macroscopic motion such as involuntary head motion, cardiac-induced brain
pulsation and even the vibration of the scanner table (Mohammadi et al., 2012).
These problems were characterized very early on after the emergence of diffusion
MRI because multishot and Fast Spin Echo (which suffer other types of problems)
were the only acquisition modes available before the advent of fast single shot echo
planar imaging. However, even after the emergence of EPI and parallel imaging
methods which allow to freeze motion during the acquisition of an image albeit at
the expense of resolution trade-offs, these models of motion-induced errors remain
useful and valid. A comprehensive review of the implication of bulk motion in DWI
has been presented by (Norris, 2001). Interestingly, it is demonstrated that in order
to detect and measure the effect of water diffusion (which typically has a root mean
square displacement on the order of 10  25µm), the diffusion gradients must have a
considerable area to produce sufficient spin dephasing within a voxel. As an example,
a Pulse Gradient Spin Echo scheme with a b-value of 600 s/mm2 achieved using a
gradient amplitude of G=30 mT/m, δ=20ms and ∆=30ms, would permit such sensitivity to microscopic motions at the level of diffusion. However, in the presence of
motion, a phase shift of π {2 would result from a velocity of 0.25 mm/s. This degree
of phase sensitivity means that any bulk motion of this order (0.25 mm/s) will add
a significant phase shift to the MR signal, which can interfere with spatial encoding
and cause severe artifacts. An explicit description of motion-induced phase errors is
provided in this section.
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3.3.1

Effect of motion on diffusion encoding

When these confounding non-random motions are such that motions of spins within
an imaging voxel are incoherent, permanent signal loss occurs. Let’s assume a twospin system where spins are located initially at x1 and x2 respectively. If patient
motion or pulsation gives rise to coherent motion of spins within an imaging voxel,
a constant phase-offset is added to the net magnetization in that voxel:
φ1 pδ q


φ2 pδ q 

Gx1 δ

(3.4)

Gx2 δ

(3.5)

If both spins move coherently by α during the interval from the end of the first
diffusion gradient lobe to the beginning of the second gradient lobe, the phase of the
spins at the readout time then become:
φ1 p∆
φ2 p∆

δq


δq 

Gx1 δ  Gpx1
Gx2 δ  Gpx2

αqδ

 Gαδ
αqδ  Gαδ

(3.6)
(3.7)

In this simple example, we assume that the spins are static during the diffusion
weighting intervals. However, as long as the motion is coherent within a voxel,
the resulting effect of self-diffusing spins is still a constant phase-offset to the net
magnetization of that voxel. This is explicitly shown in the following analysis, which
follows the work of Anderson and Gore (Anderson and Gore, 1994).
3.3.2

Analysis of motion-related errors

To compensate for the above motion-induced phase errors (if any) in diffusionweighted data, we first summarize the analysis done by Anderson and Gore (Anderson and Gore, 1994) on the effects of these phase errors on the obtained k-space
data and the reconstructed images. The key assumption of the following analysis is
that the diffusion-weighted data only suffer from rigid body motion, meaning any
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types of motion that can be decomposed into a translation and a rotation, without
shearing or compressing the object. With this assumption, motions due to pulsation
(CSF, blood), which usually lead to tissue deformation, are excluded and have to be
handled separately.
To simplify the quantification of the motion of the imaged object and its resulting
effects on the acquired signal, four coordinate systems are introduced, two for the
image space and two for the k-space, respectively (Anderson and Gore, 1994):
• (X, Y, Z): Gradient coordinate system (G frame). X is the readout direction,
Y is the phase encode direction, and Z is the slice select direction. The origin
of this coordinate system is the point at which all encoding gradients are zero.
The coordinate unit vectors are X̂, Ŷ , Ẑ.
• (x,y,z): Head center coordinate system (H frame). For an axial slice, x direction is the objects posterior/anterior axis, y direction is the right/left axis, and
z direction is the inferior/superior axis. This coordinate system is rigidly attached to the imaged object and moves with the imaged object. The coordinate
unit vectors are x̂, ŷ, ẑ.
• pKx , Ky , Kz q: k-space coordinate system corresponding to the G frame.
• pkx , ky , kz q: k-space coordinate system corresponding to the H frame.
Initially, G and H coincide but throughout the diffusion encoding period, H may
deviate from the G frame. For small motion, any change in position of the object
(i.e the H frame assuming rigid body transformations) can be approximated as a
translation followed by a rotation. Considering an arbitrary point ~r in the H frame
at readout time, its corresponding position in the G frame can then be expressed as:
~ ptq  R~0 ptq
R
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θptq  ~r

(3.8)

where R~0 ptq and θ~ptq represent the changes in H frames origin and orientation as
compared to G frame and:
~ 0 ptq  X0 ptqX̂
R
θ~0 ptq 

Y0 ptqŶ

θx ptqx̂

Z0 ptqẐ

θy ptqŷ

(3.9)

θz ptqẑ

where X0 ptq, Y0 ptq, Z0 ptq are translations in X̂, Ŷ , Ẑ directions respectively and θˆx ptq,
θˆy ptq, θˆz ptq are rotations around X̂, Ŷ , Ẑ. Equation 3.8 is valid only if the rotations
involved in the motion are small, which is a reasonable assumption in practice:

@t, θxptq ! 1
@t, θy ptq ! 1
@t, θz ptq ! 1

(3.10)

Because G frame and H frame are detached, the transverse magnetization will
have different spatial frequency representations in the two coordinate frames. Let
S pKx , Ky , Kz q and spkx , ky , kz q be the acquired signal in the pKx , Ky , Kz q and pkx , ky , kz q
coordinates, respectively. Because the H frame moves with the object, the signal in
the body frame is unaffected by motion and correctly represents the object. However, the signal is acquired in the G frame, which is affected by both translations and
rotations. Such transformations result in a phase error in the acquired signal in the
reciprocal coordinates of the G frame, whereby the corrupted signal takes the form:
S pKx , Ky q 

»

ρpx, y qejφpx,y,zq ej2πrKx x

~ ptq
Denoting the diffusion gradient as G

 GxptqX̂

Ky y

s dxdydz

Gy ptqŶ

(3.11)

Gz ptqẐ, the phase

error caused by motion is then:
φpx, y, z q  γ

»
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~ ptq.R
~ ptq
G

(3.12)

Using equations 3.8 and 3.9, the phase error in 3.12 can be rewritten as:
ϕpx, y, z q



»

γ
»



~ ptq R
~ 0 ptq
G



γ



∆ϕx

where:

∆ϕy

γ

(3.13)


~ ptqdt .~r
~ ptq  theta
G

(3.14)

∆~k.~r

∆ϕz

(3.15)

,
/
γ Gx t X0 t dt /
/
/
/
/
/
/
/
»
.
»



∆ϕy

γ

∆ϕz



γ

 »

~ ptqR̂0 ptqdt
G

∆ϕx

∆~k

θ~ptq  ~r dt

pq pq

Gy ptqY0 ptqdt

/
/
/
/
/
»
/
/
/
γ Gz t Z0 t dt /
-

phase offsets

(3.16)

k-space shifts

(3.17)

pq pq

»

~ ptq  θ~ptqdt
G

*

which means:
»

∆kx

 γ rGy ptqθz ptq  Gz ptqθy ptqs dt
»

∆ky

 γ rGz ptqθxptq  Gxptqθz ptqs dt

(3.18)

»

∆kz

 γ rGxptqθy ptq  Gy ptqθxptqs dt

From equations 3.16 and 3.18, the ϕx , ϕy , ϕz phase errors are due to translation while
the ∆kx , ∆ky , ∆kz k-space shift errors are due to rotation. The corrupted signal now
can be written as (Anderson and Gore, 1994):
S pKx , Ky q  e p

j ∆ϕx ∆ϕy ∆ϕz

q

»

 »
j2π∆kz z

e

dz .

ρpx, y qej2πrpKx

q pKy

∆kx x

q s dxdy

∆ky y

(3.19)
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Denoting the slice thickness as ∆z, the effect of through-plane k-space shifts in a 2D
acquisition are then:
Ap∆kz , ∆z q 

» ∆z {2

∆z{2

ej∆kz z dz

 ∆z sinc



(3.20)
1
∆kz ∆z
2

which shows that through-plane k-space shift leads to signal attenuation. The overall
effect of rigid body motion on diffusion-weighted k-space data is then:
»

S pKx , Ky q  Ap∆kz , ∆z q e p

j ∆ϕx ∆ϕy ∆ϕz

 Ap∆kz , ∆zq ejp∆ϕx

∆ϕy ∆ϕz

ρpx, y qej2πrpKx

spKx

∆kx , Ky

q pKy

∆kx x

q s dxdy

∆ky y

∆ky q
(3.21)

where spKx , Ky q is the uncorrupted k-space data.

In conclusion, in a small motion approximation, a translation of the imaging
object during diffusion encoding will lead to a phase-offset in k-space, and a rotation
of the imaging object during diffusion encoding will lead to a k-space shift. For a
single-shot acquisition, the image affected by motion-induced phase errors Ĩpx, y q can

be related to the true image Ipx, y q as follows:
"

Ĩpx, y q  F Ap∆kz , ∆z qe

j∆ϕ

spKx

 Ap∆kz , ∆zq ejr∆ϕ2πp∆k x
x

where ∆ϕ

 ∆ϕx

∆ϕy

∆kx , Ky
∆ky y

∆ky q

*

(3.22)

qs Ipx, y q

∆ϕz . Therefore, small translations and rotations of the

head during diffusion encoding lead respectively to a phase offset and a phase ramp
in the image domain.
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3.3.3

Implications for multishot DWI

Multi-shot acquisition is often required to reduce the readout duration for example
to limit the distortions due to severe magnetic susceptibility effects or to extended
the k-space coverage for high-resolution purposes. In multishot DWI, which consists
of segmenting the acquisition of the full k-space across multiple diffusion encoding
repeats, subject motion might change from TR to TR, thus leading to distinct phase

plq plq

patterns in the field of view. Let kx , ky be the vector coordinates of the k-space
trajectory of shot l in an N-shot DWI. The corrupted k-space data of shot l is:
plq

S pkxplq , kyplq q  Ap∆kzplq , ∆z qej∆ϕ spkxplq

∆kxplq , kyplq

∆kyplq q

(3.23)

The reconstructed image from the received signal of shot l with motion errors then
is:

"

*

pl q
I˜plq px, y q F Ap∆kzplq , ∆z qej∆ϕ spkxplq  ∆kxplq , kyplq  ∆kyplq q

Ap∆kplq, ∆zqejr∆ϕplq

2π ∆kx

Ap∆kzplq, ∆zqejr∆ϕp q

2π ∆kx

z

l

p plq qx

∆ky

p plq qx

∆ky

pl q q y

"

sF spkxplq, kyplqq

*

(3.24)

s p q

pl q q y p l q
I x, y

F is the Fourier transform operator, and I˜plq px, y q and I plq px, y q are the corrupted
and ideal uncorrupted reconstructed images from shot l respectively. The corrupted
composite image obtained from the complex sum of all corrupted shots is then:
I˜px, y q 

N
¸



Ap∆kzplq , ∆z q ej r∆ϕ

pl q

p

p lq

plq

2π ∆kx x ∆ky y

qs I plqpx, yq

(3.25)

l 1

Equation 3.25 shows that both motion-induced phase errors and signal attenuation
spoil the magnitude of the composite multishot diffusion-weighted image. Since
diffusion is measured as a signal attenuation in the magnitude images, as seen in
section 2.3.1, it is therefore crucial to elaborate strategies to mitigate the effects of
motion during diffusion encoding, which is the topic of the next chapter.
37

4
Overcoming the challenges of high-resolution DTI

4.1 Retrospective correction of phase errors
To date DTI acquisitions have been mostly carried out using single-shot acquisition
methodology to freeze motion and reduce scan time. Despite the development of
parallel imaging techniques, single-shot EPI remains limited in its spatial resolution
especially because irremediable distortions would ineluctably occur when the readout
window becomes too long (e.g matrix sizes larger than 128  128). As an alternative, segmented acquisition schemes could be utilized for high-resolution applications.
However, it has thus far been difficult to robustly acquire multi-shot DTI images due
to the non-trivial problem of correcting shot-to-shot phase variations in the presence
of motion-sensitive diffusion gradients (as seen in section 3.3.1), and also because of
unpractical increase in scan time.
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4.2 Inherent correction of phase errors in echo-planar imaging
Advances in parallel imaging echo planar imaging (EPI) techniques have enabled
higher spatial resolution and fidelity using under-sampled k-space data at a chosen
acceleration factor (Griswold, 2007). However, when using a lower acceleration factor (e.g: 2), parallel DWI is still limited by geometric distortions (see section 3.2)
and a broadened point-spread-function. On the other hand, using a higher acceleration factor would inadvertently amplify the noise in reconstructed parallel MR
images. To uproot these limitations and address the amplified shot-to-shot motioninduced phase variations in high resolution DWI data, multi-shot techniques such as
interleaved EPI, interleaved spiral imaging, PROPELLER, and fast spin-echo pulse
sequences with embedded or inherent low-resolution navigator echoes have been developed (Pipe et al., 2001; Jeong et al., 2012; Porter and Heidemann, 2009; Atkinson
et al., 2000). However, navigator-echo based correction can fail if the motions differ between the navigation and the actual DWI data acquisition. Alternative phase
correction schemes without using navigator echoes have also been proposed. For example, it has been shown that the linear terms of motion-induced phase errors may
be estimated from interleaved DWI with an iterative, and often time-consuming,
computation algorithm in post-processing without navigation. However, this iterative computation framework may not be effective in correcting nonlinear phase errors
resulting from local motions in multi-shot DWI data. It has been shown that linear
and nonlinear phase variations in multi-shot DWI can be inherently estimated from
the embedded low-resolution signals of variable-density spiral imaging (Miller et al.,
2003; Liu et al., 2004a; Frank et al., 2010). A potential concern with the variabledensity spiral imaging methods is that the imaging throughput may be compromised
when a high-resolution navigator echo is desired.
To address the aforementioned technical challenges, a novel interleaved DWI tech39

nique enabled by multiplexed sensitivity-encoding (MUSE) is introduced, aiming
at achieving high spatial resolution, high SNR, high spatial fidelity, and minimal
motion-induced phase errors - all inherently without the need for navigator echoes.
The developed MUSE method first uses the conventional SENSE technique (Pruessmann et al., 1999) to estimate the motion-induced phase variations among multiple
EPI segments, and then jointly calculates the magnitude signals of aliased voxels
(due to intra-scan motion) simultaneously from all segments of interleaved EPI. In
comparison to the conventional SENSE procedure, the MUSE method has a greatly
improved matrix inversion conditioning and thus can produce DWI images at higher
SNR. As compared with existing navigator-based interleaved DWI methods, our
technique enables interleaved DWI without any pulse sequence modification.
4.2.1

Theory

DWI data obtained with an interleaved EPI pulse sequence are highly susceptible
to aliasing artifacts as the result of amplified shot-to-shot motion-induced phase
variations in the presence of strong diffusion weighting gradients. Here, without
loss of generality for multi-shot acquisitions, we discuss a simplified procedure for
reconstructing aliasing-free images from DWI data obtained with a 2-shot interleaved
EPI sequence using a three-channel coil. This procedure can be readily adapted
to more interleaves and larger coil arrays, as shown in our experimental results.
Aliased images obtained from the first and second segments of 2-shot interleaved
EPI are represented by equations 4.1 and 4.2, respectively, where uj are aliased
signals detected by the j th coil ( j



1, 2, 3) from the first EPI segment; vj are

aliased signals detected by the j th coil ( j

 1, 2, 3) from the second EPI segment; Sj

are the coil sensitivity profiles for the j th coil; and p and q are un-aliased full-FOV
images that we plan to reconstruct.
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uj px, y q  Sj px, y qppx, y q

Sj px, y

F OVy
qppx, y
2

F OVy
q
2

(4.1)

vj px, y q  Sj px, y qq px, y q

Sj px, y

F OVy
qqpx, y
2

F OVy
q
2

(4.2)

Note that the sign before the Sj px, y

F OVy
2

q term differs between in 4.1 and 4.2,

because of the relative k-space trajectory shift between two EPI segments. With
known coil sensitivity profiles, one can estimate unaliased full-FOV images from the
acquired aliased signals using parallel MRI reconstruction. For example, the full-FOV
image p can be calculated from the first EPI segment using the SENSE technique
(Pruessmann et al., 1999), where the two unknowns (ppx, y q and ppx, y
determined from the three measured signals (uj px, y q with j

 1, 2, 3).

F OVy
2

q) are

Similarly,

the full-FOV image q can be calculated from the second EPI segment with SENSE.
Note that the full-FOV images p and q differ mainly by the motion-induced phase
inconsistencies between the two shots, as shown in Equations 4.4 and 4.5, where the
non-negative real number D represents the magnitude signal (i.e., the proton-density
weighted by diffusion contrast) that is expected to be consistent across multiple
EPI segments; θ and φ are the motion-induced phase errors that differ between
the two shots; and c represents the background phase value that is independent of
motion. The full-FOV images estimated by the SENSE method (ps and qs ) can be
represented by Equations 5 and 6, where np and nq are the SENSE-produced noises
that are usually significant when the number of unknowns (i.e., 2 in this example) is
not much smaller than the number of equations (i.e., 3 in this example).
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ppx, y q  Dpx, y qeiθpx,yq cpx,yq

(4.3)

q px, y q  Dpx, y qeiφpx,yq cpx,yq

(4.4)

ps px, y q  ppx, y q

np px, y q

(4.5)

qs px, y q  ppx, y q

nq px, y q

(4.6)

Even though the full-FOV images estimated by the SENSE method are susceptible to undesirable noise amplification, the shot-to-shot phase inconsistencies, which
are expected to be spatially smooth, can be reliably estimated with Equations 4.7
and 4.8, where TV represents the denoising operation based on total variation (Rudin
et al., 1992).

eiθpx,yq cpx,yq

y qq
 |TT VV ppppsppx,
x, y qq|

(4.7)

y qq
 |TT VV ppqqsppx,
x, y qq|

(4.8)

s

eiφpx,yq cpx,yq

s

At this point, Equations 4.1 and 4.2 can be reformatted to equations 4.9 and
4.10.

uj px, y q 





vj px, y q 

Sj px, y





T V pps px, y qq
Sj px, y q
|T V ppspx, yqq|



 Dpx, yq

F OVy T V pps px, y
q
2
|T V ppspx, y

F OVy
2
F OVy
2

(4.9)


qq  Dpx, y
qq|



T V pqs px, y qq
Sj px, y q
|T V pqspx, yqq| Dpx, yq

Sj px, y

F OVy
q
2

F OVy T V pqs px, y
q
2
|T V pqspx, y
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(4.10)
F OVy
2
F OVy
2

qq
qq|



Dpx, y

F OVy
q
2

It can be seen that 4.9 and 4.10 have two common unknowns (i.e Dpx, y q and

Dpx, y

F OV y
2

q ), and thus can be solved jointly when the information on motion-

qq is incorporated). The above described proceinduced phase errors (e.g, |TT VV ppppss ppx,y
x,y qq|
dure, termed multiplexed sensitivity encoding (MUSE), has a significantly improved
matrix inversion condition (with 2 unknowns and 6 equations in this example) as
compared with the conventional SENSE procedure (with 2 unknowns and 3 equations in this example). Even though the concept of MUSE procedure is explained
here with 2-shot EPI as an example, the MUSE framework can be directly extended
to interleaved EPI with a larger number of segments. It should be noted that the
multiplexed sensitivity encoding method is a pure post-processing procedure, without
requiring hardware or pulse sequence modification, and is different from the recently
developed multiplexed EPI pulse sequence (Feinberg et al., 2010).
4.2.2

Methods

A series of experiments were conducted on 3 Tesla MRI systems (GEHC HD and
MR750, Waukesha, WI) to evaluate the developed MUSE method, as described
below.
A) To evaluate the performance of the developed technique, DTI images (0.86 

0.86  4mm3 ) were obtained from 6 healthy volunteers using an 8-channel receiver

coil. DTI images (with one baseline acquisition and 15 diffusion weighting directions
at a b-factor of either 500 or 1000 s/mm2 ) were acquired using a 4-shot interleaved EPI pulse sequence with a twice-refocused spin-echo scheme to minimize the
eddy current induced geometric distortions (Reese et al., 2002)). Scan parameters
included: number of partial-Fourier over-sampling ky lines 12, in-plane acquisition
matrix size 256  140 (i.e., 256  256 after partial-Fourier reconstruction for a 4-shot

scan), FOV 22  22 cm2 , axial-plane slice thickness 4mm, TR=5s, and TE=59.3ms.
The acquired data were processed with the following steps. First, a recently devel43

oped phase-cycled reconstruction procedure (Chen et al., 2011) was used to measure
the 2D phase errors resulting from odd-even echo inconsistencies in the baseline (i.e.
T2-weighted) image, and the measured information was then used to suppress the
Nyquist artifacts in both baseline and diffusion-weighted images. Second, the coilsensitivity profiles were estimated from the baseline T2-weighted images. Third,
using the conventional SENSE reconstruction procedure, four full-FOV images were
reconstructed from four DWI segments, and the shot-to-shot phase variations were
calculated with Equation 7, where the total variation algorithm was used to smooth
the complex images and phase-unwrapping was not needed. Fifth, the smoothed
phase maps (step 4) and the coil sensitivity profiles (step 2) were used to reconstruct
aliasing-free DWI images from the Nyquist-corrected DWI data, using the MUSE
algorithm. Sixth, the eigenvectors and the fractional anisotropy (FA) values were
calculated from the aliasing-free DTI data. Seventh, in order to illustrate the noise
reduction and SNR im- provement as an advantage by the MUSE procedure, another
set of aliasing-free DTI data was generated by summing the phase-corrected maps derived from four EPI segments with the conventional SENSE procedure (Holdsworth
et al., 2012)(i.e., in step 3 described above), and the quality of the resultant FA
maps were then assessed in terms of the tensor fitting residual errors (Andersson and
Skare, 2002; Mohammadi et al., 2010).
B) To test the capability of achieving high in-plane spatial-resolution with the
MUSE technique, DWI (0.375  0.375  5mm3 ) and DTI (0.3  0.3  8mm3 ) data were
acquired with 4-shot interleaved EPI from a healthy volunteer. The DWI data set,
consisting of 1 baseline image and 3 images with diffusion gradients at b=800s/mm2
applied along three orthogonal directions, was obtained using an 8-channel coil with
the following parameters: number of partial-Fourier over-sampling ky lines 12, inplane acquisition matrix size 512  268 (i.e., 512  512 after partial-Fourier reconstruction for a 4-shot scan), FOV 19.2  19.2cm2 , axial-plane slice thickness 5mm,
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TR=6.5s, and TE=74.3ms. The DTI data set, consisting of 4 baseline images and
15 DWI at b=500s, was obtained using an 8-channel coil with these scan parameters: number of partial-Fourier over-sampling ky lines 12, in-plane acquisition matrix
size 512  268 (i.e., 512  512 after partial-Fourier reconstruction for a 4-shot scan),
FOV 15.3  15.3cm2 , axial-plane slice thickness 8mm, TR=5 sec, and TE=75.5ms.
The developed MUSE method was used to reconstruct high-resolution DWI and DTI
maps, as described in A).
C) To test the reliability of the MUSE method for processing data at different
SNR levels, 7 DWI data sets were acquired from a healthy volunteer using an 8channel coil with b factors of 500, 750, 1000, 1250, 1500, 1750 and 2000s . Each DWI
dataset consisted of 1 baseline image and 3 images with diffusion gradients applied
along three orthogonal directions. Scan parameters included: number of partialFourier over-sampling ky lines 12, in-plane acquisition matrix size 384  204 (i.e.,
384  384 after partial-Fourier reconstruction for a 4-shot scan), FOV 19.2  19.2cm2 ,

axial-plane slice thickness 4mm, TR 5 sec, and TE ranging from 61.7 to 87ms. Images
reconstructed with the MUSE method and the conventional SENSE procedure were
compared in terms of the white-matter coefficient of variation (i.e., the ratio of
standard deviation to the mean signal intensity within white-matter ROIs).
D) To further assess the inherent SNR penalty resulting from either MUSE or
SENSE reconstruction, three sets of 4-shot spin-echo EPI data (without diffusion
sensitizing gradients) were acquired from a healthy volunteer using different receiver
coils: 8-channel GE coil; 32-channel GE coil; and 32-channel NOVA coil. Additionally, a 2-shot EPI data set was acquired with an 8-channel GE coil. Scan parameters included: number of partial-Fourier over-sampling ky lines 12, in-plane
acquisition matrix size 256  140 (i.e., 256  256 after partial-Fourier reconstruction

for a 4-shot scan), FOV 22  22 mm2 , axial-plane slice thickness 4mm, TR=5s, and
TE=59.3ms. Without applying diffusion-sensitizing gradients, interleaved EPI im45

ages reconstructed directly with 2D FFT (after Nyquist artifact removal) were free
from motion-induced aliasing artifact, and thus could be used as the reference to
quantify the SNR penalty in either MUSE or SENSE reconstruction.
4.2.3

Results

With the proposed MUSE procedure, the aliasing artifacts in interleaved EPI-based
DWI are reliably removed, as confirmed from the human experiments, and the produced images have higher SNR as compared with the SENSE-produced images, as
summarized below.
A) Figure 4.1a shows the Nyquist-corrected DWI images produced by the conventional interleaved EPI reconstruction (i.e., a direct k-space data combination followed
by 2D FFT), corresponding to 15 directions obtained from one repre- sentative participant. As expected, the levels of motion-induced aliasing artifacts vary significantly,
depending on the degree of intrascan motion. The ghost-to-signal ratio (GSR) is 0.36
0.13 in images shown in Figure 4.1a. Figure 4.1b shows that the motion-induced
aliasing artifacts can be effectively eliminated using MUSE, regardless of the levels
of aliasing artifacts in the raw DWI data. The GSR is 0.08 0.01 in images shown in
Figure 4.1b. It should be noted that even though the motion-induced aliasing artifacts can also be reduced (GSR: 0.19 0.01) with a conventional SENSE procedure,
the resultant images have significantly lower SNRs. Figures 4.1c and 4.1d compare
the colored FA maps produced with the conventional SENSE reconstruction (i.e.,
the combination of 4 images produced by applying SENSE to individual segments
as in (Holdsworth et al., 2012)) and the new MUSE technique, respectively. Further
analyses showed that, for white-matter voxels in this slice, the tensor fitting residual errors achieved with the MUSE method was 53% of that from the conventional
SENSE reconstruction (Andersson and Skare, 2002; Mohammadi et al., 2010)). It is
demonstrated that MUSE-enabled DWI has a significantly lower noise level as the
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Figure 4.1: (a): Four-shot interleaved DTI data (b = 500 s/mm2 ) of 15-direction
are susceptible to motion-induced phase errors. (b): Using the MUSE technique,
the motion-induced aliasing artifacts can be eliminated. (c): The FA map generated from the conventional SENSE reconstruction has a low SNR. (d): The SNR is
improved in FA map produced with the MUSE technique.
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result of improved conditioning for matrix inversion. Figures 4.2a and 4.2b show the
DTI images before and after applying the MUSE procedure, respectively, for another
slice that includes the brainstem and the eyes, and in which local motion artifacts
are prevalent. It can be seen that, because of the local motion, the aliasing artifacts
can be highly significant in many of the interleaved DWI images (Figure 4.2a, GSR:
0.360.22). Furthermore, the aliased signals of the eyes may destructively interfere
with the brain images. These aliasing artifacts can all be effectively eliminated by the
MUSE procedure, as demonstrated in Figure 4.2b (GSR: 0.050.01). Again, even

though the motion-induced aliasing artifact can also be suppressed (GSR: 0.130.01)
with the conventional SENSE reconstruction, the resultant DTI images and FA map

have lower SNR (Figure 4.2c) as compared with the MUSE produced results (Figure
4.2d). For white-matter voxels in this slice, the tensor fitting residual errors (Andersson and Skare, 2002; Mohammadi et al., 2010) achieved with the MUSE method
was 69% of that from the conventional SENSE reconstruction.
For a 2D 4-shot EPI of 256  256 matrix obtained with an 8-channel coil, the
data processing time was about 83s (including 20s for an iterative 2D phase-cycled
reconstruction and Nyquist artifact removal; 17s for initial SENSE estimation of shotto-shot phase variation, 10s for the total variation based noise reduction, and 36s for
the final MUSE reconstruction) with Matlab programs running in an Apple Macbook
Pro (2.7 GHz intel core i7 CPU; 8GB DDR3 memory). Note that the computation
time can be reduced by performing pre-processing steps (including 2D phase-cycled
reconstruction, initial SENSE based estimation of shot-to-shot phase variation, and
total variation based smoothing) only in the central portion of the k-space data. For
example, if the pre-processing steps were carried in the central 64  64 k-space matrix
and the calculated phase errors maps were subsequently interpolated to 256  256
matrices for the final MUSE reconstruction, then the total data processing time was
about 50s per slice (including 4s for the iterative 2D phase-cycled reconstruction
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Figure 4.2: (a): Pronounced motion-induced artifacts appear in interleaved DTI
when there exist local and nonlinear motions (e.g., in the brainstem). (b): The
aliasing artifact can be eliminated with the MUSE technique. (c): The SNR is low
in the FA map produced with the conventional SENSE procedure. (d): Using the
MUSE technique, the FA map of high-SNR can be achieved.
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and Nyquist artifact removal; 3s for initial SENSE estimation of shot-to-shot phase
variation, 7s for the total variation based noise reduction, and 36s for the MUSE
reconstruction).

Figure 4.3: (a): DWI data of high in-plane resolution (voxel size: 0.375  0.375 
5mm3 ; b  800 sec/mm2 ) provides good anatomic resolvability. (b): The lowresolution reconstruction of the same data set (voxel size: 1.5  1.5  5mm3 ) cannot
reveal the same anatomic details.

B) Figure 4.3a shows a MUSE-based DWI image at high in-plane resolution (voxel
size: 0.375  0.375  5mm3 ; matrix size: 512  512), where fine anatomic features
are visible. In contrast, the low-resolution version of the same image (Figure 4.3b:
voxel size: 1.5  1.5  5mm3 ; matrix size: 128  128), reconstructed from only the
central portion of the k-space data, has significantly lower anatomic resolvability (as
indicated by arrows). Figure 4.4a shows an FA map with high in-plane resolution
(0.3  0.3  8mm3 ) generated by the developed MUSE method. The voxels inside the
white box are displayed in Figure 4.4b, where distinct FA patterns, likely between
white matter and gray matter (indicated by green and red arrows), are visible. Fig50

ures 4.4c and 4.4d show the contours of the indicated green and red voxels overlaid
onto the mean DWI and T2*-weighted EPI maps (i.e., the non-diffusion-weighted
baseline EPI), respectively, suggesting that white and gray matter FA patterns can
be differentiated with the MUSE-based high-resolution DTI. Images shown in Figures 4.3 and 4.4 indicate that the developed MUSE method enables high-resolution
DWI and can provide information that is usually not available at low in-plane spatialresolution.
C) Figures 4.5a and 4.5b compare the MUSE- and SENSE-produced DWI maps
corresponding to b-factors ranging from 500 to 2000s in steps of 250s. It can be seen
that the motion-induced aliasing artifacts can all be effectively removed with the
MUSE method regardless of the SNR level, and the MUSE method is less susceptible
to undesirable noise amplification as compared with the SENSE reconstruction. The
magnitude average of all 7 MUSE-DWI and the magnitude average of all SENSEDWI are shown in 4.5c and 4.5d, respectively, for an easy visualization of the SNR
difference between these two reconstruction methods. The white-matter coefficient of
variation (i.e., the ratio of standard deviation to the mean signals in a white-matter
ROIs) in images reconstructed with the MUSE and SENSE methods are shown by
black and yellow bars, respectively, in Figure 4.5e. The SNR values for the MUSEbased DWI images, measured by the ratio of white-matter signals to the background
noises, are 8.5, 6.5, 5.0, 3.9, 3.4, 2.9, and 2.4. These data suggest that the MUSE
reconstruction is superior to conventional SENSE reconstruction even for DWI data
with very low SNR.
D) Non-diffusion-weighted interleaved EPI images reconstructed directly with 2D
FFT were used as the reference to measure the SNR penalty resulting from either
MUSE or SENSE reconstruction. First, for data obtained with an 8- channel GE
coil, the white-matter coefficient of variation in 4-shot MUSE images was 3.1% higher
than that obtained with 2D FFT, and the white-matter coefficient of variation in
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Figure 4.4: (a): FA map of high in-plane resolution (voxel size: 0.3  0.3  8 mm3 ;
b  500s{mm2 ). (b): FA values for voxels inside the white box of (a). (c) The
contour of the indicated green and red voxels in (b) overlaid onto the mean DWI
image. (d) The contour of the indicated green and red voxels in (b) overlaid onto
the baseline T2-weighted EPI.
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Figure 4.5: (a): MUSE-generated DWI corresponding to different b factors (from
500 to 2000 sec/mm2 in a 250 sec/mm2 step). (b): SENSE-generated images of
the corresponding b factors (from 500 to 2000 sec/mm2 ). (c): The magnitude
average of all 7 MUSE-generated DWI. (d): The magnitude average of all 7 SENSEgenerated DWI. (e) The coefficient of variation measured from white-matter ROIs of
MUSE-DWI (black bars) and SENSE-DWI (yellow bars) corresponding to different
b factors.
4-shot SENSE images was 23.3% higher than that obtained with 2D FFT. Second,
with the same 8-channel GE coil, the white-matter coefficient of variation in 2-shot
MUSE images was 0.4% higher than that obtained with 2D FFT, and the whitematter coefficient of variation in 2-shot SENSE images was 14.6% higher than that
obtained with 2D FFT. Third, for data obtained with a 32-channel GE coil, the
white-matter coefficient of variation in 4-shot MUSE images was 1.2% higher than
that obtained with 2D FFT, and the white-matter coefficient of variation in 4-shot
SENSE images was 16.7% higher than that obtained with 2D FFT. Fourth, using
a 32-channel NOVA coil, the white-matter coefficient of variation in 4-shot MUSE

53

images was 8.5% higher than that obtained with 2D FFT, and the white-matter
coefficient of variation in 4-shot SENSE images was 41.0% higher than that obtained
with 2D FFT. These data suggest that the SNR penalty resulting from the MUSE
reconstruction is generally not significant for 2-shot and 4-shot EPI, and is always
smaller as compared with the SENSE reconstruction.
4.2.4

Discussion and Conclusions

The developed MUSE technique produces multi-shot DWI data with higher spatial
resolution and fidelity, as compared with single-shot EPI acquisition. In comparison
to the conventional navigator-based interleaved DWI, the proposed technique, which
requires neither navigator nor reference echoes, also has several other advantages.
First, the imaging throughput of navigator-less interleaved DWI is higher than that
of navigator-based interleaved DWI. Second, unlike navigator-based correction which
could fail when motion differs between the navigator and the readout, MUSE can
inherently measure and correct phase errors. Similar to the variable-density spiral
imaging based DWI (Miller and Pauly, 2003; Liu et al., 2004a; Frank et al., 2010),
MUSE is capable of inherently estimating both linear and nonlinear phase variations
directly from the acquired multi-shot DWI data, with the additional advantage that
it does not require any pulse sequence modification.
A limitation of MUSE is that the number of EPI segments cannot be higher than
the number of coils, otherwise the phase variation maps cannot be estimated with
the conventional SENSE procedure (i.e., step 3 described in section 4.2.2). It should
be noted that, as compared with the conventional SENSE reconstruction, the MUSE
procedure relies on an improved condition of the matrix inversion even when the
number of EPI segments is not significantly smaller than the number of coils. For
example, as demonstrated in our human brain data, robust high-resolution DWI can
be obtained from a 4-shot interleaved EPI acquisition using an 8-channel receiver
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coil.
It should be pointed out that the MUSE algorithm is different from existing
parallel imaging based motion correction methods that were designed to correct
large scale motion in non-diffusion-weighted MRI (Bydder et al., 2003). In contrast,
MUSE mainly addresses the issues related to shot-to-shot phase inconsistencies in
interleaved DWI due to small-scale (e.g., sub-voxel) motions, while assuming that
there is no large-scale intrascan motion (i.e., significantly larger than 1 voxel) and
the magnitude signals remain constant across multiple EPI segments. This condition
is largely met in most of our scans with cooperative subjects. In the presence of
very large scale motion, it would be inappropriate to assume that the magnitude
signals remain constant across multiple EPI segments. In this case, the MUSE
algorithm would need to be further modified or expanded to accommodate for largescale intrascan motion (Aksoy and Bammer, 2008; Benner et al., 2011). It should
also be noted that the developed method is designed to address the phase variations
among EPI segments, but not those within each individual segment.
Although the MUSE procedure is only demonstrated with interleaved EPI, the
concept of multiplexed parallel imaging can also be applied to eliminate motioninduced artifacts in interleaved high-resolution DTI with non-Cartesian k-space trajectories, such as spiral imaging, as will be shown in section 4.3. Finally, beyond
diffusion imaging, MUSE may also be applied to improve the quality of studies
where high spatial resolution is desired, such as interleaved EPI-based functional
MRI (fMRI), where magnetic field drifting and respiratory motion may cause confounding phase variations.
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4.3 Improving acquisition efficiency with non-cartesian trajectories
Spiral-out trajectories offer several advantages over EPI that can be leveraged in
high-resolution diffusion imaging, including an effective k-space coverage, an efficient use of the gradient system, and a higher signal-to-noise ratio (SNR), which
is guaranteed by starting the acquisition at the k-space center. By design, spirals
are also relatively more immune to flow and motion-induced phase errors (Delattre
et al., 2010). In addition, the ability to cover the center of k-space in each interleaf can provide navigation capability either by allowing self-navigation based on
variable density designs or by estimating low-resolution images from each individual
reconstructed aliased image as proposed herein. Spiral-out designs are ideally-suited
to low SNR imaging situations such as diffusion imaging where the echo time must
be kept as short as possible to preserve the signal already attenuated by the strong
diffusion weighting gradients.
A 2D Self-Navigated Interleaved Spiral Acquisition (SNAILS) was recently introduced to address the motion-induced phase instability problem, described in details
in section 3.3. The SNAILS technique was used to establish the feasibility of acquiring in-vivo human DTI data with very high in-plane resolution (390µ  390µ) (Liu
et al., 2010). In that experiment, a relatively thick slice (6mm) was prescribed to
guarantee sufficient SNR. However for the purpose of tractography, it is crucial to
use isotropic voxels to avoid introducing systematic bias by partial voluming along a
specific axis (Vos et al., 2011). Therefore, isotropic resolution with voxel dimensions
on the order of 1mm isotropic or less is desired. As in any MR acquisition, the SNR
dependence on voxel dimensions and scan time can be expressed as follows:
SNR9∆x∆y∆z

a

Treadout

a

Naverages

Consequently, achieving full-brain acquisition in a reasonable scan time requires a
stringent trade-off between acquisition throughput and SNR per DWI. A disadvan56

tage of self-navigated acquisitions is that a long portion of the trajectory is spent
collecting data in the central k-space region which does not contain the high spatial
frequencies of interest for high-resolution imaging.
In comparison, reducing the number of averages while increasing the readout length
appears to be a good compromise to preserve high-SNR while also increasing throughput. Building upon the preliminary work in segmented EPI acquisition mode proposed in section 4.2.4 as well as the proposed image reconstruction algorithm for noncartesian parallel imaging in the presence of dynamic field variations presented in
section 3.2, an extension of the inherent phase correction method is hereby proposed
for spiral DTI and its applicability for full brain high-resolution diffusion imaging is
evaluated.
4.3.1

Sampling k-space with spiral trajectories

Variable density (VD) spiral trajectories can be obtained using a simple analytic
expression proposed previously (Kim et al., 2003). This method allows flexibility for
controlling k-space sampling density and enables real-time prescription on clinical
scanners. According to Kim’s method, the VD spiral trajectory can be expressed as:
κpτ q  λτ α ejωπ ,
where τ is a function of time and is in the range of r0, 1s, ω

(4.11)

 2πn and n is the number

of turns of the spiral. Given the desired matrix size N, and field of view (FOV), λ
is given by λ  N {p2  FOVq when scanning on a 2 grid. The resultant trajectory
normally starts in the slew-rate-limited1 region and ends in the amplitude-limited
1

For spiral trajectory, it is important to keep the slew-rate below the peripheral nerve excitability
thresholds defined by the Food and Drug Administration to avoid potential harm or discomfort to
the patient(King and Schaefer, 2000)
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region as given by (Kim et al., 2003):
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(4.12)

where γ is the gyromagnetic ratio; sm and gm are respectively the maximum achievable slew rate and gradient amplitude, Ts2a is the transition time from slew-ratelimited to amplitude-limited regime; Tes is the ending time of a slew-rate-limited
trajectory; α is a constant for controlling the change of sampling density in the radial direction. Note that when α=1, the VD spiral trajectory is identical to a regular
spiral trajectory. Figure 4.6a shows a typical imaging gradient waveform design with
the following parameters: N=256, FOV=22cm, number of interleaves=28, and α=4.
As shown in Figure 4.6c, the corresponding trajectory for this waveform oversamples
the center of k-space. A close-up view of the trajectory in Figure 4.7 illustrates that
52 sampling points will be gridded to the central pixel alone.
4.3.2

Point spread function of variable vs constant density spiral trajectories

In addition to reducing the efficiency of data acquisition, it has been shown that
variable density trajectories result in colored noise due to the lower sampling of
higher spatial frequencies (Newbould et al., 2006). To further evaluate this effect
and examine the aliasing patterns of variable and constant density spirals, their
respective point spread functions (PSF) for each shot m are computed as follows:
PSFm px, y q 

¸

DCF(n) exp ri2π px.kx pn, mq

y.ky pn, mqqs

(4.13)

m

Here, the density compensation function (DCF) is assumed to be well approximated
by numerically computing the area associated with each data sample using an efficient
partitioning algorithm called the Voronoi diagram (Rasche et al., 2002), and using
the inverse of the area of each cell resulting from the Voronoi partition as a density
58

2.5

2.5

2

2

1.5

1.5

1

gx (G/cm)

gx (G/cm)

1
0.5
0
−0.5

0.5
0
−0.5

−1

−1

−1.5

−1.5

−2

−2

−2.5
0

0.01

0.02

0.03
t (s)

0.04

0.05

0.06

0

0.005

0.01

0.015

0.02
0.025
t (s)

(a)

0.3

0.2

0.2

0.1

0.1

ky

0.4

0.3

ky

0.5

0.4

0

0.04

0

−0.1

−0.1

−0.2

−0.2

−0.3

−0.3

−0.4

−0.4
0
kx

0.035

(b)

0.5

−0.5
−0.5

0.03

−0.5
−0.5

0.5

(c)

0
kx

0.5

(d)

Figure 4.6: Examples of multishot segmented spiral waveform designs with image
matrix size 256  256, 28 interleaves and 25.6cm FOV. Gx gradient waveform amplitude for (a) variable density spiral with oversampling ratio α  4, (b) Gx constant
density spiral α  1, and the corresponding trajectories for the variable density and
constant density designs respectively shown in (c) and (d) .

estimate. The DCF is therefore a monotonous function decreasing from the center to
the periphery. Figure 4.8 illustrates the aliasing patterns for variable and constant
density spirals. The PSF is clearly sharper for the constant density spiral and more
immune of complex aliasing patterns, which is preferred for high-resolution diffusion
imaging.
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Figure 4.7: Gridding: The Kaiser-Bessel gridding kernel (grey) centered on a grid
point (green) for a multishot spiral trajectory with 10 interleaves (nl  10)
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Figure 4.8: (a) Point Spread Function (PSF) of a variable-density spiral (α  4,
nl  6) and (b) PSF of a constant density spiral (α  1, nl  6) with otherwise
identical imaging parameters.
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4.4 Inherent correction of phase errors in spiral imaging
Diffusion tensor imaging (DTI) is a powerful neuroimaging technique for investigating
the structural connectivity of the brain noninvasively, but is typically performed
with single-shot echo-planar imaging (EPI), which is limited by a relatively low
spatial resolution and signal-to- noise ratio (SNR), even when combined with parallel
imaging and partial-Fourier encoding. Multi-shot spiral DTI, on the other hand, is
a promising alternative because of its potential for achieving a higher resolution and
SNR (Liu et al., 2004b, 2005; Karampinos et al., 2009; Frank et al., 2010; Van et al.,
2011), but is also challenging because subject motion causes phase errors among
different shots, leading to signal loss and aliasing artifacts in the reconstructed images
as well as subsequent errors in the resulting DTI metrics and fiber tracts (Aksoy et al.,
2008, 2011).
Previous multi-shot spiral DTI techniques have used a variable-density spiral
trajectory oversampling the central k-space (Liu et al., 2004b, 2005; Van et al., 2009;
Karampinos et al., 2009; Frank et al., 2010) or a single-shot spiral navigator echo
(Van et al., 2011; Aksoy et al., 2008, 2011) to generate a low-resolution estimate
of the motion-induced phase error for each shot and to correct for such artifacts.
However, these methods all require a longer scan time (e.g., up to a factor 2 for a
variable-density spiral acquisition with a typical oversampling factor of 4 (Liu et al.,
2004b, 2005; Van et al., 2009; Karampinos et al., 2009)), which may hamper their
ability to achieve both a high spatial and angular resolution, particularly in pediatric
or clinical populations.
To address these issues, an iterative phase correction method for multi-shot spiral
DTI was recently proposed that can inherently correct for the motion-induced phase
errors without requiring any additional data acquisition or increasing the scan time
(Truong et al., 2011b). Specifically, a series of low-resolution images are iteratively
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reconstructed with different phase values added to each shot, resulting in different
amounts of aliasing, and the background signal intensity of these images is minimized
to determine and correct for the motion-induced phase errors. However, the current
implementation of this method remains limited by a relatively long computation time
for high-resolution DTI and, as a result, only corrects for spatially linear phase errors
caused by rigid-body motion (Anderson and Gore, 1994), but not for nonlinear phase
errors caused by nonrigid motion, such as pulsatile brain motion during the cardiac
cycle (Miller and Pauly, 2003).
In the present study, three alternative reconstruction methods for multi-shot
spiral DTI are proposed, designed to both inherently and efficiently correct for linear
and nonlinear motion-induced phase errors, and their respective performances are
compared in numerical simulations and in vivo experiments performed on healthy
volunteers.
4.4.1

Theory

The first and simplest method consists in reconstructing a magnitude image from
the k-space data of each shot, by using a sensitivity encoding (SENSE) reconstruction method based on an iterative conjugate gradient (CG) algorithm (Pruessmann
et al., 2001), and averaging the resulting images from all shots (Figure 4.9a). For an
N-shot spiral acquisition, this method is equivalent to averaging N separate singleshot spiral acquisitions with a SENSE acceleration factor N. Since each magnitude
image is only reconstructed from a single shot, this method is not affected by signal
loss and aliasing artifacts due to motion-induced phase errors among different shots.
However, it suffers from an SNR loss due to the g-factor penalty inherent in parallel
imaging (Pruessmann et al., 1999) as well as from a potential bias due to the Rician
noise distribution in the magnitude average of images with very low SNR (i.e., less
than 2) (Gudbjartsson and Patz, 1995), both of which increase with the number of
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Figure 4.9: Schematic diagrams of the SENSE (a), DPS (b), and CG (c) methods
(s: coil sensitivity, F T 1 : gridding + inverse Fourier transform, φ: motion-induced
phase error).
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shots. The second method consists in reconstructing a phase image from the k-space
data of each shot, also by using a SENSE reconstruction algorithm (Pruessmann
et al., 2001), to estimate the motion-induced phase error (Figure 4.9b). Additional
steps are used to improve the phase estimation, particularly for acquisitions with a
large number of shots (resulting in a high acceleration factor in the SENSE reconstruction of each individual shot) or a high spatial resolution or b-factor (resulting
in a low SNR). Since the motion-induced phase errors are typically spatially slowly
varying, only the central k-space data of each shot are used for the SENSE reconstruction, such that the resulting phase images have a twice lower spatial resolution,
but a higher SNR. The phase images are then unwrapped, smoothed with a 9  9
median filter, and interpolated to the full spatial resolution. These parameters were
empirically found to provide good results for the DTI data acquired in this study.
Once the motion-induced phase errors are known, the phase correction then consists
in reconstructing a complex image from the full k-space data of each shot (by zerofilling the missing data from the other shots), subtracting the corresponding phase
error, and adding the resulting images from all shots (Figure 4.9b). This so-called
direct phase subtraction (DPS) method has also been used to reconstruct multi-shot
variable-density spiral DTI images, where the motion-induced phase errors are estimated from the oversampled central k-space data (Liu et al., 2004b). One limitation
of this method is that since each shot undersamples k-space, the phase error at one
location is aliased to other locations and cannot be completely corrected with a simple phase subtraction, resulting in residual aliasing artifacts in the reconstructed
images (Liu et al., 2005; Van et al., 2009). The third method is identical to the
second one, except that it uses an iterative CG algorithm (Liu et al., 2005) instead
of a simple phase subtraction to address this issue and improve the phase correction.
Specifically, the coil sensitivity profiles are combined with the motion-induced phase
errors, estimated as described above, to form composite sensitivity profiles that vary
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with each shot (Figure 4.9c). The full k-space data and composite sensitivity profiles
of all shots are then supplied to an iterative CG algorithm, mathematically similar
to that used in the SENSE reconstruction for arbitrary k-space trajectories (Pruessmann et al., 2001), to reconstruct the final image. This CG method has also been
used to reconstruct multi-shot variable-density spiral DTI images, where the motioninduced phase errors are estimated from the oversampled central k-space data, and
is discussed in more detail in Ref. (Liu et al., 2005). For simplicity, the three reconstruction methods described above will hereafter be referred to as the SENSE, DPS,
and CG methods, respectively.
4.4.2

Methods

Simulations
Numerical simulations were first performed to validate the proposed methods. Specifically, a non- diffusion-weighted 6-shot spiral image, acquired as described below and
unaffected by motion artifacts, was used as a reference image. Simulated data were
generated by reconstructing a complex image from the k-space data of each shot,
adding a random spatially nonlinear phase (comparable to the motion-induced phase
errors measured experimentally) to each image, and transforming these images back
to k-space. The resulting data were then reconstructed with the SENSE, DPS, and
CG methods, and the normalized root mean square error (NRMSE) between the
reference image and each reconstructed image was computed to quantitatively assess
the performance of these methods. Furthermore, to assess their dependence on the
number of shots and the SNR, both of which can potentially affect the estimation
of the motion-induced phase errors, simulations were performed for different spiral
k-space trajectories (with a number of shots ranging from 4 to 10) and with different
amounts of Gaussian noise added to the simulated data (corresponding to an SNR
ranging from 5 to 20, which includes the range of values measured experimentally
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in the diffusion-weighted images). For each of these conditions, simulations were
performed for 10 different sets of random phase errors and 6 different slices across
the brain.
Experiments
Four healthy adult volunteers were studied, who provided written informed consent
as approved by our Institutional Review Board, on a 3T MR750 MRI scanner (GE
Healthcare, Milwaukee, WI) equipped with a 32-channel phased-array head coil and
a gradient system with 50 mT/m maximum amplitude and 200 T/m/s maximum
slew rate. Foam padding was used to restrain the head within the coil and the subjects were instructed to remain still. High-order shimming was applied to minimize
the global B0 inhomogeneity. Axial DTI images of the whole brain were acquired
with a single spin-echo spiral imaging pulse sequence and the following parameters:
repetition time = 5.2 s, echo time = 51 ms, field of view = 20.8  20.8 cm, ma-

trix size = 208  208, slice thickness = 3 mm, number of slices = 44, b-factor =
800s{mm2 , number of diffusion-weighting directions = 15, and number of averages

= 1. A spatial-spectral pulse was used for fat suppression and the k-space trajectory
was a 6-shot constant-density spiral-out trajectory with a readout duration of 25.2
ms.
The images were reconstructed without any phase correction and with the SENSE,
DPS, and CG methods. Residual blurring artifacts caused by susceptibility effects
near air/tissue interfaces and time-varying eddy currents induced by the diffusionweighting gradients were then corrected with a dynamic B0 mapping and off-resonance
correction method (Truong et al., 2011a). Finally, fractional anisotropy (FA) maps
were computed and color-coded according to the direction of the principal eigenvector. All image reconstruction and post-processing were performed in Matlab (The
MathWorks, Natick, MA) and in parallel (for each slice and each diffusion-weighting
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direction) on a Linux cluster with 460 CPU cores and 4.45 TB of memory. Due to a
global memory limit per user, about 100 jobs, each using 8 GB of memory, were run
in parallel.
4.4.3

Results

Simulations

Figure 4.10: Reference image (a), image simulated by adding random spatially
nonlinear phase errors (b), and images reconstructed from the simulated data with
the DPS (c), SENSE (d), and CG (e) methods for a 6-shot spiral trajectory and
SNR = 10. NRMSE (mean  standard deviation) between the reference image and
each reconstructed image as a function of the number of shots for SNR = 10 (f ) and
as a function of the SNR for a 6-shot spiral trajectory (g)).

Representative results are shown in Figure 4.10. The image simulated by adding
random phase errors is affected by severe signal loss and aliasing artifacts (Figure
4.10b). The DPS method can largely, but not fully, correct for them (Figure 4.10c),
whereas the SENSE method is not affected by such artifacts, but suffers from a
reduced SNR due to the g-factor penalty (Figure 4.10d). In contrast, the CG method
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can effectively correct for these artifacts with no SNR loss (Figure 4.10e), resulting
in an image that is virtually identical to the reference image (Figure 4.10a). For all
conditions tested, the CG method consistently performs better than both the DPS
and SENSE methods (Figs. 4.10f,g). The NRMSE increases with the number of shots
(i.e., with the acceleration factor in the SENSE reconstruction of each individual
shot) for all three methods, as expected, but the increase is much larger for the
SENSE method than for the CG method (Figure 4.10f). The NRMSE also increases
as the SNR decreases for all three methods, as expected, but the increase is again
much larger for the SENSE method than for the CG method (Figure 4.10g).
Experiments

Figure 4.11: Diffusion-weighted images in six axial slices and two reformatted sagittal and coronal slices uncorrected (a) and reconstructed with the DPS (b), SENSE
(c), and CG (d) methods, with (a-d) and without (e) off-resonance correction.

Representative diffusion-weighted images and color-coded FA maps are shown in
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Figure 4.12: Color-coded FA maps in the same slices as in 4.11 uncorrected (a) and
reconstructed with the DPS (b), SENSE (c), and CG (d) methods (red: right-left,
green: anterior-posterior, blue: superior-inferior).

Figs. 4.11 and 4.12, respectively. Even though padding was used to restrain the head
within the coil and the subjects were instructed to remain still, residual motion still
causes extensive aliasing artifacts in the diffusion-weighted images (Figure 4.11a) and
subsequent errors in the FA maps (Figure 4.12a) throughout the brain. Note that
motion-induced phase errors among different shots cause the signal in one pixel to be
aliased to other pixels in the image, which, depending on whether these phase errors
add up constructively or destructively, can lead to a signal increase or decrease.
As in the simulations, the DPS method can only partially, but not completely,
correct for these artifacts (Figures 4.11b, 4.11b), whereas the SENSE method is
not affected by such artifacts, but suffers from a low SNR (Figs. 4.11c, 4.12c).
On the other hand, the CG method can effectively correct for these artifacts and
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substantially improve the image quality, while providing a much higher SNR than the
SENSE method (Figures 4.11d, 4.11d). This SNR improvement is spatially varying
and can reach up to 50% in the center of the image (i.e., further away from the
coil), in contrast to the simulations where the added noise was spatially uniform by
design. Similar results were obtained for all slices, diffusion-weighting directions, and
subjects. These results have less blurring artifacts than previous multi-shot spiral
DTI results obtained with a shorter readout duration and a lower field strength (Liu
et al., 2005) because such artifacts were corrected with a dynamic B0 mapping and
off-resonance correction method.
A comparison between images reconstructed with (Figure 4.11d) and without
(Figure 4.11e) off-resonance correction shows a clear reduction of blurring artifacts,
particularly in the inferior frontal regions (outlined in Figure 4.11e), where strong
localized B0 inhomogeneities cannot be corrected with shimming alone.
In this work, the iterative CG algorithm stopped when the accuracy reached
a threshold of 104 (Pruessmann et al., 2001), resulting in an average number of
iterations of 28 for the SENSE reconstruction in the SENSE method, 19 for the
SENSE reconstruction in the DPS and CG methods, and 5 for 2.5, 1.2, and 1.5 min,
whereas the total reconstruction time was 17.7, 8.3, and 10.7 min for the SENSE,
DPS, and CG methods, respectively, but these reconstruction times could be further
reduced by using more efficient programming languages (e.g., C/C++ instead of
Matlab). The reconstruction times are shorter for the DPS and CG methods than
for the SENSE method, despite the additional phase correction step, because the
SENSE reconstruction used to estimate the motion-induced phase errors in the DPS
and CG methods is only performed on the central k-space data, whereas the SENSE
reconstruction used to reconstruct the magnitude images in the SENSE method is
performed on the full k-space data.
The high-resolution DTI results obtained with the CG method reveal a high level
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of anatomical detail typically not observed in conventional DTI data acquired at
3T. For example, Figure 4.13 clearly shows cortical gray matter regions with an
anisotropic diffusion and a principal eigenvector approximately orthogonal to that of
adjacent white matter regions.

Figure 4.13: Mean diffusion-weighted images (left), color-coded FA maps (middle), and direction of the principal eigenvector, color-coded as in the FA maps and
overlaid on the mean diffusion-weighted images in two regions-of-interest (right), all
reconstructed with the CG method.

4.4.4

Discussion and Conclusions

The numerical simulations and in vivo experiments performed in this study demonstrate that the proposed CG method can inherently, effectively, and efficiently correct
for linear and nonlinear motion-induced phase errors and for the resulting signal loss,
aliasing artifacts, and FA errors in multi-shot spiral DTI. As expected, it performs
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better than both the DPS and SENSE methods, which are limited by residual artifacts or by a low SNR, respectively.
This method benefits from significant advantages over previously proposed methods. Unlike multi-shot spiral DTI techniques based on a variable-density spiral trajectory or a navigator echo, it does not require any additional data acquisition and
does not increase the scan time, which is particularly critical for pediatric and clinical populations. Furthermore, in contrast to the iterative phase correction method,
it is not limited by a long computation time and can correct for phase errors caused
by both rigid and nonrigid motion, thus avoiding the need to use cardiac gating to
minimize pulsatile artifacts, which would otherwise increase the scan time.
This method also shares some common limitations with other two-dimensional
motion correction methods in that it can correct for in-plane motion, but not for
through-plane motion or spin history effects, and with other retrospective motion
correction methods in that it cannot correct for large subject motion from uncooperative subjects, which causes not only phase errors, but also misregistration, among
different shots. Nevertheless, it is fully compatible with alternative methods designed
to address these issues (Aksoy et al., 2008).
Parallel imaging has previously been used to correct for motion artifacts rather
than to speed up the acquisition. For example, one method uses parallel imaging
to detect and discard motion-corrupted k-space data and to regenerate the missing
data, but results in a reduced SNR and is only applicable if a small region of kspace is corrupted(Bydder et al., 2002). Another method also uses parallel imaging
to detect and correct for motion-corrupted k-space data, but can only correct for
in-plane rigid-body translations (Bydder et al., 2003). These methods are, however,
fundamentally different from those used in this work. The proposed SENSE method
uses parallel imaging to reconstruct an image from the k-space data of each shot,
but does not discard or replace any data, since it is not affected by phase errors
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among different shots, whereas the DPS and CG methods only use parallel imaging
to estimate the motion-induced phase errors, but not to reconstruct the final images.
Furthermore, all three methods are not restricted to the correction of localized kspace errors or to the correction of one particular type of motion.
The reduction of blurring artifacts observed between Figures. 4.11e and 4.11d
suggests that the improvement in image quality between the multi-shot spiral DTI
results shown in (Liu et al., 2004a, 2005) and the present results is at least partly
due to the fact that off-resonance correction was used in this work but not in the
aforementioned studies, although other differences, such as the field strength (1.5T
vs. 3T) and TE (67 vs. 51 ms), may also be contributing factors.
Our simulations show that the CG method remains effective even under very
low SNR conditions for the 6-shot spiral trajectory used in this study, which was
sufficient to achieve a 1  1 mm in-plane resolution with full brain coverage. As
the number of shots increases, more advanced reconstruction algorithms such as
phase-constrained (Lew et al., 2007) or regularized (Ying et al., 2008) SENSE may
be used to further improve the estimation of the motion-induced phase errors (and
to reduce the g-factor penalty in the SENSE method). The maximum number of
shots is ultimately limited by the number of coil elements, although this may not
be a limitation in practice, as highly parallel phased-array coils become increasingly
available. Finally, even though the CG method was applied to unaccelerated multishot spiral DTI data in this study, it is in principle also applicable to undersampled
data, as was previously shown for multi-shot variable-density spiral DTI, as well as
to other multi-shot diffusion-weighted imaging sequences.
The CG method can provide high-quality, high-resolution multi-shot spiral DTI
results, thereby revealing features typically not seen in conventional DTI data acquired with single-shot EPI or in previous multi-shot spiral DTI studies. In particular, the present results obtained in vivo at 3T show cortical gray matter regions with
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a radial diffusion anisotropy, which has also been observed in recent high-resolution
DTI studies performed in vivo at 7T (Heidemann et al., 2012) or ex vivo at 3T
(McNab et al., 2009). However, more systematic studies performed with a higher
and/or isotropic resolution are needed to reduce partial volume effects and further
investigate these findings, which is beyond the scope of this work. In conclusion, the
proposed CG method can inherently and efficiently correct for phase errors caused
by both rigid and nonrigid motion in multi-shot spiral DTI, without increasing the
scan time or reducing the SNR. This method should facilitate a wider adoption of
multi-shot spiral DTI for high-resolution studies in basic neuroscience research and
clinical applications.

74

4.5 3D multishot kz -segmented acquisition
As outlined in section 4.4, the proposed 2d multislice multishot techniques remains
vulnerable to artifacts caused by spin history loss when through-plane motion occurs
between slice excitation and refocusing. Several techniques have been proposed to address this problem using prospective correction, whereby patient motion is tracked
continuously using external devices such as infrared camera setups (Aksoy et al.,
2011; Herbst et al., 2011) or volumetric navigators (Benner et al., 2011), which allow to adjust the slice selection axis of the refocused slice on the scanner to follow
the head motion in real time. However, the development of such modules is still in
its infancy and requires external hardware and additional engineering efforts from
the vendor before being widely deployed on standard scanners. Here, we propose to
address the problem of through-pane motion by designing a 3D encoded multislab
spiral DW MRI pulse sequence with 2D phase navigation to achieve submillimetric
isotropic high-resolution with high SNR at similar b-values as those used with lower
resolution techniques (e.g b=800-1000s/mm2 ). The choice of parameters is a result of
trade-offs between T1-signal recovery, brain coverage, desired resolution, maximum
scan time and the targeted SNR.

4.5.1

3D DWI pulse sequence diagram

The pulse sequence design is summarized in Figure 4.14. Note that a spatial-spectral
excitation pulse was employed to ensure that the slab signal is not contaminated by
fat artifacts. In addition, to guarantee a good slab-refocusing profile, a custom SLRoptimized 180deg pulse was designed. For simplicity, only the x gradient for one
interleaf is represented on this diagram. A particularity of this pulse sequence is
the careful design of the crushers straddling the refocusing pulses to eliminate any
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echoes that may corrupt the kz-encoded readout or the navigator readout.
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Figure 4.14: Pulse sequence diagram of the proposed 3D multislab constant density
spiral DWI (time in ms); gradient and RF amplitudes in arbitrary units.

4.5.2

Reconstruction algorithm

The reconstruction steps are as follows. A 2D reconstruction of each kz-encoded
slice is performed using a CG-SENSE method as described in details in Appendix
A, where phase maps are obtained for each kz plane by taking the phase difference
between the navigator collected for that specific kz plane and the reference navigator
collected for the same interleaf but at kz =0. Subsequently, a 1D FFT is performed
along the z direction and all complex phase corrected interleaves are summed and a
composite magnitude slab image is obtained by combining the data from all coil by
a sum of squares reconstruction. An optional step is performed to remove systematic
noise using (see section 3.1 for a discussion on noise considerations in DWI) a NonLocal Mean Denoising method (Coupé et al., 2010).
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4.5.3

Preliminary in-vivo results

In vivo experiments were conducted on a healthy human volunteer at 3T on a GE
SIGNA imaging platform equipped with an 8-channel head coil. An axial slab was
prescribed in the corpus callosum and the imaging parameters were TE/TR=67/2500
ms; nominal excitation slice thickness=11mm; imaging FOV along z=13.75mm (to
account for overlaps at the edge of the slab); diffusion weighting with b=800s/mm2 ; 1
baseline followed by 2 diffusion encoding directions respectively along x and y; inplane
FOV=210mm; inplane matrix size=164164;number of spiral shots=4; number of
slices per slab (or number of kz phase encodes)=11; spiral readout length=33.268ms;
spiral out navigator matrix size=48  48;
Preliminary results are shown in Figure 4.15 revealing exquisite diffusion weighting contrasts throughout the entire field of view. Of particular interest is the high
definition white matter contrast in the gyral blades which indicates that this highresolution method should enable enhanced the cortical specificity of whole-brain fiber
tractography.
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Figure 4.15: Preliminary 3D spiral DWI obtained with the proposed kz -encoded
pulse sequence with 2D phase navigation. The columns from left to right correspond
to 4 representative slices; the rows respectively correspond to the DWI with gradient
applied along y (top), DWI with gradient applied along x (middle) and the baseline
image with no diffusion weighting (bottom).
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5
Laminar specificity in the cerebral cortex

5.1 Diffusion anisotropy in the gray matter
While diffusion tensor imaging (DTI) has primarily been used to assess white matter
(WM) microstructure, its application for the investigation of diffusion anisotropy
in cortical gray matter (GM) may provide valuable biomarkers for the diagnosis of
various neurological disorders. To date, however, such studies have mostly been
performed in fixed tissue, in animals, or at ultra-high field strength (7T), because
the current DTI methodology based on single-shot echo-planar imaging (EPI) is
inherently limited by a low spatial resolution, low signal-to-noise ratio (SNR), and
high vulnerability to geometric distortions. The goal of the present study is to
investigate the cortical depth dependence of diffusion anisotropy in cortical GM in
the human brain in vivo on a clinical (3T) scanner. To this end, the novel multi-shot
constant-density spiral DTI technique with inherent correction of motion-induced
phase errors proposed in section 4.4 to achieve a high resolution, SNR, and spatial
fidelity, without requiring a variable-density spiral trajectory or a navigator echo,
and hence an excessively long scan time.
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5.1.1

In vivo experiments

Healthy volunteers were studied on a 3T MR750 GE scanner with a 32-channel head
coil. T1-weighted anatomical images were acquired with a 3D inversion-prepared
spoiled gradient-echo sequence and a 1 mm isotropic voxel size. Multi-shot spiral DTI
data were acquired with a single spin-echo, 6-shot, constant-density spiral sequence
and TR = 2s, TE = 51 ms, FOV = 16 cm, matrix = 256  256, in-plane resolution

= 0.625  0.625mm, slice thickness = 5 mm, 6 axial slices, b-factor = 800 s/mm2 , 7

b=0 images + 60 diffusion directions, and NEX = 1.
In multi-shot DTI, subject motion causes phase errors among different shots,
leading to signal loss and aliasing artifacts. Such phase errors were inherently estimated from the central k-space data of each shot by using a sensitivity encoding
(SENSE) reconstruction algorithm (Pruessmann et al., 2001) and subsequently corrected by using an iterative conjugate gradient algorithm (Liu et al., 2005). Blurring
artifacts due to susceptibility effects and eddy currents were also corrected with a
dynamic off-resonance correction method (Truong et al., 2011a). The DTI images
were then registered to the anatomical images with FSL’s FLIRT before derivation
of the diffusion tensor.
A cortical GM mask was segmented from the anatomical images with FreeSurfer
(Fischl et al., 1999) and divided into 11 surfaces evenly spaced along the cortical
depth from the pial surface to the GM/WM interface. Three additional surfaces
extending into cerebrospinal fluid or WM were generated beyond each of these two
interfaces. Cortical profiles of the fractional anisotropy (FA) were computed by
averaging the FA within each surface. To account for regional heterogeneity across
the brain, separate profiles were computed in different cortical regions. Furthermore,
to minimize partial volume effects along the slice direction, the analysis was restricted
to voxels for which the normal vector to the GM/WM interface (also generated from
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5.1.3

Conclusion

The proposed multi-shot constant-density spiral DTI technique with inherent correction of motion-induced phase errors can achieve a high resolution, SNR, and spatial
fidelity, thereby revealing a clear cortical depth dependence of diffusion anisotropy
in the human cortex in vivo at 3T, which may find broad applications in basic and
clinical neurosciences.
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6
High-spatial resolution and short-range structural
connectivity

Structural connectivity analysis was recently introduced as a comprehensive method
to investigate the characteristics of white-matter fiber networks in the human cortex. A complete reconstruction of the human brain connectome requires high-fidelity
delineation of all brain connections, including major white matter pathways deep in
the brain as well as small fibers at the superficial white matter regions. While there
has been a significant push for high angular resolution to address the problem of
crossing fibers, these methods lack the spatial resolution necessary to resolve highlycurved short fibers or differentiate crossing from kissing bundles. In this work, we
investigate the effects of spatial resolution on short-range fiber tractography and
human brain connectome reconstruction. Preliminary in vivo results are presented
towards achieving high spatial resolution and fidelity, and their benefits are evaluated
in generating greatly improved cortical connectivity, especially at superficial cortical
regions where U-fibers are abundantly present.
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6.1 A framework for assessing the impact of spatial resolution on
connectivity mapping
Recent advances in structural connectivity imaging (e.g. diffusion tensor imaging
(DTI) (Basser et al., 1994; Mori et al., 1999), high angular resolution diffusion imaging (HARDI) (Frank, 2001; Tuch et al., 2002; Anderson, 2005) have contributed to
the generation of a comprehensive connectivity database, culminating with a new
and ambitious project to construct the human connectome (Sporns et al., 2005).
Specifically, its aim is to classify axonal connections reconstructed from diffusion
MRI (dMRI) by clustering them according to functionally relevant areas derived
from anatomical templates based on gray matter regions of interest (ROIs). A complete construction of the human connectome requires high-fidelity delineation of all
brain connections, including major white matter pathways deep in the brain as well
as small fibers at the superficial white matter regions.
At the present time, HARDI has been predominantly used to generate detailed
connectome maps due to its proven ability to solve crossing fibers, which are commonly seen in the relatively large white matter fiber bundles well under the cortical
surface. In superficial white matter regions, however, there is an abundance of cortical association fibers commonly known as the U-fibers that connect cortical regions
between adjacent gyri. These association fibers play an important role in cortical
communication but they have been difficult to delineate at low spatial resolution
even with HARDI, because their small structures and high curvature represent challenges that are fundamentally different than crossing fibers. High spatial resolution
is needed to capture the high curvature and accurately delineate these fibers. In addition, to better connect the brain ROIs derived from gray matter classification, the
desired accurate definition of the fiber endings near gray matter can also be achieved
with high spatial resolution.
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However, high resolution has thus far been difficult to obtain, and has only been
reliably achieved using MR microscopy in animal and in vitro experiments. Most in
vivo DTI/HARDI images have been acquired with single-shot echo-planar imaging
(EPI) to minimize scan time and physiological motion artifacts. But when high
spatial resolution is used (and hence long readout window), the resultant images
are highly vulnerable to magnetic field inhomogeneities from tissue susceptibility
effects and physiological motions, as well as eddy currents induced by the strong
diffusion-weighting gradients. These dynamic instabilities and direction-dependent
distortions lead to errors in the derivation of diffusion tensors and fiber orientation
distributions (FOD) in virtually all voxels thereby greatly confounding the mapping
of brain connectivity. Finally, the inherently low (signal-to-noise ratio) SNR due to
the small voxel size poses further difficulty in the quest for high spatial resolution.
Preliminary in vivo results are presented in this study towards achieving high
spatial resolution and fidelity, and their benefits are evaluated in generating greatly
improved cortical connectivity, especially at superficial cortical regions where U-fibers
are abundantly present. Subsequently, it is expected that a much improved human
connectome can be constructed.
While there has been a significant push for high angular resolution thus far to
resolve crossing fibers, efforts to improve spatial resolution have been greatly limited.
However, as previously mentioned, in voxels containing fibers with high curvature,
HARDI acquisitions have limitations. These limitations are particularly problematic
when one aims to delineate superficial cortical association fibers known as the Ufibers. To evaluate the efficacy and potential benefit of high spatial resolution in
characterizing these short-range association fibers, the effects of spatial resolution on
various structural connectivity metrics were assessed in this report.
Although higher spatial resolution is always desired in delineating short curved
fibers, practical considerations should be given based on what adequate resolution
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Figure 6.1: 1 A) SNR in representative slices. B) Coronal and axial views showing
improved registration quality between the white matter segmentation in red and
the initial high-resolution diffusion MRI data. C): Zoomed-in coronal views of the
insert box outlined in B illustrating the varying levels of partial volume effects in the
iso-DWI at 1 mm (top) and 2 mm (bottom) isotropic resolutions.

and SNR are attainable given a typical exam time on the order of a few minutes. At
a coarse spatial resolution, if the turning angle within a voxel approaches 900, it is
straightforward to infer that HARDI would fail, regardless of how finely the q-space
was sampled, as the probability density function in that voxel would not exhibit any
salient peak. It is also easy to conclude that DTI would likely fail in this case as well
since an ellipsoidal tensor might not fit all the diffusion directions. However, DTI
at three times higher spatial resolution would be sufficient to track the curved fiber
pathway, assuming a typical 300 turning angle limit between adjacent voxels. In the
extreme case of cortical U-fibers (e.g. at the valley of sulci), the highest curvatures
may approach the cortical thickness. Assuming an average cortical thickness of 3
mm, we hypothesize that an isotropic spatial resolution of 1 mm may be needed
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to resolve these fibers. Any higher resolution may lead to diminishing returns at
3T, as the SNR would be extremely low and physiological motions artifacts more
pronounced. Based on these considerations, we selected our basis dMRI dataset at a
high spatial resolution of 1  1  1 mm3 . To control for systematic discrepancies that
would arise from acquiring dMRI data at different resolutions, adjacency matrices
were constructed across a range of spatial resolutions derived from this same highresolution basis dataset. Relevant metrics on local cortico-cortical connections were
determined to evaluate the advantages of high spatial resolution in generating the
connectome maps.
High-resolution diffusion imaging protocol
All scans were performed on a 3T MR750 MRI scanner (GE Healthcare, Milwaukee, WI), equipped with an 8-channel phased-array head coil and a gradient system
with 50 mT/m maximum amplitude and 200 T/m/s maximum slew rate, in healthy
volunteers who provided written informed consent as approved by the Institutional
Review Board at the Duke University Medical Center. Foam padding was used to
restrain the head within the coil and the subject was instructed to remain still. Highorder shimming was applied to minimize susceptibility-induced distortions in frontal
regions. Axial DTI images of the whole brain were acquired with an echo planar
imaging (EPI) pulse sequence using the following parameters: SENSE factor 2, echo
time (TE)/ repetition time (TR) = 73/15000ms, field of view (FOV) = 24 cm, matrix
size = 192  192, slice thickness = 1.25 mm, number of slices = 96, b = 1000 s/mm2 .
Ten baseline images (b=0 s/mm2 ) were acquired followed by 60 diffusion-weighting
directions. A single spin echo acquisition was employed to minimize the TE and
maximize the SNR.
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Preprocessing and distortion correction
The presence of strong residual eddy-currents in a single-spin-echo diffusion-weighted
scan often leads to severe direction-dependent image distortions which must be corrected for, either during data reconstruction from the k-space with dynamic field
maps (Truong et al., 2011a), or by using an image-based correction scheme. In this
report, we used Tortoise software to correct for susceptibility and eddy-current field
distortions in the image domain (Pierpaoli et al., 2009). The effect of head motion on
the diffusion signal was also corrected by taking into account the b-matrix rotation
(Rohde et al., 2004).
Multiresolution DTI dataset generation
After image preprocessing and distortion correction, the original high-resolution
dMRI dataset was interpolated to 1  1  1 mm3 using bicubic interpolation (matrix
240  240  116) to match the high-resolution T1-weighted images. Based on this

high-resolution dataset, three additional diffusion-weighted datasets were generated
with resolutions of 1.5  1.5  1.5 mm3 (matrix 160  160  78), 2  2  2 mm3

(matrix 120  120  58). To preserve accurate depiction of the underlying microstructure, all datasets were obtained by low pass filtering the k-space data of each
individual baseline and diffusion-weighted volume with a 3D Fermi window (normalized spatial frequency cutoffs 1.0, 0.67 and 0.5 respectively) followed by 3D FFT
back to the image domain. This procedure allowed us to obtain data with varying amounts of diffusion coherence through partial volume effects, while maintaining
constant SNR across resolutions.
Segmentation and parcellation
An additional 1 mm3 T1-weighted FSPGR scan was collected in the same session
as the diffusion weighted scan and processed with the Freesurfer recon-all pipeline
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Figure 6.2: Top-down and sagittal views showing short-range streamlines found
at 1  1  1 mm3 but not at 2  2  2 mm3 resolution. The colormap represents
average cluster lengths in cm. Note the strikingly dense network of very short-range
connections in the occipital cortex, indicated by the arrow.

(Fischl et al., 1999) to automatically label each hemisphere into 66 anatomical regions
(Destrieux et al., 2010), which were subsequently refined into a set of 1015 subregions
according to the Lausanne parcellation (Hagmann et al., 2008). Subcortical regions
were excluded from graph calculations to constrain the analysis exclusively to corticocortical connections.
White matter fiber tractography
Whole-brain deterministic streamline tracking procedure was carried out for each
individual dataset Ri1,2,3 using the connectome toolkit (http://www.cmtk.org).
Specifically, the step size was set to one tenth of the voxel dimension, the minimum length of a fiber was invariably 5mm, the maximum curvature was 300/mm,
the number of random seeds per voxel was 64 and the minimum fractional anisotropy
(FA) threshold was 0.2.
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6.2 Network reconstruction
Structural networks were constructed for each resolution using the CMTK toolkit
(Gerhard et al., 2011). In the initial clustering step, only those streamlines with both
ends terminating in the cortical parcellation mask were retained. The endpoints of
these cortico-cortical streamlines were then labeled according to the corresponding
subregions and an edge was added between any pair of nodes in the network for
which a connection was found. Self-loops were included in the analysis to allow for
intraregional connections and the possibility that the arbitrary subpartitioning may
not necessarily coincide with functionally relevant areas. Next, characteristics of the
putative tracts including length, mean and max curvature and streamline density
were stored as weights for subsequent statistical analysis.
6.2.1

Network comparisons across resolutions

To reveal any anatomical discrepancies between Ri1,2,3 , the adjacency matrices
across resolutions were compared using simple set operations. Specifically, the difference Rij between 2 resolutions Ri and Rj was obtained by calculating the relative
complement Dij,i¡j



Ri

X Rcj ,

thereby providing an efficient method to identify

streamlines that were missed when a lower resolution was used. Comparisons were
also performed in the opposite direction to detect any fibers that may have been
inadvertently missed or else successfully avoided in the higher resolution data (not
shown).
6.2.2

Fiber clustering

Streamlines belonging to the relative complements Dij were clustered to enhance the
visualization of fiber bundles of various lengths. To avoid operator bias, the culling
was performed programmatically using in-house python scripts based on publicly
available software (http://www.dipy, (Garyfallidis et al., 2010)) and we used the
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same set of criteria for all resolutions. Briefly, a streamline shorter than 6.5 cm
was added to a local short-range cluster if its endpoints were less than 3 cm apart,
its mean curvature was greater than 5% and its 3-point skeleton formed an angle
sharper than 60deg. These constraints were relaxed for the definition of mid and
long-range fibers, which included all the streamlines in the 7 to 12 cm range (or
respectively longer than 12 cm) with endpoints further than 1 cm apart (or 4 cm for
the long-range). The latter distance was chosen empirically to exclude false positives
that may arise from spurious “double-backing” at distal merging points and was kept
short enough to ensure that callosal bundles connecting adjacent areas on either side
of the midline would be spared in the process. Finally, the local skeleton clustering
procedure was used to color each bundle according to its average length.

6.3 In-vivo Results
Prior to the detailed analyses, the dMRI dataset was evaluated to ensure sufficient
SNR and spatial fidelity. In all white matter voxels, the SNR in the baseline and
dMRI images were found to be greater than the recommended minimum for accurate tensor fitting at this b-value (

¡ 10 : 1 and ¡ 3 : 1 respectively (Jones and

Basser, 2004), as illustrated in Figure 6.1a. In addition, the spatial fidelity of the
dMRI images after distortion correction was confirmed against the high-resolution T1
anatomical outlines (shown as red lines in Figure 6.1b and 6.1c). At high-resolution,
the improved delineation near brain surface is also evident in Figure 6.1b and Figure
6.1c.
Whole brain tractography and connectivity analyses were carried out across all
spatial resolutions. Shown in Figure 6.2 are fiber illustrations in axial and sagittal
views at two representative resolutions of 2  2  2 mm3 and 1  1  1 mm3 . In
addition to the common fibers delineated at both resolutions (shown in gray), there
is a significant increase of short-range fibers (shown as warm colors in Figure 6.2)
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Figure 6.3: Total number of streamlines for short, mid and long-range connections
as a function of spatial resolution.

only seen at high spatial resolution, revealing a widespread increase of U-shaped
fibers across cortices. The increase in connection density at the surface brain regions
is likely due to improved disentanglement of distinct fiber bundles converging in the
gyral crown, and better tolerance for very high curvature fibers in the sulcal valley.
Accordingly, a strikingly dense network of very short-range connections is revealed
in the occipital cortex, illustrating the potential benefits of high-resolution for a wide
range of applications.
A quantitative analysis of absolute and relative number of fibers of different
lengths was performed, and the results are shown in Figure 6.3. While a general
trend of increased overall amount of fibers is observed, there is also a preferential
increase of short-range fibers at high spatial resolution (1  1  1 mm3 ), confirming
the qualitative findings from Figure 6.2.
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Figure 6.4: Mean curvature (top) and maximum curvature (bottom) as a function
of fiber length respectively for datasets with 1  1  1 mm3 , 1.5  1.5  1.5 mm3 and
2  2  2 mm3 resolution.

Further, to assess the fiber tracking improvement at high spatial resolution in
regions with highly curved fibers, the mean curvature was determined for each fiber
group and compared across different spatial resolutions. As shown in Figure 6.4, the
mean curvature was greater at high-resolution (1  1  1 mm3 ) than at conventional
resolution (2  2  2 mm3 ) for all fiber lengths shorter than 6 cm and was found to

be proportionally higher for very short fibers. Therefore, the improved tracking at
highly curved regions is likely a direct cause of the increased number of short-range
fibers.
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Finally, whole-brain connectivity analysis was carried out to investigate the relationship between spatial resolution and the proportion of network connections identified in the adjacency matrix, commonly referred to as connection density. As shown
in Figure 6.5, the connection density increased monotonously with spatial resolution
at any given fiber length. More specifically, when comparing the 1  1  1 mm3 to
the 2  2  2 mm3 data, a 21% increase for the very short-range fibers was found,
along with 41% increase for the short-range, 76% for the mid-range and 254% for
the long-range. Interestingly, there was a significant boost of connection density for
long-range fibers as a result of improved fiber tractography at high spatial resolution. This is likely due to the better delineation of the gray/white boundaries that
improves gray matter ROIs (i.e. nodes) seeding for generating mutual connections
among them. In addition, the increased spatial resolution could make long-range
tractography more robust to pathway interruption caused by crossings.
While it is not surprising to expect improved construction of the human connectome if high spatial resolution is used, it is instructive to evaluate the impact
of the spatial resolution on the connectivity maps. The analyses carried out in this
report are thus aimed at obtaining a systematic evaluation on the impact of spatial resolution on the delineation of short to long-range fibers (including quantity
and curvature), and on the construction of connectome maps concerning the overall
connectivity and mutual connectivity among functional nodes (gray matter ROIs).
Perhaps the most significant direct finding in high spatial resolution in vivo dMRI
at high spatial resolution is the greatly increased amount of short-range fibers, often with very high curvatures. This is consistent with a recent report illustrating
some of the most compelling results in high-resolution tractography near the grey
matter in humans (Heidemann et al., 2012). It was shown that dMRI at 800µm
isotropic enables the disentanglement of adjacent fibers. However, these results were
obtained with a partial field of view at ultra-high field (7 Tesla) using a dedicated
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Figure 6.5: Connection density of short, mid and long-range connections as a function of grid resolution. The density is defined as the fraction of identified connections
to possible connections. Here, Ntotal  498501 for N  998 subregions.

high-performance gradient system. Our approach is aimed at establishing the feasibility of such high-resolution dMRI scans on widely available 3T MRI scanners, and
at extending the coverage to the entire brain to evaluate the impact of spatial resolution on constructing the whole-brain connectome and other connectivity maps. We
demonstrated hereby that it is feasible to arrive at the spatial resolution necessary
to resolve the highly curved cortical association fibers.
Improved fiber delineation in the neuropil also proves to be more beneficial than
just the improved characterization of the cortical association fibers or U-fibers. Indeed, there is a very significant increase in the connection density for mid- and
long-range fiber pathways at higher spatial resolution. This observation may be explained by an improvement in characterizing the connections at the gray/white mat96
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Figure 6.6: Adjacency matrix of short, mid and long range intra-hemispheric connections respectively colored in yellow ( 7cm), red (7
l
12cm) and green
(l ¡ 12cm) between 998 ROIs in the left and right hemispheres. Note that the lower
triangular matrix contains all the connections present at 1  1  1 whereas the upper
part depicts the relative complement of 1  1  1 with respect to 1.5  1.5  1.5, i.e
the connections that are found at 1  1  1 but not at 1.5  1.5  1.5mm3 .
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ter boundaries allowing better association of gray matter ROIs with white matter
fiber pathways and by an increased amount of deep brain fibers otherwise interrupted
due to partial volume effects in areas with crossing fibers.
There are obviously practical considerations on trade-offs between resolution and
scan time. In our preliminary investigation, it was found that, within a reasonable imaging time of 18 minutes, DTI with high spatial resolution on the order of
1  1  1 mm3 would offer much improved fiber tractography in highly curved pathways, which would otherwise be very difficult to resolve in q-space with a HARDI
acquisition.
In the absence of a gold standard, it remains difficult to conclude what the optimal
spatial resolution should be to construct the human connectome. However, based
on the findings in this report, the combination of a high-q low-k acquisition and a
low-q high-k acquisition might be a plausible approach to reach a consistent and
true map of the human connectome. Given the recent and continued advances in
multi-shot DW EPI and compressive sensing to reach even higher spatial and angular
resolutions, coupled with hardware advances in parallel coil arrays, we expect to reach
a more definitive “optimal” solution to reveal the most fundamental connections in
the human brain.
Based on our current evaluation on the impact of spatial resolution on connectivity maps, we provisionally conclude that high spatial resolution can complement
high angular resolution to improve fiber tractography, especially in superficial cortical regions where highly curved fibers (e.g. U-fibers) are prevalent. In addition, the
improved delineation at the gray-matter boundaries also greatly facilitated characterizations for mid- to long-range connections between nodes, effectively linking the
gray matter ROIs (i.e. nodes) and white matter pathways (i.e. edges) and improving
the construction of the human connectome.
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7
Conclusion and recommendations

7.1 Summary of contributions
This thesis has focused on the design and development of acquisition strategies for
high-resolution diffusion imaging. After a brief review of the theory of diffusion MRI
and of the basic principles of streamline tractography in the human brain, the main
obstacles and challenges to increasing the spatial resolution were discussed. A comprehensive characterization of artifacts due to motion and field inhomogeneities was
provided and novel corrective methods were proposed enabling the acquisition of diffusion weighted data with 2D mulitslice imaging techniques with full brain coverage,
increased SNR and high spatial resolutions of 1.25  1.25  1.25 within an acceptable
scan time of 30min. The method was employed to investigate the effect of spatial resolution on the delineation of short range connections, showing a clear improvement of
streamline reconstructions in areas of high curvature such as in the highly-convoluted
cortical folds near the white/gray matter interface. Building upon the multishot diffusion imaging methods developed in 2d multislice mode, an extension of multishot
constant density spiral diffusion imaging to 3D phase encoding was proposed. Pre-
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liminary studies using the new 3D multislab acquisition method showed promising
results with enhanced SNR and robustness to both motion-induced phase errors and
spin history loss due to through-plane motion, thereby introducing a new class of
robust DWI acquisition techniques sensitive enough to allow submillimetric isotropic
spatial resolutions in human in vivo on clinical 3T MR imagers.

7.2 Recommendations for future work
High-spatial resolution diffusion imaging should find many applications in clinical
practice as well as in cognitive neuroscience research. A particularly interesting area
of investigation for high-resolution diffusion imaging is the study of acute ischemia for
which only a few diffusion encoding directions and hence a clinically acceptable time
are necessary to obtain clinically relevant information . The methods proposed in
this thesis will also directly apply to and benefit the enhanced characterization of microstructural changes undergone through aging or disease such as myelin breakdown
in Multiple Sclerosis. Monitoring the efficacy of a therapy using such non-invasive
techniques is a topic of intense interest. Increasing the spatial resolution (and therefore decreasing unwanted partial volume effects) and SNR of advanced techniques
sensitized to the diffusion of myelin water will be an important step towards improving their specificity and sensitivity (Avram et al., 2010, 2012).
In comparison, the prerequisites to achieve full brain mapping of the human connectome are dramatically more stringent. At this early phase of the human connectome
project (HCP), the mere definition of what constitutes a connectivity metric is still
actively debated (Mesulam, 2012). In other words, the conundrum of non-invasive
imaging methodologies applied to mapping such a complex network as the human
brain resides in the fact that it constitutes an inverse problem for which no gold
standard currently exists. Even the conjunction of new mapping software and the
development of dedicated hardware undertaken by the hardware manufacturers does
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not guarantee a positive outcome for the human connectome project although new
discoveries will surely emerge from this massive and ambitious project (Van Essen
and Uğurbil, 2012).
Since the high-resolution methods developed in this dissertation would require the
use of repeats along a minimum of 30 directions to control for noise bias in the
tensor reconstruction (Basser and Jones, 2002), the total scan time required for full
brain coverage may compromise their applicability. However, some novel strategies
have been recently proposed which leverage multi-band excitation to dramatically
increase through-put by a factor of 2 or 3, provided that an adequate multichannel
receive coil design is used, to guarantee sufficient inplane as well as through-plane
spatial sensitivity encoding capability. Mitigating interscan motion with slice tracking modules will also be applicable to compensate for slice misalignment as soon as
these modules become are delivered by the scanner vendors.
Another area of tremendous potential is the application of compressed sensing to
reduce the number of diffusion encoding steps to a minimum, allowing one to pick a
protocol which would provide the same diffusion information in a reduced scan time.
Beyond diffusion, other sources of contrast may reveal precious information about
tissue microstructure. As an example, an active area of research is concerned with
the use of T1 relaxometry to quantify the amount of myelin in the grey matter in the
hope of deriving myelo-architectural parcellation schemes throughout the brain, with
the ultimate goal to contradict, corroborate or refine the previous atlases established
early on by the German anatomist Korbinian Brodmann, which were based solely
on the cytoarchitectural disparities between adjacent cortical areas. Another very
potent source of contrast is the brain inherent susceptibility, defined as the magnetic
response of the tissue when it is placed in a magnetic field. While the minimum
spatial resolution of diffusion is eventually limited by the fact that a spin may eventually diffuse beyond the boundaries of a voxel if its dimensions are comparable to
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the average spin displacement, susceptibility on the other hand does not suffer from
such limitations since it can be defined locally at any given point in space as a deconvolution of the dipolar phase patterns associated with point source susceptibility
perturbations (Wu et al., 2011; Duyn, 2012). Recent work has demonstrated the
existence of a relationship between susceptibility metrics and myelin content as well
as its orientation. Adopting a dual approach to study the anisotropy of transcortical
profiles as undertaken in section 5.1 may reveal interesting correlation patterns with
cortical thickness and myelin content as defined by susceptibility or T1 relaxometry.
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Appendix A
Phase correction

The origin of motion-induced phase errors in diffusion weighted imaging is characterized in details in section 3.3.1. This appendix describes the main algorithm used in
the current work to apply the phase navigator in the context of Sensitivity Encoding
(SENSE) spiral diffusion weighted image reconstruction (Liu et al., 2005). The basic
idea is that phase errors need to be nulled in image space before combining all the
interleaves. The navigator can be derived from the central part of the trajectory in
the case of a variable density spiral or inherently estimated from a SENSE reconstruction of each spiral interleaf in the case of the constant density spiral diffusion
weighted imaging method proposed in section 4.4.
Following the method introduced by (Liu et al., 2005), the proposed method also
performs correction of motion-induced phase errors in the image reconstruction step
by incorporating the phase errors into the image encoding function. In matrix form,
the k-space data acquired with a single-coil multishot sequence are:
d  Em

(A.1)

where d is a column vector of k-space data, E is the encoding matrix which combines
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Fourier encoding and motion-induced phase error encoding, and m is a column vector
of the reconstructed artifact-free image. Specifically, d, m, and E can be expressed
as (Liu et al., 2005):
d  rdpk1,1 qdpk2,1 q . . . dpknk ,1 q . . . dpkκ,s q . . . dpknκ , ns qsT

(A.2)

m  rmpr1 qmpr2 q . . . mprN 2 sT

(A.3)

E



 pF1P1qT |pF2P2qT | . . . |pFn Pn qT
s

T

(A.4)
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where Fs is the Fourier encoding matrix of shot s with the form:
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and Ps is a diagonal matrix of motion-induced phase errors caused by shot s:
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(A.6)

In all of the above equations, kκ,s is the κth sampling point of the sth shot, rρ is the
location of the ρth pixel of the reconstructed image, and ϕs prρ q is the phase error
caused by motion during the acquisition of shot s to pixel at location rρ . If phase
errors maps are available for each individual shot (Ps ), then we can determine the
encoding matrix E and estimate m using least squares estimation:
E H Em  E H d

(A.7)

Rather than solving equation A.7 by computing the direct inversion of the very
large matrix E, which would be computationally intensive and prone to conditioning
errors(Sedarat and Nishimura, 2000), the conjugate-gradient algorithm is preferred
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(Pruessmann et al., 2001). The main difference with the SENSE algorithm for arbitrary trajectory relies in the definition of a coil pseudo-coil sensitivity which combines
the complex sensitivity of each coil with the complex navigator of each shot for that
particular coil (Liu et al., 2005). The pseudo-coil sensitivity profile is then cγ eϕs,γ prρ q
where cγ is the coil sensitivity profile of the γ th coil and ϕs,γ prρ q is the phase error measured at the location ρ in the navigator of shot s and of coil coil γ. The
pseudo-coil sensitivity can be more explicitly expressed in matrix form as:


Ss,γ



cγ pr1 qejϕs,γ pr1 q
0

0
jϕs,γ pr1 q


0
c
p
r
q
e
0
0
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E is then redefined for simultaneous SENSE and phase error correction as:
E



 pF1S1,1qT |pF1S2,1qT | . . . |pFn Sn ,1qT | . . . |pFn Sn ,n qT
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s

s

s

c
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(A.9)

Based on this redefinition of the encoding matrix, the conjugate gradient method
can readily be used to solve equation A.7 and reconstruct the final image m. This
method performs well to correct for linear and non-linear motion provided that a
phase map is available. One shortcoming is that the total image reconstruction time
scales with the number of coils and the number of shots. While a small number
of shots is desired, it is usually preferred to use a larger number of channels (e.g
n=32). The extension of the present method to three-dimensional phase correction
with simultaneous multislice acquisition (Setsompop et al., 2012) will undoubtedly
impose new demands for more efficient reconstruction algorithms.
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