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Abstract

Diffusion MRI (dMRI) is the unique technique to infer the microstructure of the white
matter in vivo and noninvasively, by modeling the diffusion of water molecules. En-
semble Average Propagator (EAP) and Orientation Distribution Function (ODF) are
two important Probability Density Functions (PDFs) which reflect the water diffu-
sion. Estimation and processing of EAP and ODF is the central problem in dMRI,
and is also the first step for tractography. Diffusion Tensor Imaging (DTI) is the
most widely used estimation method which assumes EAP as a Gaussian distribution
parameterized by a tensor. Riemannian framework for tensors has been proposed
successfully in tensor estimation and processing. However, since the Gaussian EAP
assumption is oversimplified, DTI can not reflect complex microstructure like fiber
crossing. High Angular Resolution Diffusion Imaging (HARDI) is a category of meth-
ods proposed to avoid the limitations of DTI. Most HARDI methods like Q-Ball Imag-
ing (QBI) need some assumptions and only can handle the data from single shell
(single b value), which are called as single shell HARDI (sHARDI) methods. How-
ever, with the development of scanners and acquisition methods, multiple shell data
becomes more and more practical and popular. This thesis focuses on the estimation
and processing methods in multiple shell HARDI (mHARDI) which can handle the
diffusion data from arbitrary sampling scheme.
There are many original contributions in this thesis.

e First, we develop the analytical Spherical Polar Fourier Imaging (SPFI), which
represents the signal using SPF basis and obtains EAP and its various features
including ODF's and some scalar indices like Generalized Fractional Anisotropy
(GFA) from analytical linear transforms. In the implementation of SPFI, we
present two ways for scale estimation and propose to consider the prior £(0) = 1
in estimation process.

e Second, a novel Analytical Fourier Transform in Spherical Coordinate (AFT-SC)
framework is proposed to incorporate many sHARDI and mHARDI methods,
explore their relation and devise new analytical EAP/ODF estimation methods.

¢ Third, we present some important criteria to compare different HARDI methods
and illustrate their advantages and limitations.

e Fourth, we propose a novel diffeomorphism invariant Riemannian framework
for ODF and EAP processing, which is a natural generalization of previous Rie-
mannian framework for tensors, and can be used for general PDF computing by
representing the square root of the PDF called wavefunction with orthonormal
basis. In this Riemannian framework, the exponential map, logarithmic map
and geodesic have closed forms, the weighted Riemannian mean and median
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uniquely exist and can be estimated from an efficient gradient descent. Log-
Euclidean framework and Affine-Euclidean framework are developed for fast
data processing.

Fifth, we theoretically and experimentally compare the Euclidean metric and
Riemannian metric for tensors, ODFs and EAPs.

Finally, we propose the Geodesic Anisotropy (GA) to measure the anisotropy of
EAPs, Square Root Parameterized Estimation (SRPE) for nonnegative definite
ODF/EAP estimation, weighted Riemannian mean/median for ODF/EAP inter-
polation, smoothing, atlas estimation. The concept of reasonable mean value
interpolation is presented for interpolation of general PDF data.
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Resumé

L'IRM de diffusion est a ce jour la seule technique a méme d’observer in vivo et de
facon non-invasive les structures fines de la matiere blanche, en modélisant la diffu-
sion des molécules d’eau. Le propagateur moyen (EAP pour Ensemble average Prop-
agator en anglais) et la fonction de distribution d’orientation (ODF pour Orientation
Distribution Function en anglais) sont les deux fonctions de probabilités d’intérét
pour caractériser la diffusion des molécules d’eau. Le probleme central en IRM de
diffusion est la reconstruction et le traitement de ces fonctions (EAP et ODF); c’est
aussi le point de départ pour la tractographie des fibres de la matiere blanche. Le
formalisme du tenseur de diffusion (DTI pour Diffusion Tensor Imaging en anglais)
est le modele le plus couramment utilisé, et se base sur une hypotheése de diffusion
gaussienne. Il existe un cadre riemannien qui permet d’estimer et de traiter cor-
rectement les images de tenseur de diffusion. Cependant, 'hypothése d’une diffusion
gaussienne est une simplification, qui ne permet pas de décrire les cas ou la struc-
ture microscopique sous-jacente est complexe, tels que les croisements de faisceaux
de fibres. L'imagerie a haute résolution angulaire (HARDI pour High Angular Res-
olution Diffusion Imaging en anglais) est un ensemble de méthodes qui permettent
de contourner les limites du modeéle tensoriel. La plupart des méthodes HARDI a ce
jour, telles que I'imagerie sphérique de 1’espace de Fourier (QBI pour Q-Ball Imag-
ing en anglais) se basent sur des hypothéses réductrices, et prennent en compte
des acquisitions qui ne se font que sur une seule sphere dans 'espace de Fourier
(sHARDI pour single-shell HARDI en anglais), c’est-a-dire une seule valeur du coef-
ficient de pondération b. Cependant, avec le développement des scanners IRM et des
techniques d’acquisition, il devient plus facile d’acquérir des données sur plusieurs
spheres concentriques. Cette these porte sur les méthodes d’estimation et de traite-
ment de données sur plusieurs spheres (nHARDI pour multiple-shell HARDI en
anglais), et de facon générale sur les méthodes de reconstruction indépendantes du
schéma d’échantillonnage.

Cette these présente plusieurs contributions originales.

e En premier lieu, nous développons I'imagerie par transformée de Fourier en co-
ordonnées sphériques (SPFI pour Spherical Polar Fourier Imaging en anglais),
qui se base sur une représentation du signal dans une base de fonctions a par-
ties radiale et angulaire séparables (SPF basis pour Spherical Polar Fourier en
anglais). Nous obtenons, de facon analytique et par transformations linéaires,
IEAP ainsi que ses caractéristiques importantes : 'ODF, et des indices scalaires
tels que l'anisotropie fractionnelle généralisée (GFA pour Generalized Frac-
tional Anisotropy en anglais). En ce qui concerne I'implémentation de SPFI,
nous présentons deux méthodes pour déterminer le facteur d’échelle, et nous
prenons en compte le fait que E(0) = 1 dans I'estimation.
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¢ En second lieu, nous présentons un nouveau cadre pour une transformée de
Fourier analytique en coordonnées sphériques (AFT-SC pour Analytical Fourier
Transform in Spherical Coordinate en anglais), ce qui permet de considérer
aussi bien les méthodes mHARDI que sHARDI, d’explorer les relations entre
ces méthodes, et de développer de nouvelles techniques d’estimation de 'EAP et
de 'ODF.

¢ Nous présentons en troisieme lieu d’importants criteres de comparaison des
différentes méthodes HARDI, ce qui permet de mettre en lumiere leurs avan-
tages et leurs limites.

¢ Dans une quatriéme partie, nous proposons un nouveau cadre riemannien in-
variant par difféeomorphisme pour le traitement de 'EAP et de ’'ODF. Ce cadre
est une généralisation de la méthode riemannienne précédemment appliquée
au tenseur de diffusion. Il peut étre utilisé pour I'estimation d’'une fonction de
probabilité représentée par sa racine carrée, appelée fonction d’'onde, dans une
base de fonctions orthonormale. Dans ce cadre riemannien, les applications
exponentielle et logarithmique, ainsi que les géodésiques ont une forme analy-
tique. La moyenne riemannienne pondérée ainsi que la médiane existent et sont
uniques, et peuvent étre calculées de facon efficace par descente de gradient.
Nous développons également un cadre log-euclidien et un cadre affine-euclidien
pour un traitement rapide des données.

e En cinquiéeme partie, nous comparons, théoriquement et sur un plan
expérimental, les métriques euclidiennes et riemanniennes pour les tenseurs,
I’ODF et 'EAP.

e Finalement, nous proposons l’anisotropie géodésique (GA pour Geodesic
Anisotropy en anglais) pour mesurer Ilanisotropie de [I'EAP; une
paramétrisation par la racine carrée (SRPE pour Square-Root Parameter-
ized Estimation en anglais) pour l’estimation d'un EAP et d'une ODF positifs;
la médiane et la moyenne riemanniennes pondérées pour l'interpolation, le
lissage et la construction d’atlas basés sur 'ODF et de 'EAP. Nous introduisons
la notion de valeur moyenne raisonnable pour l'interpolation de fonction de
probabilités en général.

xvi



Acknowledgments

This thesis was performed jointly in CCM group in CASIA and in Odyssée/Athena
group in INRIA-Sophia Antipolis Méditerranée, under the supervision of Prof.
Tianzi Jiang and Prof. Rachid Deriche. This thesis was partially granted by
the French Government Award Program, the Natural Science Foundation of China
(30730035,81000634), the French ANR “Neurological and Psychiatric diseases” Nu-
cleiPark and the France-Parkinson Association.

First of all, I would like to thank my advisors. I want to thank Prof. Tianzi Jiang
for supervising me for seven years in CASIA. In my seven years’ MS & PhD study, I
have worked on several topics. Every time when I changed my research topic, Prof.
Jiang always supported me and trusted me, although my research interests are dif-
ferent from his at most of time. I really cherished the freedom and the unconditional
support he granted for my study, without which the thesis can not be finished with
the current contents. I also want to express my gratitude to Prof. Rachid Deriche
for accepting me and supervising me in INRIA, for his trust and invaluable support.
Prof. Deriche introduced me the area of advanced dMRI, i.e. HARDI, and showed me
the “KISS” principle for excellent papers. Although currently some of my papers seem
to violate this principle, I will consider it as the golden rule for all my future works. I
also want to thank Prof. Oliver Faugeras for accepting me in Odyssée/Athena group.

Next, I am grateful to all the reviewers and the jury members, i.e. Prof. Maxime
Descoteaux, Gaolang Gong, Hongtu Zhu, Théodore Papadopoulo, Yong Fan, Shan Yu
and Rong Xue, for their valuable review comments and for their participation in my
defense.

Many people contributed in different ways to the contents of this thesis. I want to
express my deep thanks to Feng Shi in CCM group for his long term help not only in
academic works but also in daily life, to Auro in Athena group for our collaboration in
programming and discussion, especially when I first came to France. I want to thank
Max and Christophe for their works and codes they left, which makes me start in a
very high level in dMRI domain. I would like to thank Manu for his help in the French
abstract, in my living in France, and for the collaboration on sampling scheme. I
would specially thank Dr. Haz-Edine Assemlal for introducing me his works on SPF
basis.

Many other people in CCM group and Odyssée/Athena group help me in variant
ways in my works and in my daily life. I would like to thank my collogues in CCM:
Gaolang Gong, Fuchun Lin, Ni Shu, Yonghui Li, Qifeng Wang, Xiuchao Sui, Jiajia Li,
Lijuan Xu, Kun Wang, Jiefeng Jiang, Bing Liu, Ming Song, Nianming Zuo, Yong Liu,
Xinpeng Jiang, Lei Lin, Yuanchao Zhang, Hongming Li, Di Jiang, Sangma Xie, Jiao-
jian Wang, Chongying Chu, Yuhui Du, Yu Zhang, Haixia Long, Qiaojun Li, etc. I also
would like to thank my collogues in Odyssée/Athena group: Olivier, Theo, Maureen,
Pierre, Demian, Manu Olivi, Anne-Charlotte, Jaime, etc.

xvii



ACRONYMS

This joint thesis can not be finished without the administrative support by Ms.
Bizhen Hong, Lei Lee, Shaomei Wang, Marie-Cecile Lafont, Claire Senica, Juliette
Jin, Ghislaine Rodriguez. Thank you for your help.

I would like also to thank my Chinese friends in France: Ting Peng, Yiyi Wei,
Yizhen Zhang, Junbo Huang, Ke Huang, Nanjiang Chen, Yinan Liu, Zhigang Liu,
Zhengqin Luo, Ken Wong, etc.

I want to thank my roommates and classmates in HIT and CASIA for their long
term support and help in last years: Aiwen Jiang, Yanming Zhang, Wei Li, Xiaoyu
Zhang, Haoshui Zhang, Deliang Yu, Linjing Li, Mingwei Li, Zheng Wen, etc.

Last, I deeply thank my grandparents, parents, uncles, aunts, and my wife, for
their invaluable love, endless patience and encouragement during these years.

Thank you all!

Jian Cheng
2012. 04

xviii



CHAPTER 1

INTRODUCTION

CONTEXT

Diffusion Magnetic Resonance Imaging (dMRI) is a relatively recent MRI method,
introduced in the middle of the 80’s by [Bihan et al., 1986; Merboldt et al., 1985; Tay-
lor and Bushell, 1985]. The diffusion of water molecules in tissues is hindered by
many obstacles, such as macromolecules, fibers, membranes, etc. Thus the diffusion
of water molecules can be used as a probe to reveal microscopic details about tissue
microstructure. dMRI is a powerful and the unique technique to study the white
matter in vivo and noninvasively by modeling the water diffusion. There are many
research directions in dMRI, from the imaging technique for Diffusion Weighted Im-
ages (DWIs), to reconstruction of scalar/tensor/function valued images, to segmenta-
tion, registration, tractography and to clinical applications, etc. Please see Fig. 1.1.
In this thesis we are interested in the reconstruction and processing of the Ensem-
ble Average Propagator (EAP) and its various features like Orientation Distribution
Functions (ODFs).

Diffusion Tensor Imaging (DTI) is the most widely used reconstruction method
based on free diffusion assumption [Basser et al., 1994]. The EAP in DTI is assumed
to be Gaussian distribution parameterized by diffusion tensor D. Thus The EAP field
can be represented by a tensor field and visualized by ellipsoids. The Mean Diffusivity
(MD) and Fractional Anisotropy (FA) are two useful scalar measurements in clinical
studies [Pierpaoli and Basser, 1996]. The Riemannian framework for Gaussian distri-
bution has been successfully used in tensor estimation [Lenglet et al., 2006b; Fillard
et al., 2007], regularization [Pennec et al., 2006], segmentation [Lenglet et al., 2006al,
Principal Geodesic Analysis (PGA) [Fletcher et al., 2004], statistical test [Schwartz-
man, 2006], etc. In Odyssée/Athena group, Dr. Lenglet has made a great contribu-
tion on the Riemannian framework for tensors in DTI [Lenglet, 2006; Lenglet et al.,
2006a,b]. In CCM group, we has published many works on neuroscience applications
based on the scalar indices or brain network analysis in DTI model [Gong et al., 2005;
Lin et al., 2006; Yu et al., 2008; Shu et al., 2009; Li et al., 2009; Wang et al., 2011,
Li et al., 2012]. Although the Gaussian assumption for free diffusion is adequate for
voxels with isotropic diffusion or coherent single direction diffusion, it fails for vox-
els with more complicated microstructure, because the water diffusion in tissues is
generally the hindered diffusion. Tensor model in DTI cannot resolve complex fiber
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Figure 1.1: Research contents in dMRI. In this thesis, we focus on the reconstruction and
processing of the EAP and its features like ODFs. Chapter 5 focuses on estimation of the EAP

and its features. Chapter 6 focuses on the Riemannian framework for processing of ODF's and
EAPs.
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configurations like crossing, merging, kissing, etc. While it was reported that between
one third to two thirds of imaging voxels in the human brain contain have more than
one fiber orientation [Behrens et al., 2007].

High Angular Resolution Diffusion Imaging (HARDI) is a category of reconstruc-
tion methods proposed to avoid the Gaussian EAP assumption and resolve the com-
plex fiber configurations. In this thesis, we consider HARDI as all methods beyond
DTI, although HARDI was proposed initially as a mixture of tensor model [Tuch et al.,
2002]. HARDI methods can be separated into two classes, i.e. single shell HARDI
(sHARDI) and multiple shell HARDI (mHARDI). sHARDI methods like the most
famous one Q-Ball Imaging (QBI) [Tuch, 2004; Anderson, 2005; Hess et al., 2006;
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Figure 1.2: Sketch of the chapters and their relations in the thesis. The green stars are the
chapters in background part. The purple stars are the chapters in contribution part.
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Descoteaux et al., 2007] only can handle the data with single b value (single shell),
because the data from different shell obtain different results. In Odyssée/Athena
group, Dr. Descoteaux did a great job in analytical QBI and other Spherical Harmonic
(SH) related sHARDI methods [Descoteaux, 2008; Descoteaux et al., 2007, 2008al.
mHARDI methods normally can work for both single shell data and multiple shell
data by considering a basis defined in R?, not SH basis in S°. Compared to sHARDI
methods, mHARDI methods need less assumptions and are model-free if complete
basis is used. In this thesis we focus on mHARDI methods for the estimation and
processing of EAP and its features.

ORGANIZATION AND CONTRIBUTIONS OF THIS THESIS _____

This thesis is organized mainly in two parts, i.e. the background part and the
contribution part. In the background part, we give a quick review for the background
knowledge on dMRI, orthonormal polynomials and special functions, manifold, statis-
tics on manifold and statistical manifold, which are used in the contribution part. In
the contribution part, we list two main contributions. One is the analytical Spheri-
cal Polar Fourier Imaging (SPFI) and the Analytical Fourier Transform in Spherical
Coordinate (AFT-SC) framework in Chapter 5, which can be seen as a generalization
of Dr. Descoteaux’s work on analytical QBI from S? to R?. The other one is the dif-
feomorphism invariant Riemannian framework for processing of ODFs and EAPs in
Chapter 6, which can be seen as a generalization of Dr. Lenglet’s work on DTI from
Gaussian distribution family to general non-Gaussian distribution family. We now
give an overview for each chapter in turn.

Part I: Background

The Background part describes some useful mathematical backgrounds required to
understand the technical contents in this thesis, and the basic concepts and knowl-

3
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edge of dMRI.

Chapter 2: This chapter covers the mathematical materials on orthogonal polyno-
mials and special functions, which are needed to understand Chapter 4 and 5. We
first introduce the basic concepts of the orthonormal functions and polynomials in
section 2.1 and 2.2. Then in section 2.3 Sturm-Liouville theory is introduced and dif-
fusion equation in one dimension space is solved in Example 2.3. Next in section 2.4
we review some basic concepts and results on polynomials, homogeneous polynomials
and homogeneous harmonic polynomials in R? and S¢"!. The most important theo-
retical result is the Harmonic Decomposition Theorem 2.4 and its various corollaries,
which directly results in Theorem 4.1 on the equivalence of High Order Tensor (HOT)
basis, polynomial basis and SH basis in S>. Then some orthonormal basis and their
properties are introduced in section 2.5, including associate Legendre polynomial,
Spherical Hamonics (SHs), Bessel function and spherical Bessel function, Hermite
polynomial, associate Laguerre polynomial and hypergeometric function. Three im-
portant theorems about SHs, i.e. Funk-Hecke theorem 2.7, addition theorem 2.6 and
plane wave expansion 2.8, are listed in this section. Their relation can be found in
Appendix 5.7. This section also introduced Simple Harmonic Oscillator basis in 1D
space in Eq. (2.60), called SHO-1D basis, and Simple Harmonic Oscillator basis in 3D
space in Eq. (2.69), called as SHO-3D basis. We introduce the Gamma function and
some other useful integral formulae in section 2.6.

Chapter 3: This chapter covers the mathematical concepts and results on mani-
fold, statistics on manifold and statistical manifold. Section 3.1 reviews the three
layers of structural concepts of Riemannian manifold, i.e. the topological structure,
differentiable structure and the Riemannian structure. The geometry of high dimen-
sion sphere S¢! is well studied in Example 3.2 on topology, Example 3.5 on tangent
space, Example 3.7 on geodesic, Example 3.8 on exponential and logarithmic maps.
Riemannian framework on sphere including geodesic, exponential map and logarith-
mic map can be used to devise algorithms to process the data on sphere. Section 3.2
presents the statistical analysis on Riemannian manifold, including the definition,
existence and uniqueness of weighted Riemannian mean and median, PGA. Sec-
tion 3.3 presents the basic concepts on information geometry which considers the
probability family as a manifold called statistical manifold. The Fisher informa-
tion metric is the natural Riemannian metric in the statistical manifold. We list
two examples on the Riemannian framework for different probability family. Exam-
ple 3.10 is for the Gaussian distribution family which is used in DTI. Example 3.11 is
for the multinomial distribution family which is used in Riemannian framework for
ODFs [Goh et al., 2011] by considering the ODF represented by its histogram. Our
formulation in Chapter 6 is more general and efficient by considering the orthonormal
basis representation in continuous case.

Chapter 4: This chapter presents the fundamental concepts and knowledge of Mag-
netic Resonance Imaging (MRI) and diffusion MRI (dMRI), reviews the reconstruc-
tion methods including DTI, sHARDI and mHARDI, and reviews the previous studies
on metrics and processing frameworks for Probability Density Function (PDF) valued
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data. First, we describe the basic principles of MRI and dMRI in section 4.1, includ-
ing the dualities between k-space and x-space, between g-space and R-space. Next,
we review different reconstruction methods in dMRI, including DTI in section 4.2,
sHARDI methods and mHARDI methods in section 4.3. We list the advantages and
limitations for every method, especially the assumptions used in each method. See
Table 4.1 and Appendix 4.7 for the assumptions in QBI and exact QBI. We also pro-
pose two correct ways for ODF normalization in Appendix 4.6. Finally we review
the metrics and processing frameworks proposed for tensors (Gaussian EAPs) and
ODFs in section 4.4. To our knowledge, there is no work on the metric and processing
framework for EAPs so far, which will be addressed in Chapter 6.

Part I1: Contributions

This part contains two main contributions in this thesis.

Chapter 5: This chapter proposes a novel analytical Spherical Polar Fourier Imag-
ing (SPFI) reconstruction for EAP and its various features. First, Dr. Assemlal’s
work on SPF basis, least square estimation with regularization, and numerical inner
product to estimate EAP and its features are presented in subsection 5.1.1. Sec-
ond, the analytical forms for EAP, two kinds of ODF's, three scalar indices including
Return-To-Origin probability (RTO), Mean Squared Displacement (MSD), general-
ized FA (GFA), are proposed in subsection 5.2.2. These analytical forms are linear
transforms. Note the GFA we proposed is for EAP in R? which is the generalization
of FA for tensors and GFA for ODFs. Next, the implementation of SPFI is shown in
Table 5.1, which contains three independent steps. In the scale estimation step, we
propose two ways. One is based on the typical ADC, and the other one is based on
fitting Generalized HOT (GHOT) model. In the least square estimation part, we pro-
pose to consider the prior £(0) = 1 in estimation. The third step is the analytical linear
transforms demonstrated in subsection 5.2.2. Section 5.2.2 proposes an novel Ana-
lytical Fourier Transform in Spherical Coordinate (AFT-SC) framework to compare
and analyze different sHARDI and mHARDI methods in a unified framework. Many
HARDI methods can be explained in AFT-SC framework, such as QBI, Diffusion Ori-
entation Transform (DOT), Diffusion Propagator Imaging (DPI), Simple Harmonic
Oscillator Reconstruction and Estimation (SHORE) and SPFI. Moreover many new
methods can be proposed in AFT-SC for analytical ODF and EAP estimation. Please
see Table 5.2 for these analytical reconstruction methods and their possible variants.
For QBI in AFT-SC framework, we propose the EAP for QBI, and demonstrate the
EAP and ODF by Wedeen for QBI are actually impractical since they have large
modeling error. For SHORE, we propose the analytical forms for EAP, ODFs and
variant scalar indices. For DPI and DOT, we analyze their limitations and propose
several variants to avoid the limitations. AFT-SC framework makes the analytical
ODF and EAP estimation become an easy job. Then two questions arise naturally:
How to evaluate all these analytical methods? Which analytical method is better? In
section 5.3, we propose some criteria for theoretical comparisons. See Table 5.3 for
an overview. These sHARDI and mHARDI methods are compared in experiments by
synthetic data, phantom data and real data in section 5.4. The experimental results
validated the methods and our theoretical comparisons.

5
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Chapter 6: This chapter proposes a general state-of-the-art Riemannian frame-
work as a mathematical tool to process PDF data like ODF/EAP valued images, by
representing the square root of the PDF, called wavefunction based on quantum me-
chanics, as a linear combination of some orthonormal basis functions. The proposed
Riemannian framework is the natural extension of previous Riemannian framework
for tensors. In theoretical part in section 6.1, we deduce the Riemannian metric,
i.e. the Fisher information metric, for PDFs based on orthonormal basis represen-
tation and show the properties of the statistical manifold which is a convex subset
of a high dimension sphere. In this framework, the exponential map, logarithmic
map and geodesic have closed forms, and weighted Riemannian mean (Fréchet mean)
and weighted Riemannian median uniquely exist. Moreover, we present two efficient
frameworks, i.e. Affine-Euclidean framework and Log-Euclidean framework, for fast
processing of data in subsection 6.1.6, and generalize the Geodesic Anisotropy (GA)
form tensors to ODFs and EAPs in subsection 6.1.5, which is the Riemannian dis-
tance from the ODF/EAP to the nearest isotropic ODF/EAP and is closely related
to the Rényi entropy. It should be noted that our theoretical results can be used
for any probability density function (PDF) besides ODF/EAP under any orthonor-
mal basis representation. Furthermore we analyze theoretically the similarities and
differences between Riemannian frameworks for EAPs, ODFs and for tensors. We
analyzed theoretically and experimentally the similarities and differences between
Riemannian framework for tensors and for ODFs and EAPs, between Riemannian
metric and Euclidean metric. The proposed Riemannian metric is diffeomorphism in-
variant which is the natural extension of the previous affine-invariant metric for ten-
sors. Based on this Riemannian framework of PDF's, we demonstrate some potential
applications in section 6.2 via the Riemannian operations for ODF and EAP compu-
tation, such as anisotropy description via GA, nonnegative definite ODF/EAP estima-
tion, interpolation, filtering, Principle Geodesic Analysis (PGA) and atlas estimation.
In the interpolation part, we propose the concept of reasonable mean value interpo-
lation on general PDF data. The swelling effect on tensor interpolation is a specific
phenomenon of unreasonable mean value interpolation. In section 6.3, the proposed
Riemannian framework and its applications are validated in synthetic, phantom and
real data. The experiments demonstrate that the Riemannian framework is very
useful for ODF and EAP computing.

Part ITI1: Conclusions

Chapter 7: This is the conclusion chapter which summarizes our contributions in
Chapter 5 and 6. It also summarizes the journey of my study for this thesis and
presents the potential perspectives.

Part IV: Appendices

Appendix A: This appendix describes the synthetic data generation and evaluation
of reconstruction methods in this thesis. The synthetic data is generated by mixture
of tensor model or mixture of Soderman cylinder model. The evaluation can be per-
formed by comparing the estimated ODFs/EAPs with ground truth ODFs/EAPs based
on mean squared error or fiber directions which are considered to be the maxima of
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ODF/EAP profiles. The maxima of ODF/EAP profiles are detected by a hybrid way
which combines the discrete mesh search and gradient ascent.

Appendix B: This appendix describes two real data set. One is the public phantom
data from LNAO used in fiber cup MICCAI 2009. The other one is the monkey data
from Xuanwu Hospital, Capital Medical University.

Appendix C: This appendix lists the publications from the author for this thesis.


http://lnao.lixium.fr/spip.php?rubrique35
http://www.xwhosp.com.cn/Sites/Site/News/Index/10000103.html
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

OVERVIEW

Special functions are some particular mathematical functions which have more or
less established names and notations due to their importance in mathematical anal-
ysis, functional analysis, physics, or other applications. An orthogonal polynomial
family is a set of polynomials which are orthogonal to each other under a certain inner
product. Classic orthogonal polynomials are some widely used special functions and
can be represented by hypergeometric functions based on Askey scheme [Askey and
Wilson, 1985]. Special functions and their properties are also widely used in HARDI.
For example, spherical harmonics and its properties have been deeply explored and
applied in QBI [Descoteaux et al., 2007; Aganj et al., 2010b], DOT [Ozarslan et al.,
2006], etc.

This chapter gives a quick overview of some classic special functions and their
properties that are used in the thesis. Please refer some textbooks on Mathematical
Physics, functional analysis and partial differential equation and Fourier analysis
for more details on the contents of this chapter [Arfken et al., 2005; Conway, 1990;
Haberman, 1987; Byron and Fuller, 1992; Axler et al., 2001; Andrews et al., 1999].

Organization of this chapter:

First, orthogonal functions in piecewise continuous function space are introduced
in Section 2.1. Second, orthogonal polynomials are introduced based on Stone-
Weierstrass theorem and Gram-Schmidt orthogonalization in Section 2.2. Then
Sturm-Liouville theory on the connection between complete orthogonal function sys-
tem and second order ordinary differential equation is described in Section 2.3, which
provides another way to construct an orthonormal basis in addition to Gram-Schmidt
orthogonalization. Next, we list some basic theoretical results on decomposition of
polynomial space in Section 2.4. Then some important orthonormal bases and their
properties used in this thesis, i.e. Spherical Harmonics, Laguerre Polynomial and
Hermite Polynomial, Bessel function etc., are introduced from partial differential
equation and orthogonalization in Section 2.5. At last, some other special functions
and integral formulae used in the following chapters are listed in Section 2.6.

2 1 ORTHOGONAL FUNCTIONS
[ ]

The function space of all piecewise continuous complex valued (C') functions de-
fined in a given real interval [a,b] ¢ R! forms a vector space. There are many
possibilities to define such an inner product (-, ) in the function space such that it
is a Hilbert space. Then the norm and metric introduced by the inner product are
given as [|f(x)ll = V(f(x), f(x)) and d(f(x), g(x)) = [If(x) — gx)ll, where f(x) and g(x) are
any two functions in the function space. A normally used inner product is defined as
(f(x), g(x)) = f f(x)g(x)dx, where g(x) means the conjugate of g(x). This inner product
introduces the well-known ¢, norm and metric in the function space. A more general
and widely used inner product is in Eq. (2.1), where w(x) is a positive definite weight
function.

b —
(f(x),8(x) = f J(0)gw(x)dx (2.1)
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After an inner product is defined, many useful tools can be introduced based on it,
such as the norm (or called length) of one function, distance and angle between two
functions, etc.

Definition 2.1. Let f(x) and g(x) be two piecewise continuous C' (1D complex val-
ued) functions. For one function, the length or norm of f(x) is defined as ||f(x)|| =
VX)), f(X)). f(x) is said to be normalized if it has unit norm. For two functions,
f(x) and g(x) are said to be orthogonal if {f(x),g(x)) = 0. The metric or distance is

introduced as d(f(x), g(x)) = ||f(x) — g(x)|l. The angle between f(x) and g(x) is defined as

(F(),8(x))
arccos ( TGOl )

When f(x) is orthogonal to g(x), the angle between these two functions is 90°.
When f(x) is not orthogonal to g(x), f(x) can be separated into two parts, where one is
f(x) - g 83?8‘;; g(x) that is orthogonal to g(x), and the other one is g Egggg; g(x) that has
angle of 0° with g(x). We can also normalize these two parts such that they have unit
norm. This process is called as Gram-Schmidt orthogonalization. Then these
two parts are just like two axes in Euclidean space R? and we can represent f(x) with

two scalar coefficients along these two axes.

The above concepts are only for one or two functions. For a set of functions
{f1(0)}lnes (maybe infinite) where J is the index set, the functions are called to be lin-
early independent if the equation },c; ¢, f,(x) = 0 has only the trivial solution ¢, = 0,
¥n € J. Otherwise, they are linearly dependent. A function set is an orthonormal
system if the functions all have unit norm and any two different functions are orthog-
onal, i.e. (f,(x), fin(x)) = 8.m. It is easy to check that the functions in an orthonormal
system are linearly independent. A linearly independent function set can be always
linearly transformed into an orthonormal system by the Gram—Schmidt process
performed in one dimension after another as we have described above in two dimen-
sion.

The linear span of a linearly independent function set {f,(x)}l,c; defined as
Span{{ f,,(X)}nes} = {Xnes cnfn(x) | cn € C} forms a vector space, which is homeomorphism
to the Euclidean space CV! when J is a finite set!. Based on the definition of the linear
span, any function in this spanned space can be linearly represented by these func-
tions. Thus we say that the function set is complete in the space or the function set
is a basis of the space. A weaker and more formal definition of completeness is
given as follows.

Definition 2.2. A function set {f,(x)},cs is called to be complete in a function space
FS [Arfken et al., 2005; Courant and Hilbert, 1989], if Vg(x) € FS, A ¢y, ¢a, ..., cn, Such
that

N b N 2
. _ 2 1 _ _
lim flg(x) Z} eafu@IP = Jim f &) Zl enfu)| W)dx = 0 2.2)
Complete orthonormal system in FS is called as orthonormal basis of FS.

Example 2.1. A simple example of orthonormal basis is the well-known Fourier basis
{e"'z””x}n:o,i 1. for the functions defined in [0, 1].

11J| means the number of members in J
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

The coefficients for the general orthonormal basis are called as generalized
Fourier coefficients and the partial summation quv:] cnfn(x) is called as general-
ized Fourier series, which are analogical to the Fourier coefficients and Fourier
series.

As we have shown about, any orthonormal system is an orthonormal basis
for its linear span. However, for a given orthonormal system and given function
space, Eq. (2.2) is not easy to be verified. Eq. (2.2) based on Mean Squared Error
(MSE) means the generalized Fourier series Z,,N: | cnfu(x) converges in the mean to
g(x), where w(x) is like a probability density function. Convergence in the mean is
different from pointwise convergence. For example, when Fourier basis is used to
represent discontinuous function like square wave function, Gibbs phenomenon oc-
curs in the discontinuous points. That is understandable because we use continuous
basis functions to represent discontinuous function. In this case, Fourier series of
square wave function does not converge at the discontinuous points, while Eq. (2.2)
is still satisfied. However, in practice when MSE is used to evaluate the difference
between signals (functions), we can simply ignore the discontinuous points because
they have no contribution for MSE. In this thesis, we are interested in DWI signals
which can be seen as continuous function based on biological priors. So we assume
the functions studied in this thesis are continuous, not piecewise continuous. More-
over, like Fourier basis, general orthonormal basis satisfies the Bessel’s inequality,
ie. (g(x),g(x0)? = Y,y , because |lg(x) — Yues cnfr(X)I> = 0. The equality holds only
if Eq. (2.2) is satisfied. So in order to guarantee the coefficients {c,} exist, we need
to assume the norm of function g(x) € FS is bounded. In other words, FS is square
integrable function space, denoted by L’([a, 5], w(x)), where w(x) is the weight func-
tion, [a, b] is the real interval. Let L(y, w(x)) denote the space of square integrable
functions in domain y and with weight function w(x). In the following parts of
the thesis, if not explicitly stated, we always assume the functions are con-
tinuous and in L*(y, w(x)) with different w(x) and in different y. Actually square
integrable condition is easy to be satisfied. For example, if g(x) is a bounded function
defined in a bounded space, its norm is always bounded.

The generalized Fourier coefficients for orthonormal basis {f,(x)} can be easily

obtained as ¢, = (g(x), f,(x)), which is the unique solution of the least square problem
2

{c,} = argmin fa b |g(x) - Z;‘;l cj fj(x)’ w(x)dx. Then the generalized Fourier series is given

in Eq. (2.3), where ~ means the approximation in the mean, and the approximation
becomes equality in every point if g(x) is continuous and square integrable.

800 ~ D (), o)) fulx) 2.3)

n=1

In this case ¢, is only dependent on the basis function f,(x) and g(x), independent with

{ (O mzn-

2 2 ORTHOGONAL POLYNOMIALS
°

Compared to Trigonometric function in Fourier basis, polynomial is the another
kind of basic elementary function. Historically it has been proved useful in func-
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tion representation and approximation. A fundamental theorem on this topic is the
famous Stone-Weierstrass theorem.

Theorem 2.1 (Stone-Weierstrass theorem). Let g(x) be a continuous complex val-
ued function defined in [a, b]. for any given e, there exists a polynomial p(x) defined in
[a,b], such that |g(x) — p(x)| < € Yx € [a, b].

In other words, the function defined on a closed and bounded interval can be uni-
formly approximated by polynomials to any degree of accuracy. Thus no matter
how complex the function g(x) is, we can always study its approximated polynomial
instead of study the function itself. Please note that the uniform convergence in
this theorem is stronger than convergence in the mean in last subsection. Although
the proof of Stone-Weierstrass theorem is a constructive proof based on Bernstein
polynomial, the proof only shows an asymptotic solution that there exists a Bern-
stein polynomial with a large enough order which can guarantee the absolute differ-
ence is less than the given tolerance €. See [Byron and Fuller, 1992, chap. 5] for the
details of the proof. However, in practice we are more interested in the following two
questions.

e For a given order N, how to estimate polynomial py(x) with the minimal MSE
b
[ 11g®) = prIPw(x)dx ?

e For a given MSE = ¢, how to estimate py(x) with the minimal order N ?

These two questions are like two faces of one coin. In order to answer them, we need
to better understand the polynomial space.

Let p,(x) denote the polynomial of order n and let £y denote the polynomial func-
tion space contains all polynomial with the order no more than N, i.e. Py = {p,(x) : n <
N}. An obvious basis of Py is the set of N + 1 monomials {x”}nNzo, which is not orthonor-
mal system because (x", x"') # 6,,. For a given N, we can represent the polynomial as
pn(x) = nN:O ¢, x" and minimize the cost function M(e) = fa b lg(x) — nN:() X Pw(x)dx,

where ¢ = (ci,....,cy)’. This is a least square problem. After letting 61(;4_6(”0) Zero,

we have qu\]:o cn(x", XMy = (g(x), x™). Then the unique solution is ¢ = X 'g, where
g = ((g(x), X, ... (g(x), "N, and X,,, = [(x",x™)] is called as Hilbert matrix when
w(x) = 1. Hilbert matrix is known to have large condition number and is a classical
example for demonstrating round-off error difficulties. Another issue is that we need
to calculate the inverse of X, which means ¢, and c¢,, are coupled together.

Historically, in order to solve these two issues, we can perform Gram—Schmidt
orthogonalization to {x”}nNzo and obtain the orthonormal system {un(x)}ilvzo. The orthog-
onalization is done for each dimension as follows.

0

up(x) « — (2.4)
0D iy
>0, ()« ¥ = Y ()t () (2.5)
= llety+1 (Xl
Then we can assume py(x) = ZnNzo cuuy(x), and obtain the solution

ZnN=0 (%), up (%)) = (g(x), u(x)) = cp. In this case we do not need to calculate
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

Table 2.1: Some classical orthogonal polynomials generated by Gram—Schmidt orthogonal-
ization of {x"} and second order ordinary differential equations.

Polynomial Legendre P,(x) Hermite H,,(x) Laguerre L,(x) | Associated Laguerre LJ(x)
interval [-1,1] (—c0, 00) [0, o0) [0, 00)

w(x) 1 e e x%e ¥

squared norm | (P,(x), P,(x)) = ﬁ (Hu(x), Hy(x)) = 2" \an! | (Ly(x), Ly(x)) = 1 (L (x), Ly(x)) = %
Po(x) -2 1 X X
p1(x) -2x -2x 1-x a+1l-x

R(x) = e o 1- % e xe™* x*Hlems
A(n) nn+1) 2n n n

the inverse of the matrix since it is an identity matrix. ¢, is only dependent on
the basis function u,(x) and g(x), as we have shown in the last section. Please
note for {x"}|nN:0 that is just independent, the optimal ¢, is dependent on the whole
function set, not just u,(x). Moreover, for two different order N; and N,, the optimal
first min{N;, N>} coefficients are the same for orthonormal basis, but different for
non-orthonormal basis. Both orthonormal and non-orthogonal basis functions are
used in dMRI field. We will compare them in the following chapters .

Example 2.2 (Orthogonalization and Legendre Polynomials). For L*([-1,1], 1) where
the function domain is [—1, 1] and weight function w(x) = 1, the obtained orthonormal
basis from {x"}fl’zo is proportional to the famous Legendre polynomial {P,(x)} which is
not normalized. The Legendre polynomial is actually the unique form of orthonormal
system for closed interval, because if [a, b] is not [—1, 1] we can always perform a linear

transform y = sz‘ _ba‘” such that the interval becomes [-1, 1].

If we choose another w(x) or consider a or b is infinity, Gram-Schmidt orthogonal-
ization will result in another polynomial family as an orthonormal basis. Table 2.1
lists some classical orthogonal polynomials used in this thesis, where L{(x) becomes
L,(x) when «@ = 0. The normalized version of these polynomials are orthonormal basis
from Gram—Schmidt Orthogonalization.

2 3 STURM-LIOUVILLE THEORY
°

It is easy to test whether a given function set under the given weight function is or-
thonormal system or not. However, it is hard to verify whether the given function set
is complete based on the definition 2.2. Since independent function set can be always
orthogonalized to orthonormal system, historically Gram—Schmidt orthogonalization
becomes an important way to study orthogonal functions and Stone-Weierstrass the-
orem is a way to prove completeness. Another way is the Sturm-Liouville theory
for second order ordinary differential equations.

In this section, we are interested in the Sturm-Liouville equation in Eq. (2.6),
where p(x) > 0, w(x) > 0, and p(x), g(x), w(x) are continuous function defined in [a, b]
and determined by their physical meaning in different applications. The boundary
conditions are given as g(a), g(b), g'(a), g’(b) or their linear combination. The value
of 1 is not specified in the equation. Finding the values of A such that there exists a
non-trivial solution satisfying the boundary conditions is part of the problem called
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the Sturm-Liouville problem.

dg(x)
dx

d
TP 1+ q(x0)g(x) + w(x)g(x) =0, x € (a,b) (2.6)

Many famous equations in physics are in this form or can be transformed into this
form through separation of variables.

Example 2.3 (Diffusion Equation in 1D). Diffusion equation (or called heat equa-
tion) in one dimension is

2
9 _poe
ot Ox?

where D is the diffusion coefficient used to describe the rate of the diffusion. After

considering g(x,t) = X(x)T(¢) in the technique of separation of variables, we have two
equations

X € (—00,0),1 € [0, 0) 2.7

X'"+kX=0, T +kDT =0

where k is the so called separation constant. Because we are interested in stale
solutions after large enough time, k should be positive, which means X" + kX = 0is a
Sturm-Liouville equation. Then the solutions of above two equations are

X(x) = A(k) sin( Vkx) + Bk) cos( Vkx), T(t) = C(k)e *"

where A(k), B(k), C(k) are constants dependent on k and need to be set by considering
boundary conditions. Then the final solution is

g(x, 1) = (Ak) sin( Vkx) + B(k) cos( Vkx))e <! (2.8)

Besides, any arbitrary summation of such g(x,t) with different k is still a solution
of diffusion equation. In the following, we will obtain the solution of the diffusion
equation under different boundary conditions.

e Consider the following boundary condition
gla,t) = g(b,t)=0, Vt>0

which is the boundary condition for the diffusion in a given stick with length

b — a, then we have k = (Zi’zz >0,n=0,1,2... for non-trivial solutions. Then the
final solution is

Dna?

g(x, 1) = Z A, sin( nn (x - a))e_ a2
n=1

b-a
e Consider another boundary condition as
8(x,0) = f(x), x € (—00,00)
which is the boundary condition of random walk of a particle when f(x) is the
initialization probability in spatial space. In Eq. (2.8), we let k = 47°&? and

replace trigonometric functions with exponential functions. Then we have

g(.X, t) — A(§)€i2ﬂ§x€_4”2§2Dt
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

The integration over £ is still a solution given as

g(x, t) — f A(g)elaﬂ'fxe—“ﬂzsztdf

(o9

which is the inverse Fourier transform of A(f)e“‘”zsz’. Then A(€) is the Fourier
transform of f(x), because

f(x) = g(x,0) = f AE)e?™ de = 7 HA@)) ()

—00

Thus considering

1 —ap2e? 1 _2
FHe P (x) = i D
we have the final solution as the convolution of f(x) and F~{e "¢ Diy(x), i.e.
< 1 _o-n?
s = [ = o 2.9)
When f(x) = 6(x), we have the so called Green’s function as
g, 1) = nDte—iﬁ/ = N(x0,2Dr) (2.10)

which is the probability at spatial and temporal position (x,t) in Brownian mo-
tion. Its 2-order moment is

(2 f N0, 2D0dx = 2D (2.11)

o0

The classic polynomials described in the last section are proved to be the solutions
of some ordinary differential equations which are in the general form.

po()g” (%) + p1(x)g’ (x) + pa(x)g(x) + Ag(x) = 0 (2.12)

When pi(x) = p{(x), this form can be written directly as equation Eq. (2.6). If
X ()

p1(x) # py(x), let R(x) = ef o and a multiplier [% can be performed to the gen-

eral form, then we have [R(x)g’(x)]" + % gx)+ 4 ,I;i)(()cx)) g(x) = 0, which is exactly the

form in Eq. (2.6) with p(x) = R(x), g(x) = % and w(x) = [1;(();)). Table 2.1 lists po(x),

p1(x), R(x), w(x) for the classic polynomials used in this thesis.

Formula Eq. (2.6) can be written as Lg(x) = Ag(x), where £ = —#x)(%[p(x)%] +

q(x)) is a self-adjoint operator, because fa b (Lu(x)u(x)dx = fa b u(x)(Lu(x))dx, Yu(x).
Thus Eq. (2.6) is actually to find the eigen-decomposition of the self-adjoint operator
L.

Sturm-Liouville problem is called regular if the boundary conditions are given as
@1g(a) + @28’ (@) =0 (a7 +a3 > 0)
Big(b) +B2g' () =0 (B} + 33 > 0)

Theorem 2.2 (Sturm-Liouville Theorem). Regular Sturm-Liouville problem has
the following theoretical results.

(2.13)

18



o The eigenvalues of a self-adjoint operator are real and can be ordered such that
Al <A< <A<

e The eigenfunctions of a self-adjoint operator is an orthogonal basis in function
space L?([a, b], w(x)).

The second result is another way to prove the completeness of the function set.
Please see [Arfken et al., 2005, chap. 10] for the proof of this theorem.

2 4 POLYNOMIALS IN R¢ AND §¢-!

The polynomials and functions in previous sections are defined in one dimension
(1D). This section overviews some important concepts and results of functions and
polynomials in ¢ dimensional Euclidean space R? and their restrictions in sphere
Sd*l .

If {fi(x)} and {f>(y)} are orthonormal bases in L*([a;, b1], wi(x)) and L*([a2, b>], w2(¥)),
obviously {fi(x)f2(y)} is a orthonormal basis in L*([a,b] X [a2, b2], w1 (x)wa(y)) based
on the inner product defined in the product space. So most concepts in R' can be
trivially generalized into R?. Stone-Weierstrass theorem can be applied into R, i.e.
the continuous function defined on a closed and bounded interval of I ¢ RY can be
approximated uniformly by a d dimensional polynomial defined in I.

Let Py(RY) denote the space of the polynomials with the order no more than N
in R?. The monomial basis in PyRY) is {[T¢ 1 X }|Zd nj<N- A polynomial p,(x) is

called to be homogeneous with order n if p,(ix) = t”pn(x) Based on the defini-
tion, homogeneous polynomial p,(x) is even when n is even, and is odd when # is
odd. Yp.(x) € Pn(RY), pn(x) can be separated uniquely such that p,(x) = X", g.(),
where ¢,(x) € HP,(R?), HP,(RY) = Span{ Hd | x |Z,z is the space of homogeneous

polynomials with order n. The dimension of 7{? (R%), i.e. the number of monomials

in HP,(RY), is (”:f_’]l), because the index of the monomial in HP,(RY) is determined

uniquely by choosing different d — 1 numbers from (0, 1,....,n + d — 2).

nj=n

Denote respectively the restrictions of Py(RY) and HP,[RY) in S*!' < R? by
Pn(E") and HP,(S*"). Considering the natural inner product in §°! defined as
(p(x), g(x))ga-1 = fsd | p(x)g(x)dx, we have some interesting results.

Proposition 2.1. HP,(ST) < HP(STYH, VYn = 0. Pyl =
HPN(EST) P HPy-1(STY), YN > 1, where (P means the direct sum of Hilbert spaces.

Proof. For any given polynomial p,(x) € HP,(R?), x € R?, obviously |x|’>p.(x) €
HP,,»(R?Y), which means HP,(S9!) ¢ HP,2(S4"1), Vn > 0. Thus Vp,(x) € Py(S4),
Pn®) = &) + gu-1(®), where g,x) € HP,(STH c HPN(ES!) and g,1(x) €
HP,_1(S4) ¢ HPN_1(S4Y). Vpyx) € HPyRY) and py_1(x) € HPy_1(RY), we have
(pN(®), pv-1(x))sa-1 = 0, because one is odd and the other one is even. So HPy(RY) and
HPN-1(R?) are orthogonal. Then Py(S9~") = HPy(S4™) P HPN-1(ST1), YN > 1. O
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

Definition 2.3. A function g(x) is harmonic if Ag(x) = 0, where x € R? and A aef

27:1 % is the Laplace operator (aka Laplace-Beltrami operator). A polynomial
=1 82

pn(®) is called as a harmonic polynomial if Ap,(x) =0,

Denote the space of homogeneous harmonic polynomials with order n by
H,(R%), and its restriction in S¢! as 7,(S*"). Harmonic polynomial plays an im-
portant role in polynomial theory. First, ¥p,(x) € HP,(RY), if Ap,(x) # 0, then Ap,(x) €
HP,—2(RY). Vppo(x) € HP2(RY), T g,(x) € HP,(R?) such that Ag,(x) = pn_r(x), which
means A is a surjection from HP,[RY) to HP,_»(R?Y), and H,(RY) is the kernel. So

the dimension of H,(R?) is
(n+d—1)_(n+d—3) 2.14)
d-1 d-1

Second, Harmonic polynomials can be used to separate the homogeneous polynomial
space based on the following theorems.

Theorem 2.3 (Orthogonality of homogeneous harmonic polynomials). With
the definition of the natural inner product in S, H,(S4™ ") L H,,(S?), if n # m, where
1 means two spaces are orthogonal, i.e. Yp,(x) € H,(S*™") and pn(x) € Hu (S, we
have (p,(x), pu(x)) = 0.

Theorem 2.4 (Harmonic Decomposition Theorem). Vp,(x) € HP,(R?), x € RY,
; ; - (2] :

it can be uniquely separated in the form p,(x) = Zjiollxllthn_z i(®x), where hy,_»j(x) €
H,_» j(Rd), and [5] is the maximal integer no more than 3.

Theorem 2.3 shows the orthogonality of homogeneous harmonic polynomial spaces
with different orders, whose proof based on Green’s second identity can be found
in [Axler et al., 2001, chap. 5]. Theorem 2.4 shows that every multivariate polynomial
over a field can be decomposed as a finite sum of products of a radical polynomial and
a harmonic polynomial. Please refer [Axler et al., 2001, chap. 5] for the rigorous proof
of it. A straightforward result based on these two theorems is

[ﬂ

Corollary 2.1. HP,(S? ") = @ji]o Hy—2j(S9™"), where [%] is the maximal integer no

more than 3.

Based on Proposition 2.1 and Corollary 2.1, we have Corollary 2.2. This corollary
shows that for every p,(x) € Py(R?), although p,(x) may be not harmonic there always
exists a harmonic polynomial g,(x) € @I/VZO H;(RY), such that p,(x) = g,(x), ¥x € S,

Corollary 2.2. Py(S4 1) = @jio H; (ST,

Considering Stone-Weierstrass theorem in Theorem 2.1, we have

Corollary 2.3. L2(S% !, 1) = limy_e Py(S* ) = EB;';O H;(ST).
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2 5 SOME ORTHONORMAL BASES AND THEIR PROPER-
° TIES

In the previous sections, we have given an overview of some abstract concepts and
results of orthogonal function, Gram—Schmidt orthogonalization, Stone-Weierstrass
theorem, and Sturm-Liouville theory. Every specific polynomial (or function) has a
lot of useful properties which can be used in different applications. In this section, we
just list some properties of the polynomials and other special functions used in this
thesis.

2.5.1 Associated Legendre Polynomial

We have demonstrated Legendre polynomial {P,(x)} from Gram-Schmidt orthogonal-
ization in Section 2.2. Associated Legendre polynomial {P)'(x)} is a generalized version
of {P,(x)}. It is defined as

m dm
P = (=1)"(1 = X T —(Pa() (2.15)
It satisfies the general Legendre equation in Eq. (2.16).
2

1-x2

A -x>g" —2xg’ + I+ 1) - )g =0 (2.16)
P(x) becomes the Legendre polynomial P,(x) when m = 0. It satisfies the following
orthogonality.

2(n + m)!

@ D= m @A

1
f P (x)P},(x)dx =
-1

Please note that P'(x) is defined in the same domain [-1, 1] and has the same
weight function w(x) = 1 as P,(x). See Table 2.1. However Legendre polynomial {P,(x)}
is the unique form from Gram-Schmidt orthogonalization. Associated Legendre poly-
nomials {P}'(x)} actually form a larger space than polynomial space. For example,
Pi(x) = =(1 - x»)!/? is not a polynomial, although normally we call P'(x) as associated
Legendre polynomial. See the discussions in [Arfken et al., 2005, chap. 12] for more
details.

2.5.2 Spherical Harmonics
Laplace’s Equation in R?

In 3D space, the Laplace equation in spherical coordinate (R,0,¢) is in Eq. (2.18),
where R > 0, 6 € [0,7] and ¢ € [0,27), and A, is the Laplace-Beltrami operator re-
stricted in S°.

18, ,9g, 1
Ag = = (RP25) 4 — g =0 (2.18)

1 d%¢ 1 4

_ . 0g
20082 | —57l5n05,) (2.19)

Apg =
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By assuming g(R,0,¢) = F(R)O(H)D(¢), we have the following three equations based
on separation of variables, where m and A are separation constants which need to be
determined for non-trivial solutions.

O +m*d =0 (2.20)

cos 2
Q" O +(1- ®=0 2.21
* sin @ * ( Sil‘l2 0) ( )
R’F” +2RF' — AF =0 (2.22)

From Eq. (2.20), ®(¢) = C1e™?+Cre” "¢, where C| and C, are constants. Because ®(¢) =
®(¢p+2n), m should be integer and ®(¢) = Ce™?. By letting x = cos 6, equation Eq. (2.21)

becomes ) )

d-0 doe m

1-x)— —2x— +(A-

( x)dx2 xdx+( 1 —x2

This equation has bounded solution P}"(x) if 4 = [(I+ 1), [ > |m|, l and m are integers. So
equation Eq. (2.22) becomes

=0 (2.23)

R*F" +2RF' = I(l+ 1)F =0 (2.24)

which has solutions F(R) = C,R' + C,R™"*D, Then without considering the constant,
the final independent solutions of the 3D Laplace equation are

R'e™ P'(cos(d)) and R D™ Pl'(cos(6)), 120,12 |m] (2.25)

The second kind of solution is the irregular solution which is singular at the origin
point. Then the final general solution for Laplace’s equation is

00 l

gR0,8)= D" > (@R + bR D)y6, 9) (2.26)

1=0 m=-1

Definition, Orthogonality, Completeness

Considering the natural inner product in S’ defined as (f(6,9),8(6.0)x =
02” 5 f(6.4)8(6.4) sin(6)d6dg, the spherical part in Eq. (2.25), i.e. ¢™?P(cos(9)) is or-
thogonal but not normalized.

Definition 2.4. The Spherical Harmonics (SHs) are the normalized angular portion
of the solution to Laplace’s equation in spherical coordinates. Spherical Harmonics of
order | and degree m, denoted by y/'(6, ¢), are defined as

~ /2z+1(1—m)! i o
W'O.0) = | T ?P"(cos ) (2.27)

Real Spherical Harmonics, called also spherical harmonics for short in this thesis,
are defined as

V2Re(y/"(6,4)) if —I<m <0
Y/'(0,0) = Y6, ) if m=0 (2.28)
\/zlm(y}”(& @) if l=2m>0

where Re(:) and Im(-) mean the real and imaginary parts.
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Figure 2.1: Symmetric real spherical harmonics up to order L = 4. The blue color in SHs
with [ = 2,4 means negative values.

Thus {y(0,¢)} is an orthonormal system in L*(S% 1) by definition. It is also
complete because ¢ is complete in [0,27) and Pl'(x) is complete in [-1,1]. So
Vg(0, ¢) € L*(S%, 1), it can be represented as the so called Laplace series in Eq. (2.29)

) )
260,9)= > > /V"©0.¢4), where c' = (g(6,),)]"(0,#)x (2.29)

1=0 m=—1
{Y]"(6, ¢)} is an orthonormal basis in real valued functions in L2(S%, 1).
We have shown that Spherical Harmonics {y/"} can be obtained from Laplace’s

equation. SHs can be also obtained from Gram-Schmidt orthogonalization, because
{‘/#Zfﬂe"‘”‘f’ } and {P,(x)} can be obtained respectively from the orthogonalization of mono-

mial basis in S! and [-1,1]. Please refer [Byron and Fuller, 1992, chap. 5] for the
derivation of SHs from Gram-Schmidt orthogonalization.

Based on the definition in Eq. (2.27) and P;"(x) = (-1)" Eﬁ;;’z;;P;”(x), we have the
property

¥'(©,¢) = (=1)"y;"(6, ¢) (2.30)

m y"O,¢) if liseven
y(m=0,m+¢)= { —ly;"(e, ¢) if lisodd

Since (7 — 6,7 + ¢) is the antipodal point of (¢, ¢), formula Eq. (2.31) means y}'(6, ¢), as
well as Y7"(6, ¢), is even function if / is even, and is odd function if / is odd. So {¥]"(6, ¢)}
with even /, named as symmetric real Spherical Harmonics, are orthonormal ba-
sis of the space of all the antipodal symmetric spherical functions in L%(S2, 1). Fig. 2.1
shows the symmetric real spherical harmonics up to order 4. Symmetric real SH ba-
sis plays an important role in HARDI methods as shown in Chapter 4, and it is used
intensively throughout this thesis.

(2.31)

Based on the above analysis in Laplace’s equation, we have Eq. (2.32) which is
also applicable for Y]"(6, ¢).
1 0.4 1 %ﬁéwﬁw

—(sing——"—) = —i(1 + 1)y}"@ 2.32
sin?g  0¢? HSTY Y o0 ) (I+ D)y (6,¢) (2.32)

Apy[' (0, ¢) =
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

Based on the definition of SHs, the two kinds of solutions in Laplace’s equation be-
come R'y"(9, ¢) which is called as regular solid Harmonic, and R~**Yy"(6, ¢) which
is called as irregular solid harmonic.

Theorem 2.5. The regular solid harmonic {R'y}(6,¢)}! _ , is a basis in H(R?). Spher-
ical harmonic {y}"(6, ¢)}fn __, is an orthonormal basis in H(S?).

Proof. ¥pi(R,6,¢) € HP(R?), we have p/(R,6,¢) = R'q/(6,¢), where q(6,¢) = pi(1,6,¢) €
HP(S?). Then

e ) g

= R72(I0 + 16, 9) + Api(6. 9))

Thus, Api(R, 0, ¢) = 0 is equivalent to A,q,(0, #) = —I(l + 1)q:(0, ¢), which has the solution
an——z mY]'(0, ¢), where {C,} is complex constants. So pi(R,6,¢) = an__l A CRDR
which means {R'y/"(0,¢)} __, is a basis in H(R?). Restricting {R'y)"(6, ¢)}m——1 in S?,
@, )Y, __, is a basis in 7—(1(82). It is an orthonormal basis because (y',y1) =
51[’6mm’- O

Api(R,0,¢) =

The above theorem shows that

e The dimension of H;(R3) is Zﬁn:_l 1 = 21+ 1, which agrees with formula Eq. (2.14).
o H)(S?) L Hy(S?)if 1 # I, which agrees with Theorem 2.3.

e For any polynomial p(R,6,¢) € Py(R>), we have p(1,6,¢) = Zfi 0 3! me—t €]V (6, B).
No matter whether p(R, 6, ¢) is harmonic or not, g(R, 6, ¢) = Zfi 0 > - ;"Rl "0, P)
is always harmonic, which agrees with Corollary 2.2.

If we restrict the coefficients of monomials in polynomials to be real, {R'Y l’"}in is

a basis in H;(R3) and Y] ’”} is an orthonormal basis in H;(S?).

=1
n=-1

Addition Theorem

{R”‘/Lz?e"’”‘ﬁ}n:o,il,.. are independent solutions in polar coordinate (R, ¢) of Laplace’s

equation in two dimension (2D) space. While {R’y;"(e, &) }imi<ti=0.1 - are independent so-
lutions in spherical coordinate (R, 8, ¢) of Laplace’s equation. In this sense, Spherical
Harmonic basis {y/"(6, )} can be seen as a generalization of Fourier basis { \/#Tne"'”‘ﬁ}

from L2(S', 1) to L2(S%, 1).

Since Re(e ™¢™) = Re(e ™)Re(e?’) — Im(e~")Im(e™?), we have cos(n(¢’ — ¢)) =
cos(ng) cos(ng’) + sin(ne) sin(ng’), which is the addition theorem in S'.

For SHs in S?, we have the following addition theorem.

Theorem 2.6 (Addition Theorem). Let u and v are two unit vectors in S?, then

Pi(u"v) = Z W @)y ) (2.33)

Please refer the detailed proof in [Arfken et al., 2005, chap. 12].

24



Product of Spherical Harmonics

Since {y"(6,¢)} is an orthonormal basis in L*(S%, 1), y/"y?" can be represented as ?

Y. 2;3:—05 W, s )/8 where the coefficients WZf’"'B

21 ’ ’
A o’ B RI+ DR+ 1DRa+1) ' a\(l I «
Wira f f iy Ve sin 6d0dg = \/ in 0 0o of\m m B

(2.34)
( ,; ,ln g) is the Wigner 3j-symbol, which is nonzero only if m + m’ + 8 = 0 and [, /',

a satisfy triangular inequalities. Please refer [Arfken et al., 2005, chap. 12] for the
proof.

Based on the definition of real spherical harmonics in Eq. (2.28), the integration
2 ,
onP = f f Yy Y8 sin 6dode (2.35)

is determined by Wl';f'zﬁ For example, if m < 0, m’ < 0,8 < 0, and 8 = m + m’, then

‘B _ (=1 1
o B % Jeo iy 'y singdedg = & )ﬁWl'l'f:':( -+ Q;’;,mﬁ in other cases is omitted.

Funk-Hecke Theorem

The Funk-Hecke theorem was proposed by Funk and Hecke. It is applicable in high
dimensional sphere S?~!, whose proof can be found in [Andrews et al., 1999, chap. 9].
In this thesis, we only use the 3D case of this theorem.

Theorem 2.7. Let g(1) be a continuous function in [~1,1] and y}" is the | order m degree
spherical harmonic, then for given unit vector u, we have

f g vy ()dv = 1) (w) (2.36)
SZ

1
A =2n f Pi(t)g(t)dr (2.37)
-1

where P((t) is the Legendre polynomial of order 1.

A corollary based on this theorem is

Corollary 2.4. Let 6(t) be the Dirac delta function and y[' is the | order m degree
spherical harmonic, then for given unit vector u, we have

f s’ u)y/'(v)dv = 27P;(0)y;"(u) (2.38)
where P)(0) is the Legendre polynomial of order [ evaluated at 0.
0 if lisodd
Pi(0) :{ (_1)1/21 226(1—1 1 — 1),/2(1 l”).. if 1is even (2.39)
where n!! is defined as H (n 2j)forn>0and 1forn=0,-1.

) 1
20F 32, X WAV s used, X, Th, Wi = v vl W1
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

Since §(¢) is discontinuous at 0, the proof of this corollary is to define a sequence of
functions {6,(¢)} such that V¥n, 6,(¢) is continuous, and lim,_, 6,(¢) = 6(¢). This sequence
can be chosen as {%e‘"ztz} [Descoteaux et al., 2007]. If / is odd, P;(0) = 0 because P;(x)

is odd function for odd /. For even /, considering the recursive relation
(n+ P, (x) = 2n+ DxPy(x) — nP,_1(x) (2.40)

we have PIL%(()? = -1 and Py(0) = (-1)" 2% Please note that based on the definition

of y" in Eq. (2.27) there is an equivalent solution for P;(0) that

45
20+ 1

P(0) = y?(% 0) (2.41)

2.5.3 Bessel Function and Spherical Bessel Function
Definition, Orthogonality

Bessel function of the first kind, denoted by J,(x) and called as Bessel function
for short, is the solution of the Bessel’s differential equation:

g +xg + (> -aP)g=0 (2.42)

Normally « is used as integer or half of integer, although it can be chosen as real or
complex number. When a = rn is integer, the Bessel function J,(x) can be represented
as the following integrals as

1 (™ 1~ . .
Ju(x) = — f cos(nt — xsint)dt, J,(x) = —f e~ in=xsinD) g (2.43)
m Jo 2n J_x

The spherical Bessel function, denoted by j,(x), is defined as

Jn() & \/2£Jn+1/2(x) (2.44)
X

There is an irregular spherical Bessel function

def n+1 4

yu(x) = (=1 2xf—n—1/2(x) (2.45)

which is singular at x = 0. If not explicitly stated, spherical Bessel function in this
thesis always means j,(x).

The Bessel equation in Eq. (2.42) can be transformed into the standard form
in Eq. (2.6). Then by analyzing the regular conditions, we have the orthogonality
of {J,} as follows.

f xJ o (bx)J o (cx)dx = %6(19 -¢), wherea > —% (2.46)
0

Based on the definition of j,(x), we have the orthogonality for {;,(x)}

T

e 6(b-c), wheren> —1 (2.47)

f ) X% Ju(bx) ju(cx)dx =
0
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Plane Wave Expansion Theorem

The well-known Helmholtz equation in R’ is in Eq. (2.48), which becomes the
Laplace’s equation when k = 0.

Ag(x) + k*g(x) =0 (2.48)

On the one hand, a heuristic solution of this equation is
g(x) = >k (2.49)

where E can be any vector that satisfies ||k||> = k>. This heuristic solution is called as
plane wave which satisfies Helmholtz equation for any dimension d.

On the other hand, in three dimension (3D) space, similarly with Laplace’s equa-
tion in Eq. (2.18) we can use separation of variables technique to solve Helmholtz
equation. Let g(R,0,¢) = F(R)®(0)D(¢), after some tedious derivations, we have the
following general solution.

) [
2R, 0,0) = > > (@' jukR) + b}'yi(kR)y{' (6, ¢) (2.50)
l

=0 m=—

So the heuristic solution can be represented in the form of Eq. (2.50). Considering
the second term y;(kR) is singular at R = 0, we have

00 /
R =33 aljiIEIRY](6, 9) (2.51)

=0 m=-1

a" is dependent only on k and can be solved analytically, which results in the Plane
Wave Expansion theorem.

Theorem 2.8 (Plane Wave Expansion Theorem). Let x = Ryu and k = R,v be two
3D vectors in R?, and u, v € S?, we have

(o)

i
R =N N Anei) ji(ReRR)Y @)Y} () (2.52)
=0 m=—1

The proof of this theorem is based on the Green’s function representation of the
general solution of Helmholtz equation. Please refer [Arfken et al., 2005, chap. 9]
for the details. Note that the real symmetric part of e*®'k ig cos(xT k) which can be
written as

[Se]

l
cos(x’ k) = Z Z 4(=1)" ji(ReRp) Y (@) Y] (0) (2.53)

=0 m=-1

where }°) means the summation of only even order /. It can be proved easily by the

Theorem 2.8, the definition of {¥}"} in Eq. (2.28), and the property y;”'(u) = (-=1)"y/"(u).
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

2.5.4 Hermite Polynomial
Physicists’ Hermite polynomials

There are two kinds of standard notations for Hermite polynomials. One is the
probablllsts Hermite polynomial which defines the polynomial as He,(x) =

(-1)%ex "—e g . The other one is the physicists’ Hermite polynomials which de-
dx

fines the polynom1a1 as
Hy(x) = (=1)"e" jne‘xz (2.54)

They are closely related, because H,(x) = 2"2He,(V2x). In this thesis, unless
otherwise specifically stated, we always use the physicists’ Hermite polynomials
in Eq. (2.54), which satisfies the equation H)/(x) — 2xH,(x) + 2nH,(x) = 0 and orthogo-
nality in Eq. (2.55). See Table 2.1.

f Hy(x)Hpp(x)e™ dx = 2" Van!6,m (2.55)

Based on Sturm-Liouville theorem 2.2, ({H,(x)} is an orthogonal basis in
Lz((_oos OO)’ e_x“)'

Hermite Polynomial in Fourier Transform

Hermite polynomial can also be defined by the generating function in Eq. (2.56).
IETPTE "
DY H,(2)— (2.56)
n=0

Considering the Fourier transform in R! defined in Eq. (4.11) we have

- - 2 _m
J{ 2 4+2tx (é:) \/_el —4rité

So

[0

o _en? (=in)"
F e 2H(x) \/E;Oe P H,(2m8)

n=0

2
Thus e~ H,(x) is an eigenfunction of Fourier transform, i.e.

9{5%11”@)}(6): f ¢ Hy(x)e 2 dx = Var(=iy'e 5" H(27r§) (2.57)

Hermite Polynomial in Schrodinger Equation

In quantum mechanics, the square root of the probability of finding a particle at a
certain time and position is called as wavefunction. Wavefunction is a complex
valued function and it satisfies the well-known Schrodinger equation.
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For single particle with a spherically symmetric potential energy V(|lx|)), the
time-independent Schrodinger equation is given as

2

h
(= 52+ Vi) y(@) = Ey() (2.58)
m

where 7 is the reduced Planck constant, m is the mass, and E is the energy.

Quantum Simple Harmonic Oscillator (SHO) problem is one of the few quantum-
mechanical systems for which an exact, analytical solution is known. The
Schréodinger equation for SHO problem in 1D called as SHO-1D, is

ot lmw x )w(x) = Ey(x) (2.59)

2

where V(x) = %mw x*> and w is the angular frequency. The solution of this equation is

n 1 1 _ a2 X
Yn(x) =272(n)"2(nd) " %e ¥ Hy(—) (2.60)
\4
where ¢ = X, The corresponding energy is E = hw(n + 2) {¥n(x)} is an orthonormal

basis in Lz((—oo 00), 1) for given ¢, called as SHO-1D basis.

2.5.5 Associated Laguerre Polynomial
Orthogonality and Completeness

Associated Laguerre polynomial L!(x) satisfies the following differential equation.
xg" () +(@+1-x)g (x)+ng(x)=0 (2.61)

For given a, {L;/(x)}," | is an orthogonal basis in L2([0, 00), x*¢™). It satisfies the follow-
ing orthogonality:

e r 1
f e L)L (x)dx = %5% (2.62)
0 .

where I'(x) is the Gamma function, which can be seen in section 2.6.1. L(x) has the
explicit form as

[0(x) = Z( 1)!(’:1+ ‘;)], (2.63)

L%(x) becomes the Laguerre polynomial L,(x) when @ = 0. Please note (’”‘J’) has real
number n + @ in it. In this thesis, the binomial symbol is defined as binomial series

(2.64)

(a)_ aa-1)a-2)@a—-k+1) @)
k| k(k —1)(k—2)---1 B k!

where k is an integer number and « is arbitrary.
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

Relation with Hermite Polynomial

Compared to {LJ(x)} that is a basis in L2([0, ), x% ), {H,(x)} is a basis in
L2((=0c0, 00),e*"). When @ = _2, we have the following relation:

Hou(x) = (=1)"2%"n!L, %(xz) (2.65)
Hope1(x) = (—1)"22"+‘n!xL,% (x%) (2.66)

Relation with Monomials

Since {L{(x)} is a basis, monomials can be represented by linear combination of {L{(x)}.

n _ - in+a @
X' =n! ;O(—l)f(n i j)Lj (x) (2.67)

Laguerre Polynomial in Schrédinger Equation

Historically in quantum mechanics, associated Laguerre polynomial L?(x) occurs nor-
mally as the radial part of the solutions of Schrédinger equation in 3D space. The
spherical harmonic y/" occurs in spherical part of the solution. A classic example is to
determine the atomic orbitals of hydrogen-like ions in 3D space.

In Eq. (2.58) the Schrédinger equation for SHO problem in R? called as SHO-3D,

is given as
2

1
(- 2"’—A + ~maw’ x| )y (x) = Ey(x) (2.68)
m 2

The solution [Arfken et al., 2005, pp. 847] based on separation of variables in (R, 0, ¢)
is

2 -2 17 % 12 x PRty

ViR 0.9) = [43/2 Th+12+ 3/2)] Frrexe| =5z | L7 )y ©¢ (269
where / = . The energy elgenvalue is E = hw(2n + 2) Please note that the notation
n used here 1s shown as 2 2 in [Arfken et al., 2005, pp. 847]. The normalization factor
which makes the unit norm of i, is determined based on Eq. (2.62).

Actually it is easy to verify that for given [ the radial part are a set of orthonormal
basis in L([0, ), ¢°). Since the spherical part {y"} also forms an orthonormal basis in
L%(S?, 1), the function set {/,;.(R, 6, $)} is an orthonormal basis in L*(R>, 1) for given ¢,
called as SHO-3D basis.

2.5.6 Confluent Hypergeometric Function
Kummer’s Function

In mathematics, the ordinary hypergeometric function 7 (a, b;c; x) is a special
function represented by the hypergeometric series. It can represent many other spe-
cial functions as specific or limiting cases.
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In this thesis, we are more interested in confluent Hypergeometric Function
1F1(a; c; x), which satisfies the Kummer’s equation.

xg”" +(c-x)g —ag=0 (2.70)

This equation has two independent solutions. We are only interested in the one called
as Kummer’s function and given by the following form:

o ay!
def a
Fi(a;c;x) = E_O o (2.71)

where a® € [T(a+ j) = a(a+1)---(@+n~-1). {Fi(a; ¢; x) is a limit of 2y (@, bi ¢; ), i.e.
limy_o 2F1(a, b; c; x/b) = 1 F1(a; c; x).

1F1(a; c; x) can be used to many functions. For example,

e’ = 1Fi(a;a;x) (2.72)

n

LY = (n:;a)lFl(—n;oz+ 1;x) (2.73)

Generalized Hypergeometric Function

The generalized Hypergeometric function is defined as

def > (@) - (a)¥ x/

11F11’l(a],'~‘ ’an;b]’--- ,bm;_x) = 2 (bl)(])(bm)(])ﬁ (274)
Jj=

2 6 OTHER SPECIAL FUNCTIONS AND USEFUL EQUA-
° TIONS

2.6.1 Gamma Function

The gamma function is defined as

I € f e dt (2.75)
0
It satisfies the following properties:
1
Fx+1) =aT0), T(G)= \r (2.76)
So if n is a positive integer number, we have
I'n+ 1) =nl'(n) =n! (2.77)
n—1
7] Zony) 2r(n . :
)y def Py 22(5);:22F(§+1) if niseven 9.78
" g(n 7 n‘ﬁ%l"(% +1) if nisodd (2.78)
The lower incomplete Gamma function is defined as:
v(s, X) def f e s (2.79)
0
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CHAP. 2: ORTHOGONAL POLYNOMIALS AND FUNCTIONS

2.6.2 Some Useful Integral Formulae

Laguerre polynomial L}(x) and other useful special functions plays an important role
throughout this thesis. Thus we list some useful integral formulae in this section.
Please refer [Gradshteyn and Ryzhik, 2007] for these integral formulae. The page
number after each equation shows where to find it in [Gradshteyn and Ryzhik, 2007].

00 | g
f X" exp(—Bx")dx = ( r:l+1) B>0,m>0,n>0)7° I[pp.337] (2.80)
0 n'IB n
© v B, 2 —v—1 g—v-n—1 -z ay2
f e L ()T, (xy)dx = 277137 N B — a)'ye BL)(———) [pp. 8121 (2.81)
0 4B(a - B)
* ) BTO5v+05u+05)  pu+v+1 B?
- v = v =7
fo Hexplax)hpndy = o e+ ' 2 TR 282
(> -1,5s>0) [pp. 706]
0 r D(s—1)"
f exp(—stt* Ly (1)dt = @tntDis—-1) (@>-1,5s>0) [pp.809] (2.83)
0 nlsatn+l
00 n 1\ = 1)rm
f exp(-by)Lindx = (“ o )% (b>0) [pp. 809] (2.84)
0 mzo bn—m+
L I'®O)Ir)l'(a->b)
b—1
Fi(a;c;—t)dt = 0<b . 821 2.85
fo £ Fia; e =nde T@Tc—b) (0O<b<a) Ipp.821] (2.85)
~ TG +5+5) 1
f T (ax)dx = 2Ha™H ———— (v-l<pu<z,a>0) [pp.676] (2.86)
0 rg+s-5 2

2 7 SUMMARY
[ ]

This chapter made a quick tutorial for some special functions and polynomials
which play important role in many applications including diffusion MRI. Please note
that these special functions and polynomials all have exhaustive useful properties,
and we just showed only those properties used in this thesis. Please refer some text-
books for more properties.

We now summarize the important and useful mathematical properties of specific
polynomials and functions which will be used in the following chapters.

3 [Gradshteyn and Ryzhik, 2007] refers m > 0, however, we have tested the equation also holds when
m = 0.
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1. Sturm-Liouville theorem 2.2 and Stone-Weierstrass theorem 2.1 are very
useful to prove the completeness and orthogonality of given function set.

2. Harmonic Decomposition theorem 2.4 is useful to study different function
spaces in R? parameterized by different models.

3. Real spherical harmonic basis {]"} with even order /, i.e. symmetric real
SH basis, is a useful orthonormal basis to represent antipodal symmetric
spherical functions in dMRI. There are already exhaustive papers on Q-ball
Imaging related methods which use SH basis to represent diffusion signal or
other functions in dMRI.

4. Plane wave expansion theorem 2.8 is the most crucial theorem in this thesis,
which will be used exhaustively in the following chapters to solve Fourier
transform analytically.

5. Funk-Hecke theorem 2.7, addition theorem 2.6, the relation between
Laplace-Beltrami operator and SHs in Eq. (2.32) are useful to derive analytic
forms related with spherical harmonics.

6. Hermite polynomial {H,(x)} and Laguerre polynomial {L?} are orthogonal
bases respectively in L7((—co, o), e’xz) and L*([0, ), x*¢~). They will be used to
represent Gaussian-like functions in the following chapters.

7. Some important integral formulae listed in this chapter are useful to derive
analytic forms of integrations.

Spherical Harmonic basis has becomes a natural and common tool in single shell
HARDI (sHARDI) method [Frank, 2002; Hess et al., 2006; Anderson, 2005; Ozarslan
et al., 2006; Descoteaux et al., 2007; Tournier et al., 2007; Canales-Rodriguez et al.,
2009; Aganj et al., 2010b; Tristan-Vega et al., 2009; Tristan-Vega et al., 2010]. Many
papers converged to use SH basis to represent diffusion signals in S? and estimate
the ODFs. In this thesis, one of the results is to generalize the sHARDI methods to
multiple shell HARDI (mHARDI) methods, by considering not only SH basis in S? but
also an additional basis in radial part. We now on the way to describe how to devise
an appropriate basis in 3D q-space and analytically estimate the ODFs and EAPs
from diffusion signals.
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MANIFOLD

“Geometry, which is the only science that it hath pleased God hitherto to bestow on
mankind.”
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OVERVIEW

Riemannian manifold was developed in the nineteenth century. It is very useful
to analyze data in non-linear space. When analyzing and processing real data with
given coordinates, sometimes addition and subtraction between two data points or
multiplication with a negative value have no physical meaning. For example, when
processing matrices in Sym;, multiplying a 3 x 3 positive definite matrices with a
negative value will obtain a symmetric matrix that is no longer in Sym;. In this case,
manifold based methods which consider the intrinsic properties of data space can be
appropriate candidates of mathematical tools for data processing.

This chapter overviews some basic concepts about Riemannian manifold, statis-
tics on manifold and statistical manifold which are the background knowledge of the
Chapter 6 on the Riemannian framework for ODFs and EAPs. Please note that the
subjects described in this chapter contain a lot of materials, while we only list some
self-contained contents which will be used in the following Chapter 6. Please refer
some textbooks [Boothby, 1986; Do Carmo, 1992; Spivak, 1999; Amari, 1985; Amari
and Nagaoka, 2000] for more details of the contents.

Organization of this chapter:

First, some basic concepts on three layers of Riemannian manifold, i.e. topological
structure, differentiable structure and Riemannian metric, are introduced in Sec-
tion 3.1. We also give some examples on the geometry of high dimensional sphere
to demonstrate the concepts. Second, in a computation point of view, Section 3.2
shows the definition, estimation, existence and uniqueness of weighted Riemannian
mean and median, and demonstrate Principal Geodesic Analysis (PGA) method to
find the principal components in manifold. At last, statistical manifold and Fisher
information metric are introduced in Section 3.3, where we also provide two exam-
ples of statistical manifolds, which are the multivariate Gaussian distribution and
multinomial distribution families.

3 1 RIEMANNIAN MANIFOLD
[ }

Riemannian manifold has three layers of structural concepts. The first one, which
is defined for continuity and convergence, is the topological structure for topological
manifold. The second one is the differentiable structure for differentiable manifold,
which generalizes the differentiability from Euclidean space. The third layer for Rie-
mannian manifold defines the Riemannian metric in infinitesimal neighborhood.

3.1.1 Topological Manifold

Definition 3.1. A topological space (X,7) is a set X together with a topology T (a
collection of subsets of X) which satisfies:

(i) The empty set @ and X are in 7.
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(it) Arbitrary union of elements of 7 isin 7.

(iit) Finite intersection of elements of T is in T .

A topological space (X, 7") is a set of points with a collection of well defined subsets.
(X,7) is usually denoted by X for short. Elements in topology 7~ are called as open
sets of X. Topology 7~ can be generated from a topological basis.

Definition 3.2. A topological basis on a set X is a collection B of subsets of X satis-
fying:

(i) Yx € X, 3B € B, such that x € B.
(ii) Let B;,B, € B, Vx € By N By, AB3 € B, such that x € Bs.

Example 3.1. In Euclidean space R", the standard basis is the open ball B(x,r) =
(X € R" : |lx' — x|| < r}, which generates the open sets as the unions of open balls in the
topology called standard topology.

The open balls in R” defined based on the distance ||x' — x|| can be generalized to
general topological space.

Definition 3.3 (Metric Space). A metric space is a set X with a binary function
d: XxX — Rcalled distance function which satisfies the following items Vx,y,z € X.

(1) d(x,y) >0, d(x,y) = 0if and only if x = y.
(i) d(x,y) = d(y, x).

(ii1) d(x,2) < d(x,y) +d(y,z)

If there exists such a distance function d in X, the topology induced from d is the
collection of all open balls defined as B(x,r) = {x’ € X : d(x,x’) < r}. For every two
points x,y € X with such induced topology, there exist at least two disjoint open sets
U and V such that x € U, y € V. For example, U = B(x,r), V = B(y,r) and r = %d(x,y).
Note that this separation property, called as Hausdorff, is not satisfied in general
topological space.

Definition 3.4. A topological space X is called Hausdorff if for any two different
point x,y € X there exist two open sets U and V such that UV =@ and xe U, y e V.
X is called connected if there is no such pair of two open sets which satisfy UV = @
and X=UUV.

The above concepts are for single set X. It is useful to consider the relation be-
tween two topological spaces, which brings the concept of function.

Definition 3.5. A function (aka map) f : X — Y is a relation between two topological
spaces X and M such that for any element x € X, there exists only one element f(x) € M.
It is a bijection if Vy € Y, f~'(y) € X exists and is unique. It is continuous if for each
open set U C Y, the inverse image f~'(U) c X is also open.
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It can be seen that the above definition of continuity is a generalization of the well-
known e-6 definition for the function between two Euclidean spaces. The function can
be used to define topological equivalence between two topological spaces. When
two topological spaces are equivalent, all their elements and open sets are related by
a continuous bijection, called homeomorphism.

Definition 3.6. A function f : X - Y is a homeomorphism between two topological
spaces X and Y, if f is a bijection and both f and f~' are continuous. If there is a
homeomorphism between X and Y, we call X is homeomorphic to Y.

Since Euclidean space is well studied, it would be useful to generalize concepts
from Euclidean space to topological space by locally relating the topological space to
an Euclidean space via a homeomorphism.

Definition 3.7 (Topological Manifold). A d dimensional topological manifold X
is a Hausdorff space with a countable basis such that every point x has a neighbor-
hood U € X homeomorphic to an open set py(U) € R?, where the local homeomorphism
oy 1 U e X - ¢y(U) € RY is called a coordinate chart on U. If ¢y (U) is an open set
of half plane RY = {x = (x1,--- ,x,)T € R? : x, > 0}, then X is a topological manifold
with boundary.

Based on the definition, topological manifold X is covered by | J,.x U. The cover
together with the charts, i.e. |,cx(U, ¢v), is called an atlas of X.

Example 3.2 (Topology of Sphere). The sphere S” is a subset of R>. The topology
of S? is the subspace topology of R>, i.e. a set U(\S? is called to be open in S?* if
U c R? is open in R®. A small enough local neighborhood of S* is a surface patch
can be represented as two parameters, which means the dimension of S is 2 and the
neighborhood is homeomorphic to a neighborhood of R>. For i = 1,2,3, consider the
hemispheres U} = {(x1,x2,x3) € S* : x; > 0}, U7 = {(x1,x2,x3) € §? : x; < 0. These 6
hemispheres are open sets of S. Then the 6 homeomorphisms e Ur CS — (U7 C R?
can be simply chosen as ¢ (x1,x2,x3) = (X1, , X1, X1, -+ , X3). These 6 hemispheres
and corresponding homeomorphisms form an atlas in S*. Note that the neighborhood
can be even much bigger. For example the neighborhood can be U = S* — {(0,0,1)} =
{(x1,x2,x3) € S? & (x1,x2,x3) # (0,0,1)}, and the homeomorphism can be chosen as the
stereographic projection. However we can not find a global coordinate chart from
S? to R? because they are is not homeomorphic. The analysis here can be used in d — 1
dimensional sphere S¢7!.

Example 3.3 (Topology of the Space of Positive Definite Matrices). Sym] is a topo-
logical manifold which is locally homeomorphic to the space of 3 X 3 symmetric matrix
Syms. The space of 3 x 3 symmetric matrix with non-negative eigenvalues is a topolog-
ical manifold with boundary. The boundary contains all matrices with non-negative
eigenvalues and at least one zero eigenvalues. The coordinate chart for these two spaces
can be chosen as the identity map to Syms.
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Figure 3.1: Sketch map for local coordinate charts and transition map.

3.1.2 Differentiable Manifold
Differentiable Structure and Definition

For two charts ¢y and ¥y with overlapping domains U and V, the transition func-
tion
Yy ogy : euUNV)CRY - yy(UNV)cRY (3.1)

is a homeomorphism from a subset of R? to another subset of R?. yyog;! is continuous
based on the definition. Please see Fig. 3.1 for the sketch map of local coordinate
charts and transition map.

In order to perform calculus in X, we need this transition function is not only
continuous but also differentiable. The transition function yy o ¢! is called C* dif-
ferentiable, or C* for short, if its partial derivatives are all k times differentiable.
An atlas is Ct if all possible transition functions in it are C*. A topological manifold
can have many atlases. For two atlases A; and A, of a manifold, their combination
is still an atlas. However, if A; and A, are C* differentiable, their combination may
be not C* differentiable. If their combination is still C* differentiable, these atlases
are called to be compatible. The maximal C* atlas, also called differentiable
structure, is the atlas which contains all compatible C* atlases. The maximal atlas
is proved to be unique.

Definition 3.8 (Differentiable Manifold). A C* differentiable manifold is a
topological manifold equipped with the maximal C* atlas.
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Example 3.4 (Sphere as a Differentiable Manifold). Recall the atlas of S*> which con-
tains 6 hemispheres shown in Example 3.2. It is easy to verify that these atlases are
compatible and there exists a maximal atlas which contains all of them.

Normally when we talk about differentiable manifold, we mean the C* differen-
tiable manifold with £ > 1. In the following text, unless specifically stated otherwise,
the term “differentiable manifold” always means a C* differentiable manifold with
k>1.

The transition map has been used to define the differentiability of coordinate
maps. It can also be used to define the differentiability of a general function between
two manifolds.

Definition 3.9 (Diffeomorphism). For differentiable manifold X and Y with dimen-
ston dy and dr, a function f : X — Y is differentiable if for every two charts
v U c X - ouU) e R"mand yy : V ¢ Y — oy(V) € R%, the function
Yv o fogy t ouU) € RM - oy(V) € R® is differentiable. f : X — VY is a diffeo-
morphism if f is a differentiable homeomorphism.

Note that when f : X — VY is a diffeomorphism, based on inverse function the-
orem these two manifolds have the same dimension, i.e. d; = d,. Homeomorphism
is the topological equivalence between topological spaces X and Y. While diffeomor-
phism is the equivalence between differentiable manifolds.

When Y = R! is a Euclidean space, f : X — R! is a scalar function defined in X,
which is essential to introduce tangent vector and tangent space.

Tangent Vector and Tangent Space

In Euclidean space R?, let y : [-€,eé] — R? be a smooth curve passing across p €
R¢ with y(0) = p € R% In the coordinate x = (x1,x2,---,x:)7 € RY, y(1) = x(t) =
10, 22(8), -, xa(D)”, t € [~€,€l. Then v = y'(0) = (x}(0), x50, -+, x,0)" € R% Let
f : R? = R! be a differentiable scalar function defined in a neighborhood of p. Then
the directional derivative of f along v is L2 V)It_ =y, j,’jf le=p dx’lt 0=, Vig -
So the tangent vector v can be seen as an operator on the dlfferentlable functions.

This concept can be generalized into differentiable manifold.

Definition 3.10 (Tangent Vector and Tangent Space). Let vy : [-€,€] —» X with
v(0) = p € X be a differentiable curve cross p in a differentiable manifold X. Let f be
any differentiable function defined in a neighborhood of p. Then the tangent vector
to the curve vy(t) at t = 0 is given by the operator v'(0) that maps function f to its
directional derivative, i.e.

df 4

o (3.2)

YO f =

The space of all tangent vectors in a given poznt p € X is called tangent space and
indicated by T,X.

Let (U,¢) be local coordinate system around p, then f(p) = f(e(p) =
[ x,x2), ® = @(p) = (x1,x2,---,x)7 € RY. Then goy : [-e¢€] € R —
o(y([-€,e) N U) € R? is a curve in RY, which is the image of the overlap between
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y([—€, €]) and U. Thus denote @(y(r)) = x(t) = (x1(1), x2(1), - , x4(£))T € RY, t € [—¢, €], then
the directional derivative of f can be represented as

d
YO = S o = S a0, o)

dxl(f) of _
Z I= Oaxl x(1)=¢(p) (Z i© )(9x, x ()= sa(p))f
So the vector y’(0) can be represented in coordinate chart ¢ by
d
Y = Zx (0)—] (3.3)

Eq. (3.3) shows the tangent vector at p depends only on the derivative y’(0) in a
given coordinate chart. It can be proved that the tangent space 7,X with the usual
operations of functions forms a vector space with the same dimension 4 as X, and a
given coordinate ¢ induces a basis {aix[}f: ,In TpX.

d
0
TpX = {ch(’)_x, L (c1,02,0 0 scq) € Rd} (3.4)

Example 3.5 (Tangent Space of Sphere). Let p € S and y : [-€,¢] — S with
y(0) = p. Let f(y(?)) = |ly(®)|*> = 1 be a function restricted in y(t) which is a constant
since y(r) € 47!, Vr e [- €. e] Choose a coordinate such that p (pl, - pa)t and y(@) =
(x1(0), -+, xa (). Then 3L|, = 2y(0) = 2p, and 0 = LD = 3¢ ()5, =2 3L, X(0)p:
So the tangent space T, -1 i

T,8" = {v = (i, va,-,v) €R: 0T p = 0} (3.5)

The inverse of the coordinate chart, i.e. ¢~!, is a diffeomorphism which actually
maps the local basis system {8%}?:1 from Ty()R? to T,X. This can be generalized into
differentiable function between two manifolds.

Definition 3.11. Let ¢ : X — Y be a differentiable function between two differentiable
manifolds X and Y. For a given point p € X, the pushforward map of ¢ (aka deriva-
tive of ) is a linear map from the T, X to Ty, Y, i.e. p.lp : T,X = TynY. The pullback
map of ¢ is a linear map from Ty,)Y to TpX, i.e. ¢*|, : TynY — TpX.

In other words, VX € T,X and differentiable function f : ¥ — R!, we have foypisa
differentiable function defined in X. Then (¢.X), € Ty»Y is defined as (¢.X)(f) = X(fo

®). VY € Ty, Y and differentiable function g : X — R!, we have gop! is a differentiable
function defined in Y. Then (¢*Y),) € T,X is defined as (¢*Y)(g) = Y(go ¢™1).

3.1.3 Riemannian Manifold
Riemannian Metric

A distance function used to distinguish two different points in a manifold is essential
for manifold statistics and devising algorithms.
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Let y : [a,b] — R? be a differentiable curve in Euclidean space R¢. Then v'(t) for
any given fj € [a, b] is the velocity of the curve at r = 7y, and the length of the curve is
given as

b
L(y) = f Iy’ ()lldz

The line segment connecting two points p, g € R¢ is proved to have the minimal length
among all such differentiable curves y(r) with y(a) = p and y(b) = q. The length of the
line segment is normally used as the distance between p and 4.

For y : [a,b] — X as a differentiable curve in a general differentiable manifold X,
we have shown in last subsection that y/(7)) is a tangent vector in the tangent space
T,i)X. Thus we need to define the length of the curve y(7) in a general differentiable
manifold, which needs to equip a norm induced by an inner product in 7.

Definition 3.12 (Riemannian Metric and Riemannian Manifold). Let X be a
differentiable manifold. A Riemannian metric on X is defined as an inner product
(a symmetric, bilinear, positive definite form) in the tangent space T,X, i.e.

g = T XXT,X >R, peX (3.6)

such that with respect to the coordinate 0:UeX - RY o(p) = (x1,x2,+ ,xq) € @(U), the

function g;j(x1, X2, , Xq) def (L I ax )p is differentiable in U. Riemannian manifold

(X, ), or written as (X, {-,)), isa dtfferentiable manifold X together with a Riemannian
metric g or {-,-).

Recall that for a given coordinate ¢ : U € X — R%, o(p) = (x1,x2,---,xq) € @(U),
{a%}f:l forms a basis in 7),X, which defines an d x d positive definite matrix G = [g;;]
with the elements g;;. The matrix G is the local representation of Riemannian metric
under coordinate ¢. Thus for two tangent vectors X = Zd Xioe ‘9 and Y = Z

lax ’
their inner product is

X.Y), = <Zx Z Yi— Gy (3.7)
where x = (X1, X>,--- ,X,)" andy = (Y},Ys,---,Yy)! are the local representations of X

and Y under ¢. Please note that for given X, Y and metric g,, different coordinates
will obtain different representations of the basis { (;1 } , X,y and G. But the inner

product (X, Y), = # Gy remains the same.

With the Riemannian metric, the norm of tangent vector X = Z X,(W is

X1, € J¢X, X), = VaTGx (3.8)

For the last two layers, we have shown homeomorphism and diffeomorphism as
the equivalence respectively between two topological manifolds and differentiable
manifolds. With the additional Riemannian metric in the third layer, the equiva-
lence between two Riemannian manifolds is called as isometry which means in the
sense of preserving lengths of curves in addition to diffeomorphism.
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Definition 3.13. Let (X, (-, -)x) and (Y, <, )y) be two Riemannian manifolds. Let f :
X — Y be a diffeomorphism. Then f is called as an isometry if (u,v)x = (f.u, f.U)y,
VYu,v e T,X, p € X. If the metricin (-,-)y is defined such that diffeomorphism f becomes
an isometry, we call the metric {-,-)y is induced by (X,{-,-)x)and f: X - Y.

Please note that the term “metric” in “Riemannian metric” is different from “met-
ric” in “metric space” in Definition 3.3. The “metric” here is a metric tensor which
describes an inner product in the tangent space of one point. While the “metric” in
Definition 3.3 is a distance function defined for any two points, which is the geodesic
distance shown as follows.

Geodesic

With the Riemannian metric, the length of a differentiable curve y : [a¢,h] —» X in
Riemannian manifold X is given as

b b
LGy) = f I Oll o = f N (3.9)

Note the length is independent with the chosen coordinate system, since the inner

product [y’ (Dllyq) = (¥’ ),y (1)) is independent of chosen coordinate.

Definition 3.14 (Geodesic). The geodesic distance between two points p, q in a
Riemannian manifold X is the infimum of the length among all differentiable curves
v : [a,b] - X with y(a) = p, v(b) = g, i.e.

d(p,q) = inf{L(y) : y(¢) is continuous and piecewise differentiable, y(a) = p,y(b) = g}
(3.10)
A geodesic between p and q is a piecewise differentiable curve with the minimal length

d(p,q).

Please note three things. First, we relax the constraint such that the curves may
not be differentiable in some discrete points, because the discrete points have no
contribution in the integral. Second, the geodesic may not exist, which means the
infimum of length can not be reached by a curve. Third, if a geodesic exists, there
may be more than one geodesic between two points.

It can be proved that the distance defined in Eq. (3.10) satisfies the conditions
for distance function listed in Definition 3.3. So with the Definition 3.14 of geodesic
distance and Definition 3.3 of the metric space, the Riemannian manifold becomes a
metric space if any two points have a geodesic.

The geodesic can be obtained by minimizing the length functional in Eq. (3.9),
which is a Euler-Lagrange equation and can be solved by standard calculus of
variations technique [Spivak, 1999, chap. 9]. Then we obtain the geodesic equa-

tion as
d?xy dx;dx

d
— UZ_] Lo ))EE =0 (3.11D)
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Figure 3.2: Tangent space T,S?, exponential map Exp,(v), geodesic Expy(rv) and cut locus p
for p € S%.

where x;(r) is the i-th component of y(f) under a given coordinate, i.e. y(r) =
(x1(®), x2(2), - -+, xq()T. rfj is the Christoffel symbol defined as

z : ag m ag' agi'
km Zoym im J
2 ax, 8)6]‘ axm) ( )

where {g/"} is the components of G~! that is the inverse of the metric tensor matrix G.

Example 3.6 (Geodesic in Euclidean Space). In R?, g; ;= 6;j and G is identity matrix.

So Ffj =0. Then dd’ﬁ" = 0. So y(?) is the straight line segment connecting two points.
Example 3.7 (Geodesic in Sphere [Spivak, 1999, chap. 9]). As we have shown that
the tangent space T,S"! for a given point p is an d — 1 dimensional Euclidean space.
See Fig 3.2. So the Riemannian metric for T, is naturally chosen as the Euclidean
metric g;j = 6;j. For given two points p,q € S4-1, they are two vectors in RY starting
from the original point. Let E* be the plane spanned by these two vectors, and let
C = E*NSY"! be the great circle (equator) through these two points. Then consider
an isometry f : 471 — S defined as the reflection through the plane E*>. Then if vy
is the geodesic between p and q, I(y) is also the geodesic between them, which means
y = I(y) '. In other words, y ¢ C = E*(NS%!. So the geodesic between two points
in S* is a part of the great circle which is smaller than semi-circle. For two points
which are not antipodal, there exists only one great circle C = E>(S* ! cross these
two points. Then the geodesic is the smaller arc of the great circle connecting these
two points, which is unique. For two antipodal points, there exist infinite great circles
C = E>N\S* . Then there are infinite geodesics which are semi-circle connecting these
two points.

Proposition 3.1. If y(r) : [a,b] — X is a geodesic between two points p = y(a) and
g = y(b) in Riemannian mgnifold (X, ¢ )x), then 1Y Dllywy = 1Y @llyw) = 1Y D)llyw) ts a
constant for t € [a,b]. So [’ Iy (D)llymdt = (b= @)Y (@)lly)-

1Here we assume p and q are close enough in a neighborhood such that there exists a unique geodesic
between them. See the Proposition 3.2 for the existence of such neighborhood in a general Riemannian
manifold.
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Note that the proof of the above proposition is based on affine connection in
Riemannian manifold. Geodesic can be defined as a 1-dimensional auto-parallel
curve based on affine connection, which is a more formal definition used in many
textbooks and can also result in the geodesic equation in Eq. (3.11). However, in
order to make the text more understandable, we are trying to avoid the technical
concepts which are not used in the following chapters, e.g. affine connection. Thus
please refer some textbooks like [Do Carmo, 1992, chap. 3] for affine connection and
the proof of the above proposition.

Exponential Map and Logarithmic Map

Based on the existence and uniqueness of the solution of ordinary partial equations,
the solution of Eq. (3.11) uniquely exists in a sufficiently small neighborhood when
the initial point y(a¢) = p and initial velocity y’(a) = v are given. This essentially
defines a map from the tangent vector y'(a) = v € T,X to y(b) = q. This map is
formally called as the exponential map shown as follows.

Based on the geodesic equation in Eq. (3.11), let # = Az, 2 > 0, then we will obtain
the same geodesic with scaled parameterization and domain.

Corollary 3.1 (Homogeneity of Geodesics). If the geodesic y(t) determined
by Eq. (3.11) and conditions y(a) = p and y'(a) = v uniquely exists in [—e¢, €], we de-
note the geodesic by y(t, p,v), t € [—¢€,€]. Then the geodesic y(t; p, Av), A > 0 uniquely

exists in [-4, {1 and y(t; p, Av) = y(At; p,v) with t € [-%, 1.

This corollary shows that it is possible for a geodesic to increase its interval of def-
inition by decreasing the velocity v, or vice-versa, which means the definition domain
can be always scaled to [-1, 1] by scaling the velocity v.

Definition 3.15 (Exponential Map). Let X be a Riemannian manifold, p € X and
v € T,X. Then there exists in a local neighborhood [—e€, €] a curve y(t; p,v) such that
v(0) = p, ¥ (0) = v. Assume (1) exits for t € [0,1], then y(t;, p,v) becomes the geodesic
between y(0) and y(1), and the exponential map is defined as

Exp,(v) = y(1; p,v) (3.13)

Based on the homogeneity of geodesics in Corollary 3.1 and the definition of expo-
nential map, we have
¥(t; p,v) = y(1; p, tv) = Expp(tv) (3.14)

which shows that Exp,(tv) as a geodesic locally exists in a sufficiently small interval
[-€, €], Vo e T, X.

Definition 3.16 (Completeness). X is called geodesically complete, if Vp € X, the
exponential map Exp,(v) is defined Yv € T,X. In other words, for any given p € X,
v € T, X, the curve y(t) = Exp,(tv) exists Vt € RL.

If the manifold is not geodesically complete, each point can have a cut locus which
can be defined in the manifold or in tangent space.

45



CHAP. 3: MANIFOLD, STATISTICS ON MANIFOLD AND STATISTICAL MANIFOLD

Definition 3.17 (Cut Locus). For p € X, the cut locus of p in the tangent space is
defined as the set of all vectors v € T,X such that y(t; p;v) = Exp,(tv) is a geodesic for
t € [0, 1] and is not the curve with minimal length for t € [0, 1+¢), Ye > 0. The cut locus
of p in the manifold is defined as the image of the cut locus in T,X, which is the set
of points in the manifold where the geodesics starting at p stop being minimizing.

Proposition 3.2. Exp, is a local diffeomorphism from open ball B(0,R) c T,X to
Exp,(B(0,R)) C X. The intersection of the cut locus of p in T,X and B(0,R) is empty.

Proof. Exp, is a function from a subset of 7,X to a subset of X. Thus its pushforward
map is Exp,.(v) = dEfo(w) lizo = 2EL2)) o = v, which means Exp,. is an identity map
in T,X. So based on inverse function theorem, there exists an open ball B(0,R) c T,X
such that Exp, : B(O,R) c T,X — Exp,(B(0,R)) c X is a diffeomorphism. Vv € B(0,R),
Expp(tv) with ¢ € [0, 1] is a geodesic, which means it has not reached the cut locus of p

based on the Definition 3.17. O

The above proposition shows that the maximal radius for such open ball B(0,R)
which makes Exp, as a diffeomorphism is dependent on the cut locus. The open ball
B(0,R) is in T,X. Denote its image Exp,(B(0,R)), a geodesically open ball in X, by
Bx(p,R) = {x € X : d(p,x) < R}. Since exponential map is a local diffeomorphism, its
inverse is well defined locally and is called as the logarithmic map.

Definition 3.18 (Logarithmic Map). For two points p,q € X, if there exits v € T,X
such that Exp,(v) = g, the logarithmic map is defined as

Logp(q) =v (3.15)

Based on the definitions of exponential map and logarithmic map, we have
Log,(Expy(v)) =v, Exp,(Logy(q) =q (3.16)
The geodesic y(¢) connecting p and ¢ such that y(0) = p and y(1) = g, if it exists, is
y() = Exp,(tLogy(q)), t€0,1] (3.17)

Example 3.8 (Exponential Map and Logarithmic Map in Sphere). We have shown
in Example 3.7 the Riemannian metric in S%! is ¢; j» and the geodesic y between two
points p,q € S ! is in the great circle C ¢ E> where E? is the 2 dimensional plane
spanned by p,q and original point. Let v = Log,(q) € TPS‘H, then p, g and v are all in
E?, because y C E*. Since vLlp, iy and p form an orthonormal basis in E*. So y(1) can
be represented as

v
lloll’
Considering 1 = |y®I* = a*(t) + b*(1), ¥(0) = p, we can set a(t) = cos(h(r)) and b(r) =
sin(h(1)), then

v(®) = a(t)p + b(1) te[0,1] (3.18)

[ 4
lloll”

Then considering |ly’ @) = Iy’ (0)|| = ||v]| based on Proposition 3.1, we have

y(t) = cos(h()p + sin(h(t)) where h(0) = 0

Ioll = @l = || = sincho) @p + costhinm @ = W @)
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Considering h(0) = 0, we have h(r) = ||v||t. Then the geodesic is

v

¥(1) = cos(llvll)p + sin(|[v]|r) TR [0,1] (3.19)
The exponential map is
) v
Exp,(v) = y(1) = cos(|lvlhp + sm(llvll)m (3.20)

Please note that the geodesic distance fol v(H)dr = |[v|| is the distance of the arc, also
the angle ¢ between the vector p and y(1) = g because the radius of S* ' is 1. The
logarithmic map is the inverse of exponential map, so it is

q— pCOSgD
llg — pcos ¢l

Based on the Definition 3.17, the cut locus at p in S? is its antipodal point —p, and the
cut locus at p in TPS"‘1 is the circle with radius of n. Exp, maps all vectors in T,,Sd‘1
with norm 2xn to p, where n is any non-negative integer. Note that S?~! is geodesically
complete based on Definition 3.16. The maximal radius of the local open ball B(p,R)
in Proposition 3.2, which makes Exp, be a diffeomorphism, is R = n. See Fig. 3.2 for
the specific case of S2.

Log,(q) = ¢, where ¢ = arccos(p! q) (3.21)

3 2 STATISTICS ON RIEMANNIAN MANIFOLD
[ ]

Compared to the materials in the last section which can be found in exhaustive
textbooks, statistics on Riemannian manifold is a recent emerging area. There are
indeed some monographs which focus on theoretical statistics in some special man-
ifolds [Chikuse, 2003; Mardia and Jupp, 2000]. However in the view of medical im-
age analysis applications in this thesis, we are interested in statistical computing on
manifold valued data. Most materials for this specific topic are distributed in some
papers or theses in last several decades [Kendall, 1990; Karcher, 1977; Pennec, 2006;
Fletcher, 2004]. Thus we only list here some theoretical results used in Chapter 6,
which have been also used in computer vision [Li et al., 2008; Subbarao and Meer,
2009], statistical shape analysis [Dryden and Mardia, 1998], medical image analy-
sis [Fletcher et al., 2009; Pennec, 2006; Cheng et al., 2009b,a, 2011a], etc.

For statistical computing on manifold valued data, there are two ways, i.e. extrin-
sic way and intrinsic way. In extrinsic way, the manifold X is embedded into a higher
dimensional Euclidean space R?. This embedding always exists based on Whitney
embedding theorem. Thus statistical computing can be performed in Euclidean
space, then the final results in Euclidean space are projected back to the manifold X.
Extrinsic way is dependent on the chosen coordinate and maps. While intrinsic way
is independent on chosen coordinate, which is shown in this section.

With the tools described in last section, we can perform integral in Riemannian
manifold X. The length of a geodesic is the integral along the geodesic which is a
1-dimensional auto-parallel submanifold. It is possible to perform integral in high
dimension, where the measure, or called the infinitesimal volume element, is defined

as dV = [det(G)|dx 2.

%It needs more technical materials which I am trying to avoid in this thesis.
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This measure can be used to define distributions in manifold X such that they
have the PDF px(x) > 0, fX px(@®)dV = 1. Then it is possible to calculate some statis-
tical quantities, to compare measurements, to perform hypothesis test, etc [Kendall,
1990; Karcher, 1977; Pennec, 2006; Fletcher, 2004].

With a distribution px(x) defined in a Riemannian manifold X, the expectation of
function f(x), denoted by Ex[f(x)], is

Exlf@)] = fx F@)px @)V = fx F@)px@) V[ deGldw (3.22)

In discrete case with n samples {x € X}, px(®)V[det(G)|dx is given by weight
vector w = (wi,wa, - ,w,)" and w; is the probability for #©, w; > 0, 3%, w; = 1. Then
for the function f defined in the samples given by a vector f = (fi, /.-, fu)!, its
expectation is

Ewocxy If1= ) wifi = w'f (3.23)
i=1

In practice, normally we do not know the probability px(x) in the manifold X,
What we obtain is a limited number of random samples {x? € X} and the measured
values of function f(x) at these samples. How to estimate the probability density
function px(x) in Riemannian manifold from random samples is another topic [Pel-
letier, 2005], which is much difficult in practice especially when only limited number
of samples obtained in a high dimensional manifold. In this thesis, we only consider
the expectation given in the discrete case in Eq. (3.23), where the weight w is nor-
mally pre-fixed.

3.2.1 Riemannian Mean and Variance

For x € X and n samples {x € X}, consider the variance function
o) & Z wid(x, x7)? (3.24)
i=1

where d(x,x?) is the geodesic distance from x to x, and w = (wi, w2, - ,w,)! is the
weight vector.

Definition 3.19 (Weighted Riemannian Mean [Fréchet, 1948; Buss and Fillmore,
2001; Karcher, 1977; Kendall, 1990]). The weighted Riemannian mean (or called
Fréchet mean, or Karcher mean) is defined as the minimizer of the variance function
a?(x), denoted by w,,

n

[T & arg min o (x) = arg min Z wid(x,x)? (3.25)
xeX xeX T4

When w; = %, w,, is called as the Riemannian mean, denoted by n, and o def a’(n) is
called the variance.
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In Euclidean space, the minimization in Eq. (3.25) has global solution m,, =
> wix® which is the weighted Euclidean mean. However in a general Riemannian
manifold, weighted Riemannian mean may not exist (unreachable), or may have more
than one solutions which obtain the global minimum of variance function.

In [Karcher, 1977], Karcher considered also the local minima when the variance
function is not convex and has multiple local minima. The local minima of the vari-
ance function are called as Riemannian centers of mass. In this thesis, we just
simply call the local minima as weighted Riemannian means. [Karcher, 1977;
Kendall, 1990] gave some sufficient conditions for the existence and uniqueness of
the global minima of variance function based on the concept of regular geodesic ball.

Definition 3.20 (Regular Geodesic Ball [Karcher, 1977; Kendall, 1990]). The open
ball Bx(p,R) in Riemannian manifold X is called a regular geodesic ball if

(i) HR < %n, where H? is the supremum of sectional curvatures in Bx(p,R), or zero if
the supremum is negative.

(it) the cut locus of p does not meet Bx(p,R).

The local open ball which makes Exp, as a diffeomorphism has been discussed in
Proposition 3.2. The regular geodesic ball is such a local open ball which also satisfies
HR < ir.

2

Note that [Kendall, 1990] also proved an important property of regular geodesic
ball.

Proposition 3.3. Let Bx(p,R) be a regular geodesic ball in Riemannian manifold X
as the Definition 3.20, and x,y € Bx(r). Then x, y are connected by one and only one
geodesic within Bx(p,R).

This proposition shows that for any point x in a regular geodesic ball Bx(p, R), the
cut locus of x does not meet Bx(p,R). So (ii) in Definition 3.20 can also be replaced by
“(@i1) the cut locus of ¢ does not meet Bx(p, R) for at least one g € Bx(p,R)”.

Theorem 3.1 (Existence and Uniqueness of Riemannian Mean). Based on the anal-
ysis of regular geodesic ball, Kendall [Kendall, 1990] and Karcher [Karcher, 1977]
proved the following sufficient conditions for the existence and uniqueness of Rieman-
nian mean in continuous case.

e [Kendall, 1990] shows that if the support of px(x) is contained in a regular
geodesic ball Bx(p,R), then there exists one and only one Riemannian center of
mass x € Bx(p, R).

o [Karcher, 1977] shows that if the support of px(x) is contained in regular
geodesic ball Bx(p,R) and Bx(p,2R) is also a regular geodesic ball, then the vari-
ance function o*(x) is a convex function with respect to x and has a global min-
ima in Bx(p,R).

Note that these two results can be also used in discrete case by considering px(x)
as discrete probability distribution defined in points {x® e X ¥ ,- So if all samples
are in a regular geodesic ball Bx(x, R), the Riemannian mean defined in Eq. (3.25)
uniquely exists.
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These two results are applicable to general Riemannian manifold. For S%!, the
curvature is the constant 1, which means for any p € S%!, Bs1(p,R) is a regular
geodesic ball if R < . Based on Proposition 3.3, if all samples {x(‘)} are all in a hemi-
spheres, the Riemannian mean u,, uniquely exists. Note that Theorem 1 in [Buss
and Fillmore, 2001] also proved this result for S¢~! based on the analysis specific to
S-!, [Buss and Fillmore, 2001] also proved some other interesting results.

Theorem 3.2 ( [Buss and Fillmore, 2001, theorem 71). Suppose {x) € S*'}"  are n
points in a hemisphere of S"!, and that it is not the case that n = 2 with x(l) and
x? antipodal. Then the convex hull C of {x)" ? exists and is equal to the set of
weighted Riemannian mean w,, generated by all possible w, 3! w; =1, w; > 0.

To find the local minima of the variance function o2(x), we can perform gradient
descent method [Pennec et al., 2006]. The gradient of o%(x) is

Vol (@) = -2 ) wiLogx(x") (3.26)
i=1

Then the gradient descent iteration is given as

1 - ,
u]{;I = Expulkv(—zrkVO'Z(x)) = Expys, (Tk Z wiLogyx (x(’))) (3.27)
i=1

where u’,j, is the estimated m,, in k-th iteration and 7 is the step size.

Note that like the standard gradient descent in Euclidean space normally we need
to choose an appropriate initialization nl, and choose 7; as a sufficiently small value
for convergence. While in $¢°!, [Buss and Fillmore, 2001] has proved that a con-
stant 7, = 1 is sufficient for convergence of this gradient descent method. [Buss and

Fillmore, 2001] also proposed to use the normalized Euclidean mean Iél’ll : ’” as the
i=1 Wiki

initialization for fast convergence.

3.2.2 Principal Geodesic Analysis

In Euclidean space, after mean is obtained, Principal Component Analysis (PCA) can
be used to transform data into principal subspace spanned by some principal com-
ponents. PCA minimizes the projection of data to the subspace. PGA was proposed
to generalize the PCA from Euclidean space to Riemannian manifold [Fletcher et al.,
2004]. After obtaining the Riemannian mean pu, PGA projects all points {x ¢ X Y
onto the tangent space 7,X, and calculate the covariance matrix as

1 Y i i
P 21 Logu@x™)Logu(x™)" (3.28)

Then like PCA a set of eigenvectors with large eigenvalues can be obtained by eigen-
decomposition of this covariance matrix. For the eigenvector v with eigenvalue A, the
principal component is Expy(av), where @ € R!. @ is normally chosen in [-3 Va,3 V1],
which can be used to demonstrate the variance in that component [Fletcher et al.,

3Set C is the convex hull of a set D if C is the unique smallest convex set containing D.
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2004; Fletcher, 2004]. So essentially PCA is performed in the tangent space 7,X
and then the principal subspace in 7,X is mapped to manifold X by exponential map
Expy. PGA has been successfully used in shape analysis [Fletcher et al., 2004], tensor
processing [Fletcher and Joshi, 2007].

3.2.3 Riemannian Median

Definition 3.21 (Weighted Riemannian Median). Weighted Riemannian median
is defined as the minimizer of the weighted sum of distance [Fletcher et al., 2009].

n
my, def arg min o (&) = arg min Z wid (2, x9) (3.29)
xeX xeX T4

where w is the weight vector with 3! w; = 1, w; > 0. When w; = %, it is called the
Riemannian median, denoted by m.

When X is a Euclidean space, the minimization of ¢!(x) has global minimum
which is the median in Euclidean space. When X is a general Riemannian man-
ifold, the minimization may have no solution or may have many solutions as lo-
cal minima. [Fletcher et al., 2009] proposed a sufficient condition for the existence
and uniqueness of such minimization, based on the results on the convex analysis
in [Karcher, 1977].

Theorem 3.3 ([Fletcher et al., 2009]). In a Riemannian manifold X, the weighted
Riemannian median my, uniquely exists if diam(U) - H < 3, where the diameter of
U = {9}, denoted by diam(U), is the maximal distance between any two points in
{0 e XY , H = VA if the sectional curvatures of X are positive and bounded by A > 0,

and H = 0 if the sectional curvatures are non-positive.

Note that based on the triangle inequality and Proposition 3.3, if all points U =
{x(")}f:1 are contained in a regular geodesic ball Byx(p, R), the diameter diam(U) < 2R.
So if Bx(y2r) is still a regular geodesic ball, then diam(U)-H < 2R-H < 5 when H > 0
for positive sectional curvatures. Thus we have another sufficient condition which

derives Theorem 3.3.

Theorem 3.4. In a Riemannian manifold X, the weighted Riemannian median my,
uniquely exists if all points U = {x(")};’= | are contained in a regular geodesic ball Bx(p,R)
such that Bx(p,2R) is still a regular geodesic ball.

In order to find the weighted Riemannian median, we can still use the gradient
descent. The gradient of o' (x) is

n

L) = =\ ViLogz (@)
Vol(x) = ; i =) (3.30)

Because the gradient has no definition when x = ), we need to require x # £). Then
the gradient descent, which is iteratively re-weighted least square method, is
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given as

n

. k400
k Z Wt/d(mw’ X )

U = -
i=1 Z?:I W]/d(mllfv’x(]))

- Logm,, @) (3.31)
mit = Expl,‘nw(rkvl,‘nw) (3.32)

where m¥, is the estimated m,, in k-th iteration, 7; is the step size. Like the gradient
ascent method for w,, normally we need a good initialization m{, and a good 7; in
each step. [Fletcher et al., 2009] proved a result for 7; for convergence.

Theorem 3.5 ([Fletcher et al., 2009]). Ifthe sectional curvatures of X are nonnegative
and bounded by A > 0 and diam(U) - VA < 5, then the gradient descent converges for
Tk € [O, 2].

Riemannian median has been proved to be more robust than Riemannian mean
and is more appropriate for atlas estimation in medical image analysis, computer
vision, etc [Fletcher et al., 2009].

3.2.4 Riemannian [’ Mean

Recently [Afsari, 2011] proposed a general result on existence and uniqueness of Rie-
mannian L? mean (center of mass). Consider the function o?(x) as

[ 4@, 3" px(y)dV if 1<p<oco

. (3.33)
arg max csupp(py) 4@, y) if p=o0

oP(x) = {
where supp(px) is the closure of the support of the probability px. The local minima

of oP(x) are called Riemannian L” mean, which is Riemannian mean when p = 2 and
Riemannian median when p = 1.

[Afsari, 2011] proved a upper bound of R such that the Riemannian L” mean
uniquely exists in regular geodesic ball Bx(p,R). First we introduce the concept of
injectivity radius. The injectivity radius at p € X is the largest radius for which
the exponential map at p is a diffeomorphism. The injectivity radius of Riemannian
manifold X is the infimum of the injectivity radii at all points.

Theorem 3.6 ([Afsari, 2011]). In a complete Riemannian manifold X with sectional
curvatures upper bound of A and the injective radius of injX, define

l . . . L .
Ra.p déf{ 7 minfingX, o} if 1< p<2 (3.34)

smin{injX, £} if 2<p<oo

where His VAif A >0, 0if A < 0. Then if supp(px) C Bx(p,R) C X, the Riemannian L?
mean uniquely exists in except some degenerate cases and lies in Bx(p,R), if R < Ra ).

The above theorem on Riemannian L” mean in [Afsari, 2011] agrees with The-
orem 3.1 [Karcher, 1977; Kendall, 1990] when p = 2 and agrees with Theorem 3.4
which can derive Theorem 3.3 [Fletcher et al., 2009] when p = 1.
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3 3 STATISTICAL MANIFOLD
[ }

In last two sections, we have reviewed the basic concepts of Riemannian mani-
fold and some important theoretical results on how to perform statistical computing
on manifold valued data. This section shows the basic theory on how to endow a so-
phisticated Riemannian manifold structure to a parametric family of distributions, so
that we can perform statistical computing on the data which are distributions from
the parametric family.

It starts in the original Mahalanobis distance in 1936 [Mahalanobis, 1936] to
endow a geometric structure in a parametric distribution family and define the dis-
tance between different parameterized distributions. The pioneer work in [Rao, 1945]
generalizes the Mahalanobis distance and opens a new field called Information
Geometry, which has many applications in quantum mechanics [Wootters, 1981;
Braunstein and Caves, 1994; Brody and Hughston, 1998], computer vision [Srivas-
tava et al., 2007; Maybank, 2004], machine learning [Lebanon, 2006; Lafferty and
Lebanon, 2006], etc. In this section, we will review some basic useful concepts in
Information Geometry theory. Please refer [Amari, 1985; Amari and Nagaoka, 2000]
for more formal details.

3.3.1 Basic Concepts in Information Geometry
Parametric Family (PF)

Let Pr(y) be the space of all probabilities defined in a field y, i.e.

Pr(y) = {P(x) : fp(x)dx =1, px) > 0} (3.35)
%

Parametric Family (PF), aka statistical model, is a family of parametric distribu-
tions on the field y in Eq. (3.36), where ¢ is a K dimensional parameter vector in
Parametric Space (PS), denoted by PS c RX [Rao, 1945; Amari and Nagaoka, 2000].
Thus PF c Pr(y).

PF = {p(xlc) : f plxle)dx = 1, p(xle) >0, c € PS C RK} (3.36)
x

Statistical manifold

Let’s consider the following mapping as
¢ : PS cRK = o(PS) = PF cPr(y), ¢:cw pxlc) (3.37)

Obviously ¢ is not a surjective to Pr(y), because there exist some probabilities in Pr(y)
which can not be represented by parameterized model in Eq. (3.36). Normally we
require ¢ is a injective such that the model in Eq. (3.36) is identifiable. Otherwise
there exist ¢! and ¢® such that p(xle") = p(xle®), Vx € .
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So we assume ¢ is a bijective from PS c RX to PF c Pr(y). We also assume p(x|c)
is differentiable with respect to ¢, which means ¢ is differentiable. Then ¢ becomes
a diffeomorphism. Thus we can identify parametric distribution p(x|c) in the family
PF as points ¢ € PS. Next we assume PS is a differentiable manifold embedded
in RX. Then PF with distributions as elements is a differentiable manifold, called
statistical manifold, which is diffeomorphic to PS. The parameter vector ¢ is called
the coordinate.

Please note that all assumptions we made here are very weak, which can be sat-
isfied by most parametric family used in practice.

Example 3.9. Consider the Gaussian distribution in 1D, i.e. N(xlu,o). Thus ¢ =
(w, ), PS = {(u,0)T € R? : u € (—o0,00),0 € (0,00)} which is a differentiable mani-
fold in R2. N(x|e) is differentiable with respect to c.

Fisher information metric as the Riemannian metric

Based on Section 3.1.2, the tangent space in PS is generated by local basis
gent ;E)ace at p(xle) which is isomorphic to the tangent space of PS. The vector
u = Z,-Ii i ”ia% corresponds to the vector u(x) = ;. uim%a_,;w with the same coordi-
nate [Amari, 1985, chap. 2]. Thus we identify these two tangent vector and denote
them by u, and we also identify the two tangent spaces and denote them by 7,.. The

) . a1 .
expectation of the random variable u = };_, ui%(xlc) is 0 because

dlogpxle)\ _ (dpxle) 8 _
Ex( )_L dx = 7 fxp(xlc)dx—O (3.38)

ac,- aci

where we assume the integration over x and differentiation with respect to e can be
freely rearranged.

As we have shown in Section 3.1.3, Riemannian manifold is a differentiable man-
ifold equipped with a Riemannian metric g in its tangent space. For the statistical
manifold PF, there exist many possible inner products to make it a Riemannian man-
ifold. The Fisher information matrix with its (i, j)-th entry in Eq. (3.39) naturally
defines a positive definite inner product, i.e. a Riemannian metric called the Fisher
information metric.

4(©) def Ex(alogap(xlc) 0 logap(xlc)) _ fﬁlog p(xle) dlog p(xlc)p(xlc)dx (3.39)
Ci CJ' % aci aCj
4 f d+/ple) 8 +/p(xle) i (3.40)
x (9cl- 8Cj

It is easy to see this metric has another equivalent form in Eq. (3.41) when the order
of differentiation and integration can be changed.

9? 8% log p(xle)
ii(e) = —E 1 xle)| = - | —=—"“p(x|e)dx 41
gij(e) X(aciacj og p( |C)) fx dcidc; pxle) (3.41)

The above three formulae Eq. (3.39) Eq. (3.40) Eq. (3.41) are normally used to calcu-
late g;; from p(x|e).
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For given two tangent vectors represented by the basis as v = l’i 1 vim‘)ga—’cfi(’clc) and
u= Zf: LU jmoga—f;x'c), the inner product is given as
(v,u)e = E,(u,v) = Z viu;gij(e) (3.42)

ij

Note E,(u,v) = Cov(u,v) is the covariance of v and u because E,(u) = E,(v) = 0.

Geodesic, exponential map and logarithmic map

Since we have constructed the statistical manifold and equip it with the Fisher in-
formation metric, the concepts and results in Section 3.1.3 can be used in statistical
manifold.

The length of the tangent vector v € T, is ||v|| = V(v,v). Then the length of the
curve vy : [a,b] — PS is L(y) = fa b Ily’(0)lldz, where y'(¢) is a tangent vector in T, .
For given two points (distributions) in the statistical manifold, the curve connecting
them with the minimal length is the geodesic. A given point (distribution) ¢ with a
given tangent vector v determines the unique geodesic y(r) with y(0) = e and y’(0) = v.
The exponential map and logarithmic map are diffeomorphisms defined in a local
star-shaped subset U € T,. The boundary of U, if it exists, is the cut locus in tangent
space.

The geodesic, exponential map and logarithmic map can be used as a framework
for statistical computing on distributions from a parametric family.

3.3.2 Examples on Gaussian Distribution and Multinomial Distribu-
tion Families

We have shown in Example 3.9 that the parametric family of Gaussian distributions
in 1D can be seen as a statistical manifold. Here we show another example for the
statistical manifold of Gaussian distributions in K dimension. Please refer [Atkinson
and Mitchell, 1981; Skovgaard, 1984] for the proofs and more details on the geometry
for Gaussian distribution family.

Example 3.10 (Gaussian Distribution Family in K Dimension). Multi-variant Gaus-
sian distribution family in K dimension is given as

_ _ 1 ! Ts-1 : K ,
PF = {N(x|,u,2) = W exXp (—E(x —,Lt) z (x —,L[)) M E R 5 e S}/I?’l;} (343)

We consider PF for fixed T and fixed u respectively.
Considering PF = {N(xly, Y):ueRK ¥ = ZO}, then g;; = Zal(i, J) based on Eq. (3.41)

which is a constant. So lety = 251/2x, y is in Euclidean space with g;j = 6;j. Thus the
geodesic, exponential map, logarithmic map of PF are induced from Euclidean space
by the transform x = 2(1)/ %y. For two Gaussian PDFs with the different mean vectors

ui and o but the same covariance matrix Xy, the geodesic distance is the well-known
Mahalanobis distance [Atkinson and Mitchell, 1981]

d(N(xlu1, %), N(xlpo, X)) = \/(,Ul — )2y — o) (3.44)
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Thus the geodesic distance in information geometry is a generalization of Mahalanobis
distance that is only for Gaussian distributions with the same covariance.

Nouw for fixed uo, we consider
PF = {N(xl,uo,Z) : Ye Sym}}

Note that N(x|u,X) is defined Vx € RX, the space PF is invariant under shift y = x + u.
So the PF can be written as

PF = {N(le) = —leZ‘lx) : Xe€ Sym}}} (3.45)

1

— X

QnKPIE[12 p( 2
where g = 0. Symy, is open convex cone embedded in K x K symmetric matrix space
Symg which is isomorphic to Euclidean space RK’. Matrix exponential function is a
diffeomorpﬁism between S ymg and Symy. The tangent space of a given Z € Symy, Le.
Ts(Symy), is Symg. For given two symmetric matrices A, B € Sym, the inner product
in Symg is naturally defined as Trace(AB). Based on directional derivative analysis

of matrix function, the inner product in Tx(Symy) is [Atkinson and Mitchell, 1981;
Skovgaard, 1984]

1
(A, B)s = 3 Trace(Z'AZ™'B), A, B e Tx(Symj}) (3.46)

The geodesic y(t) with y(0) = X and y'(0) = A € Tx(Sym},) is given as

y(f) = 2 log(R 2 A )22, re[0,1] (3.47)
The exponential map is
Exps(A) = y(1) = 2 exp(S2AS )22, A € Syms (3.48)
The logarithmic is
Logs(A) = X7 log(E I AL )X, A€ Sym! (3.49)

For two Gaussian PDFs with the same mean vector u but different covariance ma-
trices X and X,, the geodesic distance is [Atkinson and Mitchell, 1981; Skovgaard,

1984]
K
(N, 1), i, £2)) = 4| 5 ) log*(4i) (3.50)
i=1

where A; is the eigenvalues of ZIIEZ. For an affine transform A : y — vy, Ax =y, we have

| =

AN, 21), Nylu, £1)) = d(N@lAp, AZ1AT), N(xlAp, ASAT)) (3.51)
= d(N(x|u, Z1), N(x|u, X1)) (3.52)

which means the distance is affine-invariant. The affine-invariant distance has been
successfully used in tensor processing [Pennec et al., 2006; Moakher, 2005; Batchelor
et al., 2005; Lenglet et al., 2006b; Fletcher and Joshi, 2007].
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Example 3.11 (Multinomial Distribution Family). Let’s consider the multinomial dis-
tribution family given in Eq. (3.53).

K K
PF = {p(x[p) =Y pd(x=i): peRX, p;>0, ) pi= 1,} (3.53)
i=1 i=1

The PS is the probability simplex defined by

K
PS={p=<p1,pz,---,pK)TeRK:Zp,:l, pizo} (3.54)
i=1

If K = 3, PS is the equilateral triangle with vertices (1,0,0), (0,1,0) and (0,0,1). The
tangent space of every point is the plane T, = {v € RX : l’i Vi = 0}. Please see the left
side of Fig. 3.3. Although it is possible to calculate the metric and geodesic based on
the formulation in Eq. (3.53), it is convenient to consider the new coordinates under
square root parametrization, where c; = /p;. Then the PF is Eq. (3.55)

K

K
PF = {p(xlc) =) fox=i): eeR¥, ¢;20, Y = 1,} (3.55)
i=1

i=1

The new PS is the positive orthant of the unit sphere S, i.e.
PS = {c =(c1,¢a, - ,cx) €% ¢ > O} (3.56)

The new tangent space at ¢ is T, = {v € RX : Z,-Ii | vici = 0} based on Example 3.5. Based
on Eq. (3.40), the Fisher information metric is

K
gier =432 ‘/gflc) ONPLe) _ s, (3.57)

P aCj

It can be proved that the geodesic distance between p(xlc) and p(xle’) is twice of the
geodesic on SX7!, i.e. d(p(xle), p(xle’)) = 2arccos(e’¢’). Please see the right side of
Fig. 3.3. The square root parametrization for multinomial distribution was explored
early in [Wootters, 1981] and in example 2.4 of [Amari, 1985], and was applied in
different domains in [Srivastava et al., 2007; Lebanon, 2006; Goh et al., 2011]. Please
note the difference between our description and example 2.4 of [Amari, 1985]. [Amari,
1985] considered the new coordinates as c¢; = 2+/p;, which results in PS as a sphere
with radius 2, i.e. 2S% and g; j(e) = 6;j. However the geodesic does not change under
different parametrizations.

Normally a constant multiplication on metric can be ignored in the statistical com-
puting on manifold valued data. Thus we can assume g;; = 6;; after the transform
ci = \/pi. Then based on Example 3.5, 3.7, 3.8, we show two parameter spaces under
p and e representations in Fig. 3.3. In the right side of Fig. 3.3, two points ¢, ¢/, the
geodesic, and the tangent vector v, = Loge(e’) are shown in tangent space Te. The left
side of the figure shows the two corresponding points p, p’, the geodesic and tangent
vector p’ — p for the representation with p.
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C3

1 D2
V1 1 C1

Figure 3.3: Statistical manifold for multinomial distribution in 3D. From left to right: pa-
rameter space PS represented by {p;} in Eq. (3.54); PS represented by {c;} in Eq. (3.56). The
tangent vector, exponential map and geodesic distance are also shown respectively in the
tangent space T, and 7.

3 4 SUMMARY
[ ]

In this chapter, we made an overview of basic concepts and results of Rieman-
nian manifold, statistical computing on manifold and statistical manifold, which are
background knowledge for Chapter 6. We also gave some examples for better under-
standing the materials.

We now summarize the important and useful materials listed in this chapter
which will be used in the Chapter 6.

1. The basic notions of Riemannian geometry described in Section 3.1 will be
implicitly used in Chapter 6.

2. Weighted Riemannian mean and median described in Section 3.2 will be
used in statistical computing on Gaussian distributions and non-Gaussian dis-
tributions in Chapter 6. The existence and uniqueness of weighted Rieman-
nian mean and median are essential for the analysis in Chapter 6.

3. Example 3.10 on Gaussian distributions lists theoretical results on previ-
ous Riemannian framework for tensors (Gaussian distributions) [Atkin-
son and Mitchell, 1981; Skovgaard, 1984; Moakher, 2005; Pennec et al., 2006;
Moakher, 2005; Batchelor et al., 2005; Lenglet et al., 2006b; Fletcher and Joshi,
2007]. Chapter 6 will generalize the Riemannian framework from Gaussian
distributions to general distributions which are not necessary to be Gaussian.

4. The geometry of high dimensional sphere S9! is well studied in Exam-
ple 3.2 on topology, Example 3.5 on tangent space, Example 3.7 on geodesic,
Example 3.8 on exponential and logarithmic maps. Riemannian framework on
sphere including geodesic, exponential map and logarithmic map can be used to
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devise algorithms to process the data on sphere. For example, in [Cheng et al.,
2009b] we proposed to use mean shift on sphere to analyze functional MRI data.

. Example 3.11 showed the statistical manifold of multinomial distribu-
tion, which is essential for our Riemannian framework on ODFs and EAPs
in Chapter 6. [Goh et al., 2011] directly used the results of multinomial distri-
bution family by considering the ODF represented by its histogram. Our formu-
lation in [Cheng et al., 2009a, 2011a] is quite different. We consider the PDFs
(both ODF's and EAPs) whose square roots are represented by linear combina-
tion of orthonormal basis functions. Please see Chapter 6 for more details and
comparisons.
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CHAPTER 4

DIFFUSION MRI

“If I have seen further it is by standing on ye sholders of Giants.”

— Isaac Newton
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CHAP. 4: DIFFUSION MRI

OVERVIEW

During the last several decades, the principles of diffusion Magnetic Resonance
Imaging (AMRI) have been largely developed, which makes dMRI become the unique
noninvasive technique to study white matter and fibers in human brain. This chap-
ter covers the basic principles of dMRI on diffusion phenomenon, MRI measure-
ments, the concepts of Ensemble Average Propagator (EAP) and Orientation Dis-
tribution Function (ODF), and some state-of-the-art reconstruction methods which
estimate EAPs/ODFs and infer some other meaningful information from measured
dMRI signals. Since EAP and ODF are essentially Probability Density Functions
(PDFs) which describe the water diffusion, we also review some works on metric se-
lection for processing distribution valued data. This introductory chapter is inspired
from [Johansen-Berg and Behrens, 2009; Huettel et al., 2009; Tuch, 2002; Le Bihan
et al., 2003; Lenglet, 2006; Hagmann et al., 2006; Descoteaux, 2008; Ghosh, 2011;
Assemlal et al., 2011]. It contains the background knowledge and motivations of the
Chapter 5 and 6,

Organization of this chapter:

We first introduce some basic concepts of diffusion process in subsection 4.1.1, Mag-
netic Resonance Imaging (MRI) and the duality between k-space and x-space in sub-
section 4.1.2. Then the PGSE sequence, Stejskal-Tanner equation, the duality be-
tween (-space and R-space and EAP are introduced in subsection 4.1.3. Section 4.2
gives a review on Diffusion Tensor Imaging (DTI). Section 4.3 lists the start-of-the-
art reconstruction methods for ODFs and EAPs in High Angular Resolution Diffusion
Imaging. Section 4.4 describes the possible metric and processing framework for ten-
sors, ODFs and EAPs.

4 1 BASIC OF DIFFUSION MRI
[ J

Diffusion Magnetic Resonance Imaging (dMRI) is a widely used in-vivo imaging
technique to explore the information of neural micro-structure by probing the diffu-
sion of water molecules. So far it is still the unique non-invasive method to reveal the
micro-geometry of nervous tissues noninvasively and to explore the neural connec-
tome in living human subjects. The diffusion of water molecules is constrained by the
surrounding structures including nerves, cells and surrounding tissue. For example,
qualitatively water molecules diffuse fast along fibers and slowly across fibers. Thus
measuring the diffusion process quantitatively is crucial to understanding the neural
micro-structure and fiber directions.

4.1.1 Diffusion Process, Free Diffusion and Gaussian Propagator

A drop of colored fluorescent dye placed in a glass of water will spread out in the
glass. The color becomes less intense and finally the glass is filled with a solution of
uniform color. This phenomenon, called as the Brownian motion, can be described by
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Fick’s first law [Fick, 1855], which states that the net particle flux J is proportional
to the spatial gradient of the particle concentration C, i.e.

0

= _D—
J Ox

C
where D is the diffusion coefficient. Then consider the continuity equation, the net
influx equals the increase in the concentrate, i.e. _a%J = %C, then we have

0 9?

—C=D— 4.1

atC ax2c (4.1)
This is the diffusion equation in 1D space. The solution of this equation with the

boundary condition C(x, 0) = 6(x — xp) is

1 x-x0)2
Clx, 1) = We-(4n9) — N(xlxo, 21D) (4.2)
T

where N(x|xo,2:D) is the Gaussian distribution with mean x;, and variance 2Dt. The
derivation of this solution can be found in Example 2.3 in details. The free diffusion
in 3D space can be described by diffusion tensor D which is a 3 x 3 symmetric positive

definite matrix.

J=-DVC, -V.J= ﬁC
ot

Then the solution with the boundary condition C(x,0) = 6(x — x) is

_ @20 D x-x)

C(x,t) = ;e 2 = N(x9|0, 21D) (4.3)

V(@nt)*D|

Note that Dr. Einstein also obtained the solution by considering the diffusion dis-
placement Probability Density Function (PDF) or called diffusion propagator P(R,1)
of the particle [Einstein, 1956].

Tp-1R

1
PR,f) = —— ¢ "2 = N(R|0, 2(D) (4.4)

V(@nt)*D|

Then the Mean Squared Displacement (MSD) is

(RRTY = 21D (4.5)

Note that the above equations are for free diffusion. However the water diffusion
in biological tissues may be hindered by biological cells and other environment sur-
rounding tissues. See Fig. 4.1. So far we still do not know the diffusion propagator in
complex environment because it depends on the complex boundary conditions which
are hard to be quantified.

4.1.2 Magnetic Resonance Imaging (MRI), k-space and x-space

The principles of Magnetic Resonance Imaging (MRI) are based on spin which is the
rotation of a particle around some axis. Spin is a fundamental quantum characteristic
of elementary particles like protons, electrons. Some nuclei have the property to align
with a magnetic field By if their mass number, i.e. the summation number of protons
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Figure 4.1: The water diffusion in biological tissues may be hindered by biological cells and
other environment surrounding tissues. The figure is from [Johansen-Berg and Behrens,
2009].

and neutrons, is odd. Essentially their spin aligned along By,. Without the external
stimulus by magnetic field B;, the macroscopic magnetization M = 0. In MRI, the
particles considered are hydrogen nucleus because human body is largely composed
of water molecules. Each water molecule has two hydrogen nuclei or protons. When
a person is inside the magnetic field By of the scanner, the average magnetic moment
of many protons becomes aligned with the direction of the field By, which is assumed
as the z-axis by convection Meanwhile, the magnetization vector of spins precesses
around B with an angular frequency known as the Larmor frequency, i.e.

wo =¥Bo

where vy is the gyromagnetic ratio dependent in the particle. Then the net magne-

tization satisfies M
E = ’yM X BO (46)

When a Radio-Frequency (RF) is applied to the spins with the resonance frequency,
the energy of RF is absorbed by the spins with low energy configuration and changes
them into high energy configuration. Then the spins change their alignments. After
RF is turned off, the spins begin to recover the alignment with By, and finally return
to the thermal equilibrium with low energy configuration. This is called as the re-
laxation phase. Normally 90° and 180° RFs are used, which change the direction of
spin with 90° or 180°. Assume the magnetization M = M, + M, + M., then M(7) in the
relaxation phase satisfies the famous Bloch equation as follows'.

% = yM xB — Til(MZ—MO)— Tiz(My+Mx) 4.7
where B is the magnetic field, My is the original M when relaxation phase starts, T
and 7, are relaxation time for M; in z-axis and M,, M, in x-y plane. The equation
characterizes the relaxation process.

Add a gradient field G(¢) = G.(He, + G,(1)e, + G (1)e; into the static field By = Bge,
then the total magnetic field is

B(t) = Boe, + G(t)e, + Gy(t)e, + G (e,

Thttp://en.wikipedia.org/wiki/Bloch_equations
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Denote M, (x,y, z,t) = M, + iM,, based on the Bloch equation, we have
Mxy(x, y, 2, t) = Mxy(X, y’ Zs O)e_t/Tze_inOte_[y j(‘;(GX(T)eX-'—Gy(T)e’V*—GZ(T)ez)dT

The magnetic resonance signal s(7) is the spatial summation of M,,(x,y,z,t) [Huettel
et al., 2009], i.e.

S(t) = fffoy(x,y’ Z, O)e_t/Tze_iwote_iYfot(GX(T>eX+G«"(T)e>’+GZ(T)eZ)dexdde
xJy Jz

In practice, we do not need to consider ¢=“' because modern MRI scanners demodu-
late the detected signal with the resonance frequency wo. The term ¢~/ is indepen-
dent of the spatial position x. By ignoring these two terms, we have

s([) = fffoy(x,y, z, O)e_iyfo’(GX(T)ex+Gy(T)ey+GZ(T)eZ)dexdde
xJy Jz

For slice zp with thickness Az, we consider

Zo+%
M(xvyvz()):f e Mxy(x>y’Za0)dZ

0—%

The magnetization M(x,y,zo) describes the tissue property at position (x,y,zo) in x-
space. Then we have

s(t) = f f M, (x, e b Gx(mextGy(meydrq,qy, (4.8)
x Jy
Define k vector as
y (" y (!
k = (kJC7 ky)Ta kx = _f G}C(T)dT, k = _f Gy(T)dT (4.9)
27T 0 271' 0

Then the magnetic resonance signal s(k,, ky, z) in k-space is related with net magnetic
M(x, y,z) with a two dimension (2D) Fourier transform, i.e.

s(ky, ky,z) = f f M(x, y, z)e RO ONq xdy = Fpp{M(x, y, 2)}(ky, ky, 2) (4.10)
xJy

where .%,p{-} denotes the Fourier transform in 2D space.

There are several common conventions for defining the Fourier transform?. Dif-
ferent convention obtains different formulae in form, although theoretically they are
equivalent. In dMRI domain, different papers use different conventions, which some-
times makes readers confused. Throughout this thesis, we use the convention of
Fourier transform defined as

f@& = Zlreone & f FemiEdx (4.11)

In this convention, the inverse Fourier transform is

o) = Z @I = f fePmicas (4.12)

2http://en.wikipedia.org/wiki/Fourier_transform
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Figure 4.2: Pulsed Gradient Spin-Echo (PGSE) sequence introduced by Stejskal and Tan-
ner [Stejskal and Tanner, 1965]. ¢ is the duration of the diffusion gradient pulses and A is
the time between two diffusion gradient pulses.

180°
90°

Ri —'Av

TH

G
Gradient |

- ) — —H ) b—

M A "

Signal ‘,\/\,\

4.1.3 Diffusion Weighted Imaging (DWI), q-space and R-space
Diffusion Gradient Sequence

The classical diffusion gradient sequence used in dMRI is the Pulsed Gradient Spin-
Echo (PGSE) sequence proposed by Stejskal and Tanner [Stejskal and Tanner, 1965].
See Fig. 4.2 for the sketch map of this sequence. PGSE sequence has two gradient
pulses G(#) with duration time §. The 90° RF pulse, translates the spins into the
transverse plane, i.e. x-y plane, considering the By is along z-axis. Then the spins
precess around By with the resonance frequency wy. Due to local magnetic field inho-
mogeneities, some spins slow down and some spins speed up.® After time A between
two pulses, the 180° RF pulse refocuses the phase of spins so that slower spins lead
ahead and the fast ones trail behind. The spin echo process occurs when the spins
recover their net magnetization.

Note that the PGSE sequence uses rectangular gradient lobes. There are also
other kinds of gradient lobes commonly used in dMRI [Bernstein et al., 2004, chap.
9].

Free Diffusion, Stejskal-Tanner Equation

If there is spin displacement as a result of Brownian motion, we can add the diffusion
term in Bloch equation in 4.7.
dM 1 1
— =YyMXB - —M; -Mpy) - —M, + M,) + V-DV(M - M) (4.13)
dr T, T,
where D is the diffusion tensor used in Diffusion Tensor Imaging in subsection 4.2.
To eliminate the dependence of spin density, we need at least two measurements

3http://en.wikipedia.org/wiki/Spin_echo

66


http://en.wikipedia.org/wiki/Spin_echo

of Diffusion Weighted Imaging (DWI) signals, i.e. S(b) with the diffusion weighting
factor b in Eq. (4.14) introduced by Dr. Lebihan in [LeBihan et al., 1986], and S (0)
with b = 0 which is the baseline signal without any gradient.

1)
b =y*6*(A - §>||G||2 (4.14)

In the b value in Eq. (4.14), y is the proton gyromagnetic ratio, G = ||G|lu is the
diffusion sensitizing gradient pulse.

T=A- %6 (4.15)
is normally used to describe the effective diffusion time [Bihan et al., 1986; Basser
et al., 1994]. The b value is dependent on the sequence, and it is different in different
kinds of lobes in diffusion sequence [Bernstein et al., 2004, chap. 9]. The signal
intensity at each voxel in DWI is dependent on both surrounding structures and given
weighted magnetic gradient [Bihan et al., 1986]. See Fig. 4.3 for the DWI images S (b)
with different b values and different gradient directions u. It can be seen that the
DWI images are very noise, especially for large b values.

With the PGSE sequence described above, the diffusion weighted signal attenu-

ation E(b) = % is given by Stejskal-Tanner equation [Stejskal and Tanner, 1965]

S (D)
E(b)=—— = -bD 4.16
(b) S(0) exp(—bD) ( )
where D is known as the Apparent Diffusion Coefficient (ADC) which reflects the
property of surrounding tissues. Note that in general case ADC D is also dependent
on G in a complex way, however free diffusion assumes D is only dependent on the
direction of G, i.e. u = ﬁ

The early works in dMRI reported that the ADC D is dependent on gradient direc-
tion u and used two or three DWI images in different directions to detect the proper-
ties of tissues [Moseley et al., 1990; Douek et al., 1991]. Then Dr. Basser introduced
diffusion tensor [Basser et al., 1994] to represent ADC as

D(u) = u’Du 4.17)

D is called as the diffusion tensor, which is a 3x3 symmetric positive definite matrix
independent of u. This method is called as Diffusion Tensor Imaging (DTI), which is
the most common method nowadays in dMRI field. See Section 4.2 for more materials
in DTI.

Narrow Pulse Condition, -space, Ensemble Average Propagator

Based on free diffusion assumption, Stejskal-Tanner equation reveals the underly-
ing ADC value (or diffusion tensor) from the measured diffusion signal attenuation.
However, the diffusion of water molecules is hindered by surrounding tissues, espe-
cially in white matter. See Fig. 4.1 for the hindered diffusion. In a general diffusion
process, the Gaussian propagator assumption is not satisfied.

For each voxel in x-space, let p(Rj) denote the spin density at initial time ¢ = 0
and P(RA|Rp) denote the probability that the spin moves from Ry at + = 0 to R, at
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Figure 4.3: DWI images for different b-values and gradients. The data is from one of the
subjects in the real monkey dataset described in Appendix B.2.

b = 1500s/mm?> b = 1500s/mm?> b = 3000s/mm?>
u = (-0.204,0.515,0.833)7 u = (0.198,0.515,0.834)T u = (-0.204,0.515,0.833)7

t = A. Then the diffusion signal attenuation E(G,A,§) = S(S(’@)"S) can be represented

as [Stejskal and Tanner, 1965; Callaghan, 1991]

0
E(G,A,$) = f p(Ro) f P(RA|R0)exp(iy(RA—R0)T ( f G(t)dt))dRAdRo (4.18)
R3 R3 0

where vy is gyromagnetic ratio, S (0) is the baseline DWI signal without diffusion gra-
dient, S(G, A, ) is the DWI signal with imaging parameters (G, A, §). Under narrow
pulse condition, i.e. the duration time § is much smaller than the separation time
between two pluses A, G(¢) is a constant G during 6. Then we introduce q vector as

0
q=qu=_2n"y f G()dt = 2n)"'y6G (4.19)
0

which can be seen as a vector in q-space. We also define the Ensemble Average Prop-
agator (EAP) as

P(R) = f P(Rp)P(Rp + RIRp)dRy, R =Ry —-Ry (4.20)
R3

where R = Rr is the displacement vector in R-space. u and r are unit vectors. Then
the signal attenuation can be written as the inverse Fourier transform of EAP P(R),
i.e.
E(q) = f P(R)exp (2riq"R) dR = Z3, (P(R)}(q) (4.21)
R3

68



(b) Axons in the
corpus callosum

(c) Crossing axons
in the white matter
N

. G
' {a) Ventricles dr

(contain CSF)

Figure 4.4: 3D x-space and 3D R-space. EAPs in different regions in brain reflect different
micro-structures with isotropic diffusion, single fiber and crossing fibers. The image is taken
from [Descoteaux, 2008] with the original figures adapted from [Hagmann et al., 2006] and
the brain museum (www.brainmuseum.org/Specimens).

So based on the narrow pulse assumption, the diffusion process at each voxel is
fully described by the so called EAP P(R) which is the average displacement proba-
bility in 3D R-space. Then the diffusion weighting factor can be represented by q,
i.e.

0
b=y"0" (A= DIGI = 4r’7q” (4.22)

where 7 = A - %(5 is the effective diffusion time [Bihan et al., 1986; Basser et al.,
1994]. In the following part of this thesis, E(q) (or written as E(b)) is also called as
diffusion signal if no confusion in context. EAPs in different regions in brain reflect
the different micro-structures and reveal fiber directions. Please see Fig. 4.4, which
also demonstrates the diffusion data is in six dimensional space. The acquisition of
dMRI data is performed in a 6D space, i.e. 3D k-space and 3D g-space. Then the DWI
data S(q) is the Fourier transform of k-space signal, and the EAP is another Fourier
transform of E(q). Thus there are two dualities in dMRI, i.e. k-space and x-space,
g-space and R-space.

Note that P(R) is related with E(q) by a Fourier transform only when narrow pulse
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assumption is satisfied. However in practice, this assumption is not always satisfied.
Several works [Mair et al., 2002; Bar-Shir et al., 2008] showed that even when this
assumption does not hold, the Fourier relation can be still used to obtain good results.
In this thesis we always assume this assumption holds and use this Fourier relation
to obtain analytical formulae in Chapter 5 and 6.

Note that P(R) is assumed to be antipodally symmetric (or called radially symmet-
ric), i.e. P(R) = P(-R), because asymmetrical diffusion propagator violates the princi-
ple of microscopic detailed balance. Because of P(R) = P(-R), we have E(q) = E(—q).
Since E(q) = E(—q), Eq. (4.21) can be written as

E(q) = E(-q) = f P(R) exp(-27iq" R)dR = .Z{P(R)}(q) = f P(R) cos2rq"R)dR  (4.23)
R3 R3
Then the EAP is the Fourier transform of signal, i.e.
P(R) = F{E(@}R) = f E(q) exp(-27iq" R)dq = f E(q) cos(2rq” R)dgq (4.24)
R3 R3

Both Eq. (4.21), Eq. (4.23) and Eq. (4.24) are commonly used in papers. Because of
the antipodal symmetry of E(q), the DWI samples in q-space can be performed only
in a half space, e.g. {q € R*: (0,0, 1)q = ¢g. > 0}.

Historically, people first measured ADC values from two DWI images based
on Eq. (4.16), then tensor image from at least 7 DWI images in DTI [Basser et al.,
1994] in Section 4.2, and finally 3D images of the full PDF-valued images from more
DWI images in High Angular Resolution Imaging (HARDI) in Section 4.3. All these
kinds of images (scalar-valued, tensor-valued, or PDF-valued) estimated from DWIs
let us understand better and better the microstructure of biological tissues.

In dMRI field, there are many research subareas as shown in Fig. 1.1. In this
thesis we are interested in reconstruction methods which estimate scalar, tensor,
PDF-valued images from DWI images, and the metric used to process pre-estimated
PDF-valued data. So in the following sections of this chapter, we will review some
reconstruction models and metrics for PDF-valued data. Different reconstruction
model/method normally uses different sampling scheme in g-space. Please see
Fig. 4.5 on several kinds of sampling schemes used in reconstruction models/methods.

4 2 DIFFUSION TENSOR IMAGING (DTI)
[ J

Dr. Basser proposed to model the ADC as a quadratic form parameterized by the
diffusion tensor D in Eq. (4.17) [Basser et al., 1994]. Then the Stejskal-Tanner equa-
tion becomes

E(b) = 5®) _ exp(—bu’ Du) (4.25)

S(0)
The diffusion tensor D € Sym; is independent of b value and gradient direction u,
where Sym;] is the space of 3 x 3 symmetric positive definite matrix. D can be eigen-
decomposed into three positive eigenvalues and corresponding eigenvectors, which
is useful to define some scalar indices containing biological meaning. See subsec-

tion 4.2.2.

Dy ny Dy,
D= ny Dyy Dyz = /llvlv]T + /12020; + /131)31)‘%w (426)
Dy, Dyz D,
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(a) sampling in DTI (b) sampling in DSI (c) single shell sampling (d) sparse sampling

Figure 4.5: Several kinds of sampling in gq-space. The black dot in q = (0,0,0) is the baseline
image without diffusion gradient. Note that although we showed sampling in R?, normally
only samples in a half space is used, e.g. (0,0, 1)q = ¢; > 0. (a) sampling used in DTI, normally
less than 20 DWI images are used; (b) dense Cartesian sampling used in DSI. Note in practice
the Cartesian samples inside a given Ball are used; (c) single shell sampling used in sHARDI
methods, e.g. QBI, DOT etc; (d) sparse sampling used in mHARDI methods, e.g. DPI, SHORE,
SPFI. Note although normally multiple shell sampling is used, any sampling scheme can be
used in mHARDI methods.

The free diffusion in coherent fibers can be represented by Gaussian propagator pa-
rameterized by diffusion tensors. See Fig. 4.6 for the sketch map of tensor represen-
tation and free diffusion along fibers.

In general diffusion process, the EAP P(R) is not a Gaussian distribution, espe-
cially in the area with crossing fibers. In free diffusion, P(R) is Gaussian distribu-
tion parameterized by the diffusion tensor D, which is the Fourier transform of E(q)
in Eq. (4.25), i.e.

(4.27)

_RTN-1
PR) = ﬁ{exp(—4n2TqTDq)} = N(R]27D) = R'D R)

1
J@nt)3D| eXp( 4t

The covariance matrix of the EAP is X = 27D. Please see Appendix 5.8 for the deriva-
tion.

4.2.1 Tensor Estimation

For given measured diffusion signal samples {E(b,-)}?i‘l, rewrite Eq. (4.25) as
—In E(b;) = bju! Du; = B] ¢(D)
where
¢(D) = (Dxx, ny’ sz, Dyy, Dyza Dzz)T
B; = bi(ufuf,2ufuly, 2uius, ufuf, 2ul¥uf, uf.uf)T, u; = (u7, uf, uf)T
Then the solution of least square estimation is
(D) = (B'B)"'BTY (4.28)

where

BT budu} 2byuu, 2byujis byuu 2byu i by —InE(b))
B=| : |- : : : : : : . Y= :
Nyx6 Ngx1

B!, y ~InEby,)

XX X X 4,2 Yoy Y 2 Z 2
sz”N.\.”N,\. 2va“N.;”Nx 2bNrMN5-uN; bquNquNx 2b1\;x1,tquNT bMuquNT
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H,0 Brownian motion Eigen decomposition Ellipsoidal visualization
along the fibers of the DT of the DT
[Poupon, 1999]

Figure 4.6: Diffusion tensor representation from [Descoteaux, 2008].

Diffusion tensor D can be estimated from measured samples of diffusion sig-
nal {E(b;)} through the above simple least square method or weighted least square
method [Basser et al., 1994], or more complex methods which consider positive def-
inite constraint or Rician noise [Tschumperlé and Deriche, 2003; Chefd’hotel et al.,
2004; Koay et al., 2006; Fillard et al., 2007].

Note that although many works estimate tensor D from single shell data, i.e. the
data with single b value, based on Eq. (4.25) the tensor estimation is actually inde-
pendent of the sampling in g-space. Once more than six DWI images and one baseline
image without diffusion are measured, the tensor D can be estimated from various
methods. However, the different sampling has different estimation quality. If single
shell data is used, the optimal b value was reported to range in (700, 1500)s/mm? [Jones
et al., 1999; Alexander and Barker, 2005], and normally about twenty DWI images
are used in DTI in clinical study. Please see Fig. 4.5(a) for the sketch map of the
sampling scheme normally used in DTI.

4.2.2 Scalar Indices of Tensor

Some useful scalar indices can be obtained from tensor D. The most important two
indices are Fractional Anisotropy (FA) and Mean Diffusivity (MD) [Pierpaoli and
Basser, 1996] defined as

pa = V3ID - 3 Trace®)I| _ \ﬁ \/ul — D%+ (= D2+ (A3 = VP (4.29)
V2| 2 B+ 4+
1
MD = 3 Trace() = “-2250 (4.30)

where we assume the eigen-decomposition is D = 1;v,v] + ;0,0 + 30305, 41 > 1, > 43,
and A = w MD and FA have been used in many clinical applications [Mori, 2007;
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Figure 4.7: Tensor field and the scalar maps estimated from the monkey data with » =
1500s/mm? described in Appendix B.

Johansen-Berg and Behrens, 2009]. For example, MD is known to be useful in stroke
study. [Westin et al., 2002] proposed the linear, planar and spherical anisotropies
which describe the elongated, oblate and spherical shape configurations of tensors.

A -2 A - 20— ) 303

LA:—’ - 5 . 5 . 5 > = 0
Al + A2 + A3 A+ + A3 A1+ A+ A3

(4.31)
These indices can be obtained from the eigenvalues of D. The eigenvectors of D are
also very useful. The first eigenvector corresponding to the largest eigenvalue can be
used as the estimated fiber direction. It can also be encoded in Red-Blue-Green (RGB)
map to describe the fiber directions. The tensor D itself can be visualized by a ellip-
soid, then the tensor field becomes ellipsoid field. Please refer Fig. 4.7 for the tensor
field and various scalar maps estimated from the monkey data with b = 1500s/mm?>
described in Appendix B, where the Geodesic Anisotropy (GA) is introduced in the
Riemannian framework for tensors in subsection 4.4.1.

Summary of Advantages and Limitations:

v DTI only needs more than 6 diffusion weighted images and one baseline image.
Normally around 20 DWIs are used in DTI model. See Fig. 4.5

v DTI provides some useful scalar indices like FA and MD which have many ap-
plications in clinical studies.

v The Gaussian propagator is adequate to model the areas with isotropic diffusion
or single dominant direction of diffusion.

X Gaussian assumption is not appropriate in whole brain. DTI model can not
represent complex fiber configuration like fiber crossing.

73



CHAP. 4: DIFFUSION MRI

4 3 HIGH ANGULAR RESOLUTION DIFFUSION IMAGING
° (HARDI)

The term High Angular Resolution Diffusion Imaging (HARDI) was first proposed
by Tuch [Tuch et al., 1999, 2002], where a finer angular resolution sampling scheme
than conventional DTI sampling scheme was considered. The original HARDI term
in [Tuch et al., 1999, 2002] means single shell sampling (only one b value). See
Fig. 4.5(c). However the mixture of tensor model in [Tuch et al., 1999, 2002] actually
can be also used in Cartesian sampling in Fig. 4.5(b) and sparse sampling (multiple
b values) in Fig. 4.5(d). With the development of MRI scanner, the acquisition time
is reduced, which makes multiple shell data more practical and maybe available in
clinical study in the near future. Some research works proposed to estimate Orien-
tation Distribution Functions or EAPs in multiple shell sampling [Liu et al., 2004;
Assemlal et al., 2009a; Ozarslan et al., 2009; Descoteaux et al., 2010]. Thus in this
thesis, the term HARDI methods include all modeling methods beyond DTI. The
HARDI methods which only can be used in single shell data are called as sHARDI
methods. The HARDI methods which can be used in multiple shell data are called as
mHARDI methods.

4.3.1 Generalization of Diffusion Tensor Imaging

Since DTI has been successfully used in clinical study since 1990s, although it is
based on Gaussian propagator, a straightforward idea is to generalize the tensor
model in DTT to non-Gaussian case. There are several ways to perform this general-
ization, including mixture of tensor model [Tuch et al., 2002; Hosey et al., 2005; Assaf
et al., 2004], Generalized DTI [Liu et al., 2004], High Order Tensor (HOT) [Ozarslan
and Mareci, 2003].

Mixture of Tensor Model

Mixture of tensor model is a natural generalization of tensor model, where the signal
is assumed to be a mixture of signals generated from tensors {D,-}l.’i I

K
E(b) = " wiexp(~bu' Dyu) (4.32)

Based on some biological priors, the number of tensors is normally less than 3, typ-
ically K = 2. Unlike tensor model this model can not be solved by least square.
People normally use gradient descent method (typically the Levenberg-Marquardt
minimization) [Tuch et al., 2002] to find a local minimum of the cost function in

N, K 2
. T
{VIVI}_E} JZ:; E;- Z Wi exp(—bjuj Dju)) (4.33)
which is unstable and the result is sensitive to the initial point. Note that for single
shell data, the isotropic part of D;, i.e. T“%(D"), and w; are undistinguishable [Kreher
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et al., 2005], because the above cost function for single shell data can be written as

2
T D; T D;
{mm Z Z w;e ( rac;( )) exp (—buJT. (Di - %()I) uj)

Thus if we choose the new weights and tensors as {w; exp (—b@)} and {Di—wl},

then the cost function has the same minimal value as the cost function with the
weights and tensors {w;}, {D;}. Thus normally some constraints on tensors are con-
sidered in this model. For example, the two minimal eigenvalues A, and A3 in D; can
be chosen as the same value. Tensors {D;} can be chosen as one isotropic tensor and
other anisotropic tensor with 1, = A3 = 0, which is the ball and stick model [Hosey
et al., 2005]. CHARMED model [Assaf et al., 2004] proposed to consider {D;} as a
hindered diffusion part which is close to Gaussian diffusion and a restricted diffusion
part which is non-Gaussian diffusion.

Mixture of tensor model is widely used to generate synthetic data for evaluation
due to many quantities have closed forms in this model. Please see Appendix 5.8 for
the closed forms, and see Appendix A for synthetic data generation using mixture of
tensor model.

Summary of Advantages and Limitations:

v It is a natural extension of DTI model from Gaussian case to mixture of Gaus-
sian case. It can detect the crossing fibers, compared to DTI.

v It provides closed forms for the EAP many useful features of the EAP, which
makes it widely used in synthetic data generation. See Appendix 5.8 and Ap-
pendix A.

X The model selection for number of tensors is an open problem and seems to
be set arbitrarily, although some papers [Behrens et al., 2007] proposed some
possible ways.

X The minimization process depends on the initial point and it takes a long time.

X The radial decay of the mixture of tensor model is close to, but NOT, the Gaus-
sian function. Consider the number of tensors is K = 2 in Fig. 4.8, along a given
direction one component decays fast and the other one decays slowly. For large
b value, the component with slow decay dominates the signal.

Generalized DTI (GDTI)

In Generalized Diffusion Tensor Imaging (GDTI) model [Liu et al., 2003, 2004], the
signal is represented as

ipd D
E(Q)—GXP[Z Dlllz iy

L
_ -1
= exp [Z(Zm)l (A - mé) fo)lz 9 i - --qi] (4.34)

=2
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where

-1

) 1 /

biliz.uil =vYG;,Gi, - G0 (A — m(;)

is the generalized b value, and we use the Einstein summation convention, i.e.
l I

Dfl)lz llqllqlz ¢, means 23 1212 1’ Zz, 1 51)12 z,qthzz i When L = 2’ GDTI be-

comes the DTI model in Eq. (4.25). The generalized diffusion coefficients Dgf). . can

12...1,
be estimated by the least square fitting the samples of In E(q). Since E(q), P%R]) are
related by Fourier transform and P(R) is a PDF, E(q) can be seen as the characteristic
function of P(R) [Liu et al., 2004]. The characteristic function can be represented by

the cumulants Ql(f)lz

@ _exp[z( 2 0" g --qf,] (4.35)

Thus we have the relation between the cumulants and diffusion coefficients as

. (A - l—a) (4.36)

0] Inn®
=(-D'I'D;
Qi =D [+1

1.0 i1ip..

Then based on the property of probabilists’ Hermite polynomial He,(x), we have the
closed form for the EAP as the famous Gram-Charlier A series [Liu et al., 2004]

L (l)
P(R) = N(R|fojz){1+lz; fia- He [Z(R)} (4.37)
where
_R’R
NRIQ ) =
%) (2) (2)
i1ip Q

)

is the Gaussian distribution with zero mean and covariance Qf l) , and Hef?lz (R) is
the l-order probabilists’ Hermite polynomial defined as

R’R a 0 0 R’R
U] —(—1\ _ e ——
He - I(R) =D exp( 2 )(aRil aRiz aRi/)exp( 2 )
= Henl(Rx)Henz(Rx)Hem (R;) (4.38)

where n; = Zk 1 0Cik = )).

Summary of Advantages and Limitations:

v GDTI is model-free. It uses a 3D basis to model the ADC such that it works for
multiple shell sampling in Fig. 4.5(d).

v It provides closed form EAP estimation.

v It estimates the cumulants of EAP, which can be a set of useful scalar indices of
EAP.

X It models the ADC using the polynomial basis, which is not orthogonal. It’s well
known that the basis matrix has large condition number when using high order
polynomial basis to fit the function.
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X Although theoretically the ADC can be modeled as infinite terms, in prac-
tice a truncated order L is needed in Eq. (4.34). However, it was proved
in [Marcinkiewicz, 1939] that the Gaussian distribution is the only distribu-
tion which has a finite number of non-zero cumulants. Thus a truncation order
L only results in a reasonable PDF if the EAP is Gaussian and L = 2 in this case.
For other cases, the estimated EAP and cumulants are theoretically problem-
atic. Moreover, estimation of the PDF from its cumulants is known to be very
problematic [Blinnikov and Moessner, 1998; Ghosh et al., 2010].

High Order Tensor Model, ADC Based Model

High Order Tensor (HOT) model [Ozarslan and Mareci, 2003; Ozarslan et al., 2005]
assumes the diffusion signal is represented as

E(q) = exp(—47r2Tq2D(u)), (4.39)

Sometimes HOT is also called as GDTI in papers, however we call it HOT to distin-
guish HOT in [Ozarslan and Mareci, 2003; Ozarslan et al., 2005] and GDTTI in [Liu
et al., 2003, 2004]. In HOT model, the ADC is independent of radial part ¢, and is
represented as the homogeneous polynomial of u with order L, i.e.

D(u) = ZZ ZDlllz Ap Ui Uiy * e U = Z Dn1n2n3 ?l u? m (4.40)

i1=1i= ir=1 ny+ny+n3=L

where u = (4, uz, u3)’ € S%, L is even because D(u) = —D(u) when L is odd and negative
diffusion coefficients are non-physical. {u"‘ ugz 3 Yny+my+ny=1 18 the homogeneous poly-
nomial basis restricted in S?, which is also called the High Order Tensor (HOT)
basis in dMRI domain. See Section 2.4 for the homogeneous polynomial basis. When
L =2, HOT model is just the DTI model in Eq. (4.25), which means HOT is a kind of

generalization of DTI model.

Note in HOT, the diffusion signal decays as a mono-exponential function, which
is called as mono-exponential decay assumption. With this assumption, if we
know E(gou) with radius g > 0 in one direction, we know all signal E(gu) in the same
direction, i.e.

E(qu) = E(gou)?/% (4.41)

Compared to GDTI which is model-free method, HOT is model-based. Mono-
exponential decay assumption is not satisfied in real decay of signal [Kuchel et al.,
1997], but can be an good approximation of the signal, especially when the » value
is around 1500s/mm? [Ozarslan et al., 2006]. This assumption will be used later to
derive the analytical formulae in Diffusion Orientation Transform (DOT) [Ozarslan
et al., 2006] and exact Q-Ball Imaging (QBI) [Canales-Rodriguez et al., 2009; Aganj
et al., 2010b; Tristan-Vega et al., 2010].

Historically people used both High Order Tensor basis [Ozarslan and Mareci,
2003; Ozarslan et al., 2005] and Spherical Harmonic (SH) basis [Frank, 2002; De-
scoteaux et al., 2006] to estimate ADC from measured signal. See Section 2.5.2 for
the SH basis. The following theorem shows the equivalence of these two bases, whose
proof mainly detailed in Chapter 2.
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Theorem 4.1. The following three bases form the same function space in S°.

e HOT basis, i.e. homogeneous polynomial basis restricted in S, {u’ll lu;2u§3} N
ny+ny+nz=

with even order L.

e Polynomial basis restricted in S> with the order no more than L,

{u'”u"zu’13 with even l and L.

7273 }Osl:n1+nz+n3sL

e SH basis with even order no more than L, i.e. {Y;“(u)}o<l<L,
symmetric spherical harmonic basis defined in Eq. (2.28).

where Y is the real

Proof. This proof is based on Proposition 2.1, Corollary 2.1 and Theorem 2.5. With
even order L, Proposition 2.1 demonstrates the polynomial basis restricted in S with
the order no more than L forms the same space with the homogeneous polynomial
basis, i.e. HOT basis, with order L. With even order L, Corollary 2.1 and Theorem 2.5
demonstrate HOT basis with even L and SH basis with even order no more than L
form the same space. O

HOT model uses single shell data in Fig. 4.5(c), which is a kind of sHARDI method.
Normally the coefficients of HOT basis or SH basis are estimated via simple least
square method. Since ADC D(u) is non-negative definite, some methods estimate
these coefficients by considering the non-negativity constraint [Barmpoutis et al.,
2007, 2009; Ghosh et al., 2008a, 2009; Qi et al., 2010]. The estimated coefficients of
ADC can be used in classification of the isotropic diffusion and anisotropic diffusion in
single direction and multiple directions [Frank, 2002; Chen et al., 2004, 2005]. Some
scalar indices like trace and variance can be defined by the ADC profile D(u) [Ozarslan
et al., 2005].

Based on Theorem 4.1, the SH basis with L < 2 forms the same space as the HOT
basis with L = 2, which is the function space represented by quadratic form u’Du.
This quadratic form has only one maximum which can not represent more than one
fiber directions, which is the main limitation in DTI model. So in HARDI literatures,
the maximal order of SH basis or the order of HOT basis must be higher than 4.
Normally 4 or 6 is used in practice.

HOT model [Ozarslan and Mareci, 2003; Ozarslan et al., 2005] represents ADC
using HOT basis. However ADC modeling like HOT method has its intrinsic and fatal
limitation, i.e. both the maxima and the minima of ADC profile D(u) are inconsistent
with the fiber directions when L > 2 [von dem Hagen and Henkelman, 2002]. Only
when L = 2, HOT model reduces to DTI model, then the minima of D(u) = u/Du
are the maxima of EAP profile P(Ror) for any given Ry which are consistent with
fiber directions. For HOT model with order than L > 2, the maxima and minima
of D(u) correspond with fiber directions with a more complex way, which is still not
known in dMRI if we do not perform Fourier transform to obtain EAP numerically or
analytically [Ozarslan et al., 2006], or perform spherical deconvolution by assuming
a fiber model [Weldeselassie et al., 2010; Jiao et al., 2011]. Spherical Deconvolution
method will be discussed in subsection 4.3.6. Fig. 4.8 demonstrates the ADC D(u) for
the synthetic data generated from mixture of tensor model with crossing angle of 90°.
It shows that
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ADC b = 1500s/mm? ADC b = 3000s/mm?> ODF by Tuch ®,(r) ODF by Wedeen ®,,(r)
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EAP profile with R = 10um R = 15um R =20um

Figure 4.8: Fiber directions and ADC profiles with different » values, two kinds of ODFs,
EAP profiles with different radius R. The data was generated from mixture of tensor model
with two tensors which have the eigenvalues [1.7,0.3,0.3] x 103 mm?/s and crossing angle of
90°. We set 7 = # such that b = ¢*>. The long sticks with blue color along x-axis and y-axis are
the fiber directions, i.e. the eigenvectors with the largest eigenvalues. The short sticks with
yellow color are the detected maxima of the spherical functions. Note there is a coincidence
that the minima of ADC agree with the fiber directions in the case of experiment. However,
in general case the minima and maxima of ADC have a complex relation with fiber directions.

¢ the maxima of ADC do not agree with fiber directions.

e even in this simple mixture of tensor model, the ADC D is actually dependent
on b value, i.e. the mono-exponential decay assumption is violated. For the data
with different b values, the ADC is determined by D = —ll, In E(q), which means
D is dependent on b if E(q) = 3.X | exp(~bu’ D;u).

e there is a coincidence that the minima of ADC agree with the fiber directions in
this specific case of mixture of tensor model with 90°. However, in general case
the minima and maxima of ADC have a complex relation with fiber directions.

Summary of Advantages and Limitations:

v ADC modeling methods like HOT [Ozarslan and Mareci, 2003; Ozarslan et al.,
2005] generalizes the DTI model and avoids the Gaussian propagator assump-
tion in DTI.

v The estimated ADC can be used to define some scalar indices [Frank, 2002;
Chen et al., 2004, 2005; Ozarslan et al., 2005] for classification of different dif-
fusion in the surrounding tissue in voxels.
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v HOT model normally needs single shell sampling with around 60 DWI samples.
See Fig. 4.5(c).

X For the data from different b values, HOT model obtains different ADC, which
means HOT can not be used in multiple shell sampling.

X The maxima and minima of ADC do not agree with fiber directions when HOT
basis or SH basis is used with order L > 4. When L = 2 the minima of ADC can
be used as the fiber directions in DTI model.

X Compared to GDTI which is model-free, HOT assumes mono-exponential decay
of E(q) which is not satisfied in real diffusion. Even in synthetic data from
mixture of tensor model, the mono-exponential decay is violated.

4.3.2 Diffusion Spectrum Imaging (DSI)

Because EAP P(R) is related with measured diffusion signal E(q) in Fourier trans-
form in Eq. (4.24) when narrow pulse assumption § < A is satisfied, a straightfor-
ward idea is to estimate P(R) using fast Fourier transform from exhaustive signal
samples [Callaghan, 1991; Tuch, 2002; Wedeen et al., 2000, 2005]. This technique is
called as Diffusion Spectrum Imaging (DSI).

In practice, only limited number of samples are obtained and § < A is not always
satisfied. [Wedeen et al., 2005] used 515 DWI images in a Cartesian sampling lattice
in g-space and the signal in g-space was premultiplied by a Hanning window to ob-
tain smooth attenuation of the signal at high q values. See Fig. 4.5(b) for the sketch
map of the Cartesian sampling. Please note that in practice the Cartesian samples
inside a given ball, not a given cube, are used. Then the samples inside the cube and
outside the ball can be obtained by extrapolation. Thus interpolation and extrapola-
tion are normally performed on given signal samples {E(q;)} before numerical Fourier
transform. In [Wedeen et al., 2005], ¢ is close to A which violates the narrow pulse as-
sumption. But the results in [Wedeen et al., 2005] are still exciting and show clearly
some crossing fibers, which means that even though the narrow pulse assumption is
violated, the Fourier transform can still obtain meaningful EAPs.

[Wedeen et al., 2000, 2005] visualized the EAP profile, or called iso-surface of
EAP, which is the EAP with given radius Ry, i.e.

P(Ror) = P(Rr)|r=g, (4.42)

The maxima of EAP profile were used to describe fiber directions later in many
HARDI works [Ozarslan et al., 2006, 2009; Assemlal et al., 2009a; Descoteaux et al.,
2010]. See Fig. 4.8 for the EAP profile with different radius R. The larger the ra-
dius R, the sharper the EAP profile is. However, EAP profile with large R has more
estimation error. Thus normally R = 15um is used in EAP profile to detect the fiber
directions [Ozarslan et al., 2006; Descoteaux et al., 2010].

[Wedeen et al., 2000, 2005] also proposed another important feature of EAP, i.e.
the Orientation Distribution Function (ODF), defined as

@, (r) & f " P(R)R2dR (4.43)
0
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Figure 4.9: EAP in 3D R-space, and its two features, i.e. EAP profile (or called iso-surface of
EAP) and ODF. The figure is from [Hagmann et al., 2006].

It is called as ODF by Wedeen, denoted by ®,,(r). ®@,,(r) is the marginal distribution
of EAP P(R), so the integration of ®,,(r) over S? is naturally 1, which means it does
not need artificial normalization factor Z. [Wedeen et al., 2000, 2005] proposed to first
estimate EAP via numerical Fourier transform, then estimate the ODF in Eq. (4.43)
by numerical integration. Historically there are several kinds of ODF's which can be
seen in the following of this section. Like the EAP profile, the maxima of ODFs are
also normally assumed to be the directions of underlying fibers. Please see Fig. 4.9
and Fig. 4.8 for EAP in 3D space and its two features, i.e. EAP profile and ODF.

Summary of Advantages and Limitations:

v Compared to DTI, DSI is a model-free method which avoids Gaussian assump-
tion.

X DSI needs a dense Cartesian sampling in q-space with many DWI images and
a very large range of b value which takes a long time and makes it impractical
for normal scanner. For example, [Wedeen et al., 2005] used more than 500 DWI
images and b value up to 17000s/mm?>.

X DSI uses numerical Fourier transform and an artificial interpolation and ex-
trapolation step, which makes the final results have much numerical error.
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4.3.3 Hybrid Diffusion Imaging (HYDI)

Hybrid Diffusion Imaging (HYDI) proposes to measure data in q-space with multiple
shell sampling [Wu and Alexander, 2007; Wu et al., 2008]. See Fig. 4.5(d) for the
sketch map of such sparse sampling. The HYDI data in the shell with low b values
can be modeled by DTI. The HYDI data in the shell with high b values can be modeled
by Q-Ball Imaging and other sHARDI methods. The whole HYDI data set can be used
in DSI after re-griding data from multiple shell to Cartesian lattice.

HYDI in [Wu and Alexander, 2007; Wu et al., 2008] proposed two useful scalar
features of EAP, i.e. the Return-To-Origin probability (RTO) and the Mean Squared
Displacement (MSD). RTO denoted by Po is the EAP value when R = 0, i.e.

Po = PR)lx-o = P(0) = f E(@)dq (4.44)
R3

RTO is the probability of water molecules that minimally diffuse within the diffu-
sion time A. RTO map can be used in tissue segmentation and some other applica-
tions [Wu and Alexander, 2007]. MSD is the variance of the EAP, i.e.

MSD = f P(R)R'RdR (4.45)
R3

[Wu and Alexander, 2007; Wu et al., 2008] estimate these two scalar indices using
numerical integration. [Wu et al., 2008] also demonstrated that the ODF by Tuch
®,(r) in Eq. (4.47) is proportional to the integration of E£(q) in the orthogonal plane

[, ={qu: u'r=0} (4.46)

It is an important relation between the ODF by Tuch in R-space and the signal E(q)
in g-space, and it is used in exact QBI to estimate ODFs analytically in [Canales-
Rodriguez et al., 2009; Aganj et al., 2010b; Tristan-Vega et al., 2009; Tristan-Vega
et al., 2010]. See the following subsection 4.3.4 for more details on QBI and ODFs.

Summary of Advantages and Limitations:

v The first contribution of HYDI is the idea of multiple shell sampling in gq-space.
v HYDI proposed some useful scalar indices.

v HYDI proposed the plane integration of E(q) to estimate the ODF by Tuch. How-
ever a numerical way was used to estimate the plane integration in HYDI.

X HYDI proposed to use QBI for the data with high » values. However, for the
data in different shells QBI obtains different results, which makes the results
inconsistent.

X HYDI tried to use different models for the data with different b values, i.e. DTI
for data with low b values, QBI for data with high b values and DSI for whole
data set. However, different models/methods may obtain different results which
are hard to be explained.
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X DSI is used in the whole data set after a re-griding of data from multiple shell
sampling to Cartesian sampling, which brings much numerical error.

X The estimation of scalar indices also suffers from the numerical error introduced
by ad hoc interpolation.

4.3.4 Q-Ball Imaging (QBI)

Q-Ball Imaging (QBI) is the most widely used HARDI method. DSI needs a dense
Cartesian sampling with a large range of b value, which makes it impractical [Wedeen
et al., 2000, 2005]. QBI was proposed to estimate the several kinds of ODFs, not
EAP, from single shell sampling demonstrated in Fig. 4.5(c), rather than Cartesian
sampling inside a given ball used in DSI in 4.5(b).

Original Q-Ball Imaging

QBI was first proposed by Dr. Tuch in [Tuch, 2002, 2004] in a numerical way and then
was improved by an analytical way based on Spherical Harmonic basis in [Anderson,
2005; Hess et al., 2006; Descoteaux et al., 2007].

Instead of estimation of EAP, Dr. Tuch proposed to estimate a kind of ODF defined
as

@,(r) < % fo " P(Rr)dR (4.47)

where Z is the normalization factor which makes fsz ®;(r)dr = 1. This ODF is called
as ODF by Tuch and denoted by ®;(r). Note ®,;(r) is different from the ODF ®,,(r)
defined in Eq. (4.43). ®,,(r) is the marginal PDF of EAP which does not need artificial
normalization factor, however, ®@,(r) needs the normalization factor Z to make it as a
PDF.

In DSI, ®,,(r) is estimated from pre-estimated EAP via a numerical integration.
Dr. Tuch proposed to estimate ®,(r) directly from samples of E(q) in single shell data
based on Funk-Radon Transform (FRT). See Fig. 4.5(c) for the sketch map of single
shell sampling. For single shell data with b = 47%7¢?, the FRT of E(q) [Tuch, 2004] in
direction r is the circle integration in the orthogonal plane, i.e.

FRT{E(gow)}(r) = f E(qu)é(q — qo)gdgdu = go f X E(gow)(u’ r)du (4.48)

I, ues

where I, is defined in Eq. (4.46).

FRT{E(qow)}(r") = qo f

ues

E(gow)s(u’r’)du
2

= qo f ( f P(R) exp(—szqouTr)dR) su’r’)du
ues? \JR3

90 f P(R) ( f exp(—2i7qu0uTr)6(uTr’)du) dR (4.49)
R3 N

K(r,x’)
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Without loss of generality, we assume r’ = (0,0,1)" is the z-axis, and u =
(sin @ cos ¢, sin @ sin ¢, cos 6", R = R(sin 6; cos @r, sin G sin ¢y, cos )7 = (R,, Ry, RZ)T in Carte-
sian coordinate. Then the kernel K(r,r’) can be solved as

T 21
K(r,r') = f f o(cos 8) exp (—2izrqo (Rx sin@cos ¢ + Ry sin@sin ¢ + R, cos 9)) sin 8d¢do
0 Jo

1 27
= f 8(r) exp (—2miqoR. 1) f exp (—27riq0 (R)C 1 —#>cos¢p+ Ry V1 -1 sin ¢)) dedt
-1 0

(4.50)
21
= f exp (—2m’q0(Rx cos ¢ + R sin ¢)) d¢ (4.51)
0
21
= f exp(2mtigoR sin 6y sin ¢)d¢ (4.52)
0
= 27Jo(2nqoR sin ;) = 21Jo (2nqoR N1 — (x1')2) (4.53)

After setting r = cosf, we have Eq. (4.50). Considering the property of delta func-
tion, i.e. f_ 11 6 f()dt = f(0), we have Eq. (4.51). Using the summation property of
cosine function, we obtain Eq. (4.52). Considering the Bessel integral in Eq. (2.43),
we have the final kernel function in Eq. (4.53), where Jy() is the Bessel function of
the first kind with order 0. See Section 2.5.3 for more information on Bessel function.
Put Eq. (4.53) into Eq. (4.49) and use the cylinder coordinate R = (rg, ¢r, zr)’ Where
z-axis is along r’, then the FRT of E(ggu) is

FRT{E(qow)}(r") = 2rqq f P(R)Jo (2mqoR V1 - (7 1)?) dR
R3

00 21 00
= 2nqo f f f P(rr, $Rr, zr)Jo(2nqorr)rrdrrdOrdzr (4.54)
—o0 JO 0

However based on the definition of the ODF in Eq. (4.47), the ODF can be written as

, 1
O,(r') = if P(rr, ¢Rr, zr)dzR

1 00 2 )
Y f f f P(rRr, ¢r, ZR)O(rR)0(PR)rrdrrdOrdzr (4.55)

Comparing Eq. (4.55) and Eq. (4.54), the estimation of ®,(r) through FRT is inspirit
to approximate the delta function using Bessel function 5Jo(ax). As qo increases,
2rqoJo(2rgorr) will be more close to delta function which will increase the accuracy
of this approximation, because the lobes of Jy become more concentrated around
origin point. However, the signal has smaller values for larger go which results in
low Signal-to-Noise Ratio (SNR). Thus there is a trade-off for ¢y between approxima-
tion accuracy and SNR. Normally QBI works suggest the data with b values around
3000s/mm? [Tuch, 2004; Descoteaux et al., 2007].

Dr. Tuch proposed to estimate the circle integration in FRT using numerical in-
tegration [Tuch, 2004]. The points in the circle in the orthogonal plane need to be
interpolated by sampling points in its neighborhood through spherical radial basis
function. Then the summation of these points in the circle was used to approximate
the circle integration. The numerical QBI was later replaced by analytical QBI based
on the representation of E(q) using SH basis. There were several groups which inde-
pendently proposed the same analytical QBI using SHs. [Anderson, 2005] obtained
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the analytical solution by considering the rotation property of SHs. [Hess et al., 2006]
used addition theorem and rotation property of SHs, and considered Tikhonov reg-
ularization in least square estimation. [Descoteaux et al., 2007] applied 3D Funk-
Hecke theorem to find the analytical solution of FRT. [Descoteaux et al., 2007] also
proposed a simple and useful Laplace-Beltrami regularization scheme in least square
estimation, which was shown to outperform the simple Tikhonov regularization and
later became very popular for general least square estimation of spherical functions
in HARDI domain. See the addition theorem and Funk-Hecke theorem, and their
relation with plane wave expansion theorem in Section 2.5.2 and Appendix 5.7.

Analytical QBI represents the signal E(q) as SH basis, i.e.

L 1
E(gow) = > " cim¥;'() (4.56)

=0 m=-1

where Y}"(u) is the symmetric real spherical harmonic with order / and degree m. See
Section 2.5.2 for more information on SHs. The coefficients {c;,,} are normally esti-
mated from signal samples by minimizing a least square cost function with Laplace-
Beltrami regularization in Eq. (4.59) [Descoteaux et al., 2007].

IBye — E|*> + e Ac (4.57)
where ¢ = (co, - ,crr) is the coefficient vector with (L + 1)(L + 2)/2 elements, E =
(E1,--+,En,)T is the signal vector with N, samples, By, is the Ny x (L + 1)(L + 2)/2 basis

matrix generated by SHs, and A is the diagonal matrix with elements A, = A>(I+1)2.
¢’ Ac is the Laplace-Beltrami regularization term, because based on Eq. (2.32), we
have

AAE@)I = f Z Z Cimdy Y] (w) Z Z (crmApY;" (w)) du

=0 m=-1 r=0m'=-r

=21 Z Z P+ 122 =¢' (4.58)

=0 m=-1

where A, is the Laplace-Beltrami operator defined in Eq. (2.19). The least square
problem has the closed form solution as

c=(BY,By+AN)"'BLE (4.59)

Based on Funk-Hecke theorem 2.7 or Corollary 2.4, the estimated ODF from FRT of
E(q) can be analytically obtained from the estimated {c;,} in Eq. (4.60).

/(1) = —FRT{E(qow (r) = Z Z 27P(0)cin Y} (w) (4.60)

Zi3
where P;(0) is the Legendre polynomial of order / evaluated at 0.

Note in practice the ODF by Tuch ®,(r) in Eq. (4.47) is much smooth. The peaks of
the ODF are only a little higher than the baseline values. Dr. Tuch proposed a min-
max normalization method for visualization of ®,(r) to enhance the peaks of ODFs.
Min-max normalization is a linear scaling to transform the ODF values into [0, 1], and
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it has been a commonly used way to visualize ®,(r) in literature. However, the min-
max normalization also enhances the peaks of the ODF's in the area with isotropic
diffusion. Throughout this thesis in order to better compare ODFs and EAPs, we
visualize ®,(r) using its real values without min-max normalization, except for the
visualization of the phantom data in Appendix B which is known to be more isotropic
than clinical data.

Dr. Tuch also proposed a useful scalar index, named Generalized Fractional
Anisotropy (FA), to describe the anisotropy of the ODF's, which can be seen as a gen-
eralization of previous FA in DTI model.

(4.61)

N NE >
GFA(®,(r)} £ JN Zfﬂ(q’t(rg (®y(r)))
(n = 1) X;5; Ou(r)?

where (®,(r)) is the mean of ®,(r). If the ODF is represented by SH basis with coeffi-
cients {c;,}, the GFA can be represented by

GFA{®(r)}

_ 1) = (Do)l _ Jl %0 (4.62)

10l CYE YL e

because of the orthogonality of SHs.

Summary of Advantages and Limitations:

v Analytical QBI is now the most widely used HARDI method, because it only
needs single shell data to estimate the ODF whose maxima demonstrate the
fiber directions, and it is very easy to be implemented.

v Compared to ADC based modeling like HOT method, the maxima of ODF's agree
with the fiber directions.

v GFA was proposed in QBI, and it is now a standard index to describe the
anisotropy of spherical function in HARDI.

X FRT has the intrinsic blurring effect due to the Bessel function as we have
discussed. Thus the estimated ODF from FRT has intrinsic modeling error.

X The estimated ODF by Tuch from FRT is much smooth so that it needs artificial
sharping techniques to obtain better results. That is because of two reasons.

(a) The ODF by Tuch @,(r) defined in Eq. (4.47) is not a good choice, because
the ODF by Wedeen @,,(r) defined in Eq. (4.43) is theoretically more sharper
than @,(r).

(b) The estimation via FRT has intrinsic blurring effect which obtains smooth
ODFs.

The sharping techniques include the min-max normalization for visualization,
and the spherical deconvolution technique to estimate the so-called fiber Orien-
tation Distribution Function (fODF). See Section 4.3.6 for spherical deconvolu-
tion and the difference between fODF and diffusion ODF.
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X Many papers in HARDI refer QBI as a model-free method because it represents
spherical signal using SHs which forms an orthonormal basis in S?>. However,
QBI actually assumes the radial part of E(q) as a delta function which is unreal-
istic. The burring effect from FRT is the direct consequence from this assump-
tion of radial decay. So we consider QBI as a model-based method with strong
assumption of radial decay of signal.

X QBI can not be used in multiple shell data, because the data from different b
values obtain different ODF's from FRT. Note [Khachaturian et al., 2007] pro-
posed a method to generalize QBI from single shell data to the data sampled in
two shells with both low b value and high b value. Two coefficient sets are esti-
mated from the two single shell data set respectively. Then in each dimension
of the coefficient vector an ad hoc process is used to choose the maximal coeffi-
cient. The fused coefficient vector is set as the final result. The ad hoc method
to combine data from different » values seems inconvincible.

Exact Q-Ball Imaging

The ODF by Tuch is approximated by circle integration in original QBI, which has
intrinsic limitations as we have discussed above. Exact QBI was proposed by several
groups independently [Wu et al., 2008; Canales-Rodriguez et al., 2009; Aganj et al.,
2010b; Tristan-Vega et al., 2009; Tristan-Vega et al., 2010] to estimate ODF's through
a plane integration, not a circle integration.

Based on the famous projection-slice theorem in Fourier transform*, the pro-
jection of P(Rr) along direction r, i.e. the radial integration, equals to the integration
of E(q) in the orthogonal plane II,.. This can be seen easily from the following propo-
sition.

Proposition 4.1. Let f(q) be a symmetric function defined in R> and Z3p{f(q)}(R) =
f(R), then

A 1 1
f f(Rr)dR = = f f(q@dq = = f f(@s(q"r)dq (4.63)
0 2 Jn, 2 Jrs

where 11, is the plane orthogonal to r defined in Eq. (4.46).

Proof. Since f(q) = f(—q), we have f(R) = f(-R) based on the definition of Fourier
transform. Then

f N f(Rr)dR = ! f ) f(Rr)dR = 1 f " ( f f(q) exp(—2m’qTR)dq) dR
0 2 —o0 2 —oo \JUR3

= % f (@ ( f ) exp(—znquTr)dR) dq
R3 —0

1 1
=5 f f(@d(q’r)dq = 3 f Sf(q@)dq
R3 I,

4http://en.wikipedia.org/wiki/Projection-slice_theorem
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Thus we have the following corollary which is a straightforward result of the
above proposition and has been used to estimate both ODF by Tuch and ODF by
Wedeen [Wu et al., 2008; Canales-Rodriguez et al., 2009; Aganj et al., 2010b; Tristan-
Vega et al., 2009; Tristan-Vega et al., 2010; Cheng et al., 2010a].

Corollary 4.1. The ODF by Tuch ®,(r) and ODF by Wedeen ®,,(r) can be written as
the plane integration of in the plane 11, which is orthogonal tor, i.e.

1 1 1
P(r) = - fn E(q)dq, @,(r)= E_ &2 ) 5AbE(q)dq (4.64)

Proof. Considering Proposition 4.1, .Z{E(q)}(R) = P(R) and .Z{AE(q)} = —47°R>*P(R),
where A is the Laplace operator, we have

1 1
0= fn E(adg, @,00=- fn AE(q)dq (4.65)

The Laplace operator in 3D can be separated as

0* 1 (9(, (9)

A= —(q —) + lAb, Ab = ! 96_9

—_——— + —_———
sin2g 02 singag\"
where A, is the Laplace-Beltrami operator in S>. Then

1 10,,0Eq, 1 (1
Pulr) = 8ﬂ2f 26q(£] dq )dq 82 n,thE(q)dq (4.66)

1

LA ) 28E(q) 1 AE(qu)\|”
= dgd¢ = —— E —
87r2 f qaq aq )49 SHZJ; ( (W +q dq )

0

dop = —
¢47r

Note in above formula, we use the prior of E(q) that for given direction u, E(Ou) = 1,
limy—,e E(qu) = 0 and the assumption of limy_ ¢ E(q“) =0. -

OE(qu) _

Note the assumption of lim;—. ¢ 9 0 used in the above corollary is satisfied
in DTI model, mixture of tensor model and SPFI and SHORE discussed later.

[Wu et al., 2008] noticed the projection-slice theorem and used it to estimate ®;(r)
in a numerical way based on interpolation of E(q) from multiple shell data. [Canales-
Rodriguez et al., 2009] estimated @,(r) based on the plane integration corollary and
mono-exponential decay assumption which has been introduced in subsection 4.3.1.
Under the mono-exponential decay assumption in Eq. (4.39), the ®,(r) in Eq. (4.64)
can be rewritten as

®,(r) = % fs 2 ( fo ) exp(—47r2‘rq2D(u))qdq) s’ r)du

1 1 40 1 T
- — d _ d 4.67
87217 fsz D(u )6(“ ndu =27 | mEgow’™ Pt (4.67)

Thus ®,(r) can be estimated from FRT of a function —
with ¢ = qo.

TEow E( 5 of single shell data E(gou)
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®,,(r) has been proposed in DSI by Wedeen [Wedeen et al., 2005], where it was es-
timated from numerical radial integration of a pre-estimated EAP from DSI. [Aganj
et al., 2009, 2010b] proved the above corollary for the estimation of ®,(r). [Aganj
et al., 2009, 2010b] also proved that if E(q) follows the mon-exponential decay as-
sumption, we have

1 1
Dy(r) = — + —— f Ay In (= In E(gow)) 5(u” r)du (4.68)
dr 1612 Js2

By representing In (- In E(gou)) = Z;L: 0 an__, cmY}"(w), and considering ApY]"(w) = —I(l +

DY]"(w) in Eq. (2.32) and Corollary 2.4, we have

1 1
D(r) = 1 = i+ DPO)cimY, /()

The coefficients {c;,} can be estimated through a least square fitting from the samples

of In(—1n E(gou)). Note based on the above formula the first coefficient is coy = BVrL

then the integration of the estimated ODF is fs2 cong(u)du = 1. Thus the estimated
®,,(r) is naturally normalized, which agrees with the definition.

Dr. Tristan-Vega also proposed two ways to estimate ®,,(r) from single shell data
E(gou) in [Tristan-Vega et al., 2009; Tristan-Vega et al., 2010].

e [Tristan-Vega et al., 2009] noticed that two ODF's can be considered as a plane
integration of E(q) as shown in Eq. (4.65). Since QBI by Tuch has been success-
fully used in HARDI domain to approximate ®,(r) using FRT of E(q), [Tristan-
Vega et al., 2009] estimated @,,(r) using the FRT of —#AE(q) with a specific
assumption to solve the first integration term 7 in Eq. (4.66). This estimator
has its intrinsic limitation from FRT because it assumes radial decay is a delta
function such that the plane integration can be replaced by circle integration.
The estimated ODF needs an artificial normalization, although ®,(r) is natu-
rally normalized by definition. Our experiments demonstrated that the estima-
tor in [Tristan-Vega et al., 2009] works well when ¢ is small as shown in the
paper. However, it obtains noisy results with many negative values when ¢ is
large, e.g. b = 3000s/mm?. This modeling error is actually introduced by assump-
tion of delta function in radial decay, which will be revisited and explained in
subsection 5.2.2.

e [Tristan-Vega et al., 2010] claimed that it proposed an estimator of @,,(r) with
mono-exponential decay assumption only in a local sense around the single shell
with ¢ = qo, not the whole plane ®, as proposed in [Aganj et al., 2010b]. It re-

placed the plane integration of éAbE(q) in Eq. (4.1) as an integration in the
disk with the given radius ¢y, while it keeps the first term ﬁ. Based on the
so called Stokes’ theorem, the disk integration is solved by circle integration
after estimation of a vector field in the circle. However, based on our analy-
sis in Appendix 4.7, the disk integration is actually solved based on the mono-
exponential decay assumption inside the disk, not just around the boundary of
the disk. Moreover the Stokes’ theorem in [Tristan-Vega et al., 2010] is equiv-
alent to separation disk integration into the radial integration and circular in-
tegration used in other papers [Canales-Rodriguez et al., 2009; Aganj et al.,

2010b; Cheng et al., 2010al].
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Besides the two ODFs @,(r) and ®,,(r), [Canales-Rodriguez et al., 2009] proposed
a general form of ODF as
1 (o6}
Dy(r) & ~ f P(R)R*dR (4.69)
0
where Z is the normalization factor which makes sz @i (r)dr = 1. Then ®y(r) is D,(r)
when k = 0, and ®,(r) is ®,(r) when k = 2. Like ®y(r), ®; needs a normalization
factor Z to make it a PDF. Only when k = 2, O (r) = ®,,(r) is naturally a PDF without
artificial normalization factor, i.e. Z = 1.

Note the EAP profile P(Rr) normally has better angular resolution when R is
larger, which can be seen from the synthetic data experiment in Fig. 4.8. Theoret-
ically, kK = 1 means the same weight is considered for EAP profile P(Rr) with large R
and small R. While k& > 1 gives more weight for P(Rr) with large R, which means the
®,(r) is sharper when k is larger. However, EAP profile P(Rr) with large R value has
more estimation error. Thus normally only the ODFs with £ = 0 and k& = 2 are con-
sidered, and the ODF for other k are not used in literature. The experiments showed
that although ®@,,(r) is sharper than ®,(r) with better angular resolution, ®@,(r) is more
robust than ®,,(r) [Aganj et al., 2010b; Tristan-Vega et al., 2010; Cheng et al., 2010a].

The ODFs @, in Eq. (4.47) and ®; in Eq. (4.69) need a normalization factor Z to

make them as PDFs in S>. Many papers in HARDI set Z = ) j=1 @i(r;) such that the
summation of ODF over some given direction samples {r j}j.V; , In S? is 1 [Tuch, 2004;
Khachaturian et al., 2007], which is actually problematic in theory and may bring
some errors in some situations. See Appendix 4.6 for the reason and two correct ODF

normalization ways.

Note like the original QBI, the exact QBI methods based on mono-exponential de-
cay assumption can not work for multiple shell data. [Aganj et al., 2010b] proposed
to generalize the mono-exponential decay assumption to multi-exponential decay as-
sumption, i.e.

K K
E(@) = ) wiexp(~4r'rg’ Diw) = " wiEiw)’,  Ei(w) = exp(~Di(w)) (4.70)
i=1 i=1

{E;(w)} and {w;} can be estimated by numerical optimization such as trust region algo-
rithm. An analytical solution exists when K = 2, the data were obtained from three b
values, and 0, b1, b, b3 is an arithmetic progress.

Summary of Advantages and Limitations:

v The linear analytical solution is fast and easy to be implemented.

v Compared to the delta function assumption of radial decay of E(qu) used in orig-
inal QBI, exact QBI considers mono-exponential decay of E(qu) to obtain an-
alytical results, which becomes more and more popular in sHARDI methods.
Mono-exponential decay assumption seems better than delta function assump-
tion. It at least satisfies the prior E(0) = 1 and can be seen as ADC modeling
which is a kind of generalization of DTI. See Table 4.1 for the summary of dif-
ferent estimators in original QBI under delta function decay assumption and
exact QBI under mono-exponential decay assumption.
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v ©,(r) has better angular resolution than ®,(r) normally used in original QBI,
although normally ®,(r) is more robust to noise. ®,,(r) normally does not need
the artificial normalization, sharpening technique like min-max normalization
or spherical deconvolution. That is the main reason why ®,,(r) is now more
popular than ®,(r) in sHARDI methods.

X Although mono-exponential decay assumption is better than delta function as-
sumption, it is still a strong and unrealistic assumption of radial decay. Even
the signal generalized by a simple mixture of tensor model does not follow this
assumption as shown in Fig. 4.8.

X Exact QBI is a kind of sHARDI method. It obtains different results for the
data from different shells. [Aganj et al., 2010b] proposed an extension of the
model based on multi-exponential decay assumption. However it is impractical
for general multiple shell sampling which needs a numerical optimization to
estimate each mono-exponential part. An analytical solution only exists when
two multi-exponential parts are considered for the data sampled from three b
values which are arithmetic progress.

4.3.5 Diffusion Orientation Transform (DOT)

Diffusion Orientation Transform (DOT) was proposed by Dr. Ozarslan in [Ozarslan
et al., 2006] to estimate the EAP profile P(Rr) from single shell data under the mono-
exponential decay assumption in Eq. (4.39). Thus it can be seen as an estimator of
EAP in exact QBI methods. Consider the plane wave equation in Eq. (4.71)

/

cos(2nq’R) = 47TZ Z (=12 j,2ngR) Y} ()Y (r) (4.71)
=0 m=-1

where j;(-) is the [ order spherical Bessel function described in Section 2.5.3. See Theo-
rem 2.8 and Eq. (2.53) for the plane wave equation. Then the EAP can be represented

as
00 l
PR =" " ( fS YR, u)du) Y/ (r) (4.72)
l

=0 m=—
RIT(0.50+ 1.5) F1(0.51+ 15,1+ 1.5, -8 =)
(_1)l/221+17z-0.5(D(u)T)O.SlH.Sr(l + 1.5)
(4.73)
For fixed R = Ry and given direction samples {«;}, samples {I;(Ro,u;)} can be calculated
analytically via Eq. (4.73) from the samples of ADC {D(u;)}. Then a least square
fitting can be used to obtain the coefficients of P(Ror) under SH basis from {/;(Ry, u;)}.

I(R,u) = 4rn(~1)""? fo ) E(q)ji(2nqR)q*dq =

[Ozarslan et al., 2006] validated the mono-exponential decay assumption through
synthetic data generated from cylinder model [S6derman and Joénsson, 1995]. It
showed that signal decay can be approximated well as a mono-exponential function
around b = 1500s/mm?. For the b value large than 3000s/mm?, the mono-exponential
decay assumption is not well satisfied, and the data with large b value has low SNR.
Thus 1500s/mm?* seems to be the optimal » value for DOT.

Note like original QBI and exact QBI, DOT can not handle multjple shell data,
because the data in different shell obtains different EAP profile. [Ozarslan et al.,
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@,(r) O, (r) P(R)
original QBI [Tuch, 2004] [Tristan-Vega et al., 2009] .
6(q — qo) [Descoteaux et al., 2007] subsection 5.2.2 subsection 5.2.2
exact QBI [Aganj et al., 2010b] DOT
Canales-Rod t al., 2009 ? ..
E(q) = exp(—47r2‘rD(u))[ anales-todnguez et al, ][Tristén-Vega et al., 2010][Ozarslan et al., 2006]
SPFI [Assemlal et al., 2009a; Cheng et al., 2010a] [Cheng et al., 2010b]
proposition 5.3 proposition 5.4 proposition 5.2
ition 5.7 roposition 5.6
SHORE Propostu prop
[Ozarslan et al., 2009]

Table 4.1: HARDI methods with different assumptions for estimation of ODFs and EAP.
Original QBI and exact QBI are sHARDI methods. They need respectively delta function
assumption and mono-exponential decay assumption for signal decay. DOT can be seen as a
kind of exact QBI method, because it is an estimator of EAP from single shell data based on
mono-exponential decay. SPFI and SHORE consider radial basis for the radial decay. They
are model-free.

2006] proposed to extend the mono-exponential model to multi-exponential model as
shown in Eq. (4.70). It fits the multi-exponential function in each direction u which
needs many samples along u. Thus the multi-exponential assumption is impractical
and so far to our knowledge there is no work to implement the multi-exponential
version of DOT in real data.

DOT will be revisited in subsection 5.2.2, and theoretically and experimentally
compared with other HARDI methods.

Summary of Advantages and Limitations:

v The linear analytical solution is fast and easy to be implemented.

v Compared to other ADC based methods like HOT model, DOT estimates the
EAP profile with given radius R, from single shell data. The maxima of EAP
profile normally can be used as the fiber directions. See Fig. 4.8.

v It works well with typical value b = 1500s/mm> compared to typical b value
3000s/mm? in original QBI.

X DOT can not handle multiple shell data. The data from different shells obtain
inconsistent results. The extension to multi-exponential model is impractical.

X In DOT, there is no full representation for EAP P(Rr) in R3. The results from
DOT are the coefficients of the EAP profile P(Ror) with the given radius Ry under
SH basis. Even if one EAP profile P(R r) is estimated, the estimation process
needs to be performed again for EAP profile P(R,r) with different radius R;.

4.3.6 Spherical Deconvolution (SD)

Spherical Deconvolution (SD) methods generalize the mixture model from discrete
case to continuous case. In previous mixture of tensor model, E(q) is assumed to
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be generated from K tensors in Eq. (4.32). [Tournier et al., 2004, 2007] proposed to
consider the continuous mixture model as

E(qu) = f @ ¢(r)R(r" wydr (4.74)
S2

where @ (r) is called as the fiber ODF (fODF) which needs to be estimated and R(r"u)
is the typical signal generated from one fiber. The spherical deconvolution is a model-
based method because it assumes the typical signal R(r’u) and linear combination
in the convolution. Mixture of tensor model is suffering from the model selection of
the number of tensors and local minima of cost function. However, SD can be solved
analytically by considering the Funk-Hecke theorem and representing the E(qu) and
R(r"u) using SHs [Descoteaux et al., 2008a]. The continuous weighting function ® (1)
avoids the limitation of mixture of tensor model in discrete case.

Note the SD method can be also used in some EAP features generated from signal.
For example, consider @, estimated from FRT, then based on the linearity of FRT we
have

®,(r) = FRT{E(qu)} = f @ ;(w)FRT{R(w" w)}dw = f O (w) DX (r" w)dw (4.75)
S2 S2

Thus, if we use FRT to estimate ®,(r), the SD performed on E(qu) is equivalent with
SD performed on estimated ®,(r) [Descoteaux et al., 2008a]. Since ®,(r) estimated
from FRT is normally very smooth. SD becomes a good option to obtain the sharpened
fiber ODF @ (r).

Compared to fiber ODF ®((r), the ODFs ®,, ®,, and ®; defined as the radial inte-
gration of EAP is normally called as the diffusion ODF's. Note that throughout this
thesis, ODF means the diffusion ODF unless otherwise specified, because we only
consider the estimation of diffusion ODF's, and once we assume a kernel model for
single fiber, fiber ODF can be estimated from diffusion ODF easily.

The SD method also can be used as a general continuous weighting method in a
specific manifold. Then many methods can be seen as some kinds of SD methods [Jian
and Vemuri, 2007; Jian et al., 2007].

Summary of Advantages and Limitations:

v SD obtains more sharper ODFs, which is useful in fiber tracking. Note the
diffusion ODFs sometime merge their maxima if two fiber directions are close.
The sharpened ODF's obtained by SD sometimes can separate these merged
maxima.

v Normally SD on sphere can be solved analytically using SH basis. However, it
is not easy to do SD in a general manifold [Jian and Vemuri, 2007].

X SD is a model-based method. How to choose the kernel based on some priors is
an open question.

X Although compared to diffusion ODFs, fiber ODFs from SD can obtain more
maxima, we still do not know if added maxima are because of real fiber direc-
tions or noise. Even in the area with isotropic diffusion, SD can make sharper
ODPF's, which is unrealistic.
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4.3.7 Diffusion Propagator Imaging (DPI)

Diffusion Propagator Imaging (DPI) was proposed to model the signal E(q) as the
solution of Laplace’s equation [Descoteaux et al., 2009, 2010]. Note the original de-
scription of DPI in [Descoteaux et al., 2009] has some problems due to the integration
of Bessel function, thus we use the formulation in [Descoteaux et al., 2010]. In DPI,
the signal is assumed to be

E(qu) = Z Z ( 2+ ding ) Y/ (u) (4.76)
1=0 m=-1

Then the EAP is estimated from incomplete 3D integration inside the ball with a
given radius ¢,.., because the complete integration in R? does not converge.

inax L
Prony = 5 [ [ Elquig? exp (~2righou”s) dgan = 2> S utEo)cn + pulRoxdn) VI
=0 m=-1
4.77)

-1/2 |-
(Ry) = ~1)/2 (2'R, Pnl! _ Ji12Q2ngmaxRo)
Port0) = =3 | "= nn 172

0

Cbnax

pu(Ro) = (=1)'2¢H32R 3/2Jl+3/2(27T¢]maxRo)

where (n - D!' = (n-1)-(n—-3)---3-1, J,(x) is the Bessel function of order n, Z is
the normalization factor to make fR3 P(R)AR = 1, gyax is the maximum ¢ value used
in DPI acquisition. See subsection 2.5.3 for Bessel function and its properties. The
coefficients {c;,,} and {d;,} can be calculated from DWI samples via a standard least
square estimation.

After obtaining the coefficients, DPI also proposed several EAP features an-
alytically from incomplete radial integration, such as two ODFs in Eq. (4.78)
and Eq. (4.79), and RTO in Eq. (4.80).

1 Rinax 1 L
O,r) = f PRr)AR = — 3 Z( ' (t01Cum = t1Cum + tudin) Y{'(0)  (4.78)
Z 0 l 0 m=-1[
oo 2 Rfmlx O O o Vi P Ul DL
T @ C T ) T 22312 + 1)
1 Rinax 1 L !
O,(r) = - f PRORYAR = = > 3" (=1) (moicim — mucin + modip) Y'(x)  (4.79)
Z Jo Z =0 m=—1
ol -1 Ri;:alx (- (I+nn
my = — , my = ————
o= Q- nn YT o 2ran - T 22(1)2)!
‘max 2
Po = f f i E(Q)q°dqdu = g, (Coo + doo q; ax) Vr (4.80)
0 S
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Summary of Advantages and Limitations:

v DPI can be seen as a generalization of QBI method to handle multiple shell
data, although this generalization has many problems which will be revisited
in subsection 5.2.2.

X DPI is a model-based method, because it assumes AE(q) = 0.

X Compared to DOT based on the mono-exponential decay assumption, the nor-
malization factor Z is needed because the integration of E(q) is incomplete. In
DOT, the estimated EAP is naturally normalized, because the mono-exponential
decay assumption in DOT satisfies E(0) =1 = &3 P(R)dR.

X The ODF's are obtained from incomplete radial integration of the pre-estimated
EAP. Thus the estimated ODFs suffer from two incomplete integrations, one for
EAP estimation, the other one for ODF estimation.

X The introduction of g,,,, makes all estimated EAP and its features are function
of gnax. We still do not know how to choose g,,,. generally. Although we can set
it as the maximal ¢ values of the acquired DWI data, it is actually not a good
choice. See subsection 5.3.1 for the discussion of the problems brought by ¢,

X The DPI model does not satisfy some priors of signal E(q) which brings intrinsic
modeling errors. It also can not represent an isotropic Gaussian signal. Please
see subsection 5.2.2 and 5.3.1 for more details.

4.3.8 Simple Harmonic Oscillator Reconstruction and Estimation
(SHORE)

Simple Harmonic Oscillator Reconstruction and Estimation (SHORE) was proposed
by Dr. Ozarslan in [Ozarslan et al., 2008] for 1D signal and in [Ozarslan et al., 2009]
for 3D signal.

SHO-1D Basis

[Ozarslan et al., 2008] proposed to represent diffusion signal E(g) in 1D as

N_
E@) = awn(x)(q,u), where y,(g,u)=i"(2"n!) 227 {,2nuq) (4.81)

n=

—_

where H,(x) is the n order physicists’ Hermite polynomial, and u is a characteristic
length which scales the decay of the basis. Please refer subsection 2.5.4 for physicists’
Hermite polynomial and its properties. The scale u was proposed to be estimated
from the first few samples of E(g), and the coefficients {a,} can estimated from signal
samples via a standard least square fitting. As we assume E(g) is symmetric, only
even order n is used. Note {,,(¢,u)} is an orthogonal basis, while the basis is not
normalized to unit norm. We may consider the normalized version given in Eq. (2.60)
which is the solution of 1D quantum mechanical harmonic oscillator problem, and is
called as Simple Harmonic Oscillator in 1D (SHO-1D) basis in this thesis.
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Based on the property of Hermite polynomial in Eq. (2.57), the EAP in 1D that is
the Fourier transform of E(g) can be analytically obtained as

Im:%@m

-1
=0 V2nu

ann(x, 2mu)™") (4.82)

Then RTO is simply P(0), and the m-th order moment of EAP can be given by

N-1 N—k-1
°° k+m—1)! N2k + D))
<xm> — f me(x)dX —_— Z % Z (—])1/2#61@_1 (483)
- k=0,2,... : 1=0,2,... :

Note that GDTI considers product of probabilists’ Hermite polynomials in 3D space,
while the SHO-1D basis uses physicists’ Hermite polynomials in 1D space. It is pos-
sible to consider the product of SHO-1D basis as a 3D basis, called SHO-1D3 basis in
Definition 5.2. Please refer Theorem 5.2 for the equivalence between SHO-1D3 basis
and SHO-3D basis which will be introduced in next subsection.

Summary of Advantages and Limitations:

v Since SHO-1D basis is complete, SHORE method in 1D is model-free.

v The linear analytical solutions for EAP and its features are very fast and easy
to be implemented.

v The Gaussian-Hermite function considers the priors of signal which is a Gaus-
sian like signal.

X Since the diffusion signal in real data is in 3D space, SHO-1D basis can not
handle 3D signals.

SHO-3D Basis

[Ozarslan et al., 2009] proposed to represent diffusion signal E(g) in 3D as

Nma)c [

E@=)" > > Ajmljim(q,0) (4.84)

N=0 [+2j=N+2 m=-I|
J=1120

W jim(q, u) = i ar (271'21/{26]2)1/2 exp (—2n2u2q2) Li.tll/ 2 (Zﬂzuzqz) Y/ (u) (4.85)

Note that [Ozarslan et al., 2009] referred that the function set {i jim} in Eq. (4.85)

is an orthogonal basis. However, one can verify that these functions are not orthog-

onal, that is because the wrong scale is used in exp(-). The solution of 3D quantum

mechanical harmonic oscillator problem has the form in Eq. (2.69), which is called

as the Simple Harmonic Oscillator in 3D (SHO-3D) basis. Actually this basis has

been already used in the computation of the molecular electron orbitals and molecu-

lar docking [Ritchie and Kemp, 2000; Huzinaga, 1965], which we will discuss later.

The SHO-3D basis is equivalent with the product of SHO-1D basis in 3D space. See
Theorem 5.2.
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[Ozarslan et al., 2009] claimed that the EAP can be represented by the same form
in Eq. (4.85) although it did not give the explicit formula. We will give the analytical
formula based on the SHO-3D basis in Eq. (2.69). The orientation-dependent radial
moments, i.e. the ODFs in Eq. (4.69), is given as

)Mkzk/2r(j+ (I +k+1)/2)

=T (4.86)

Vo) = [ PROR? = 3 AP
0

Jjlm

Note that we did not verify the above formula for ODFs, because we think there
may be some problems in the basis in [Ozarslan et al., 2009]. The ODF's in SHORE-
3D method will be revisited in subsection 5.2.2 using the corrected SHO-3D basis
in Eq. (2.69). See Table 4.1 for an overview.

Summary of Advantages and Limitations:

v SHORE is model-free, since the SHO-1D basis and SHO-3D basis are both com-
plete basis in their domains.

v The linear analytical solutions are very fast.

X Some formulae have some problems. For example, the proposed formula for
SHO-3D basis in Eq. (4.85) is not orthogonal basis, which conflicts with the
claim that SHO-3D basis are orthogonal. It can be easily improved by using
the correct orthonormal basis in Eq. (2.69). We will revisit this topic in subsec-
tion 5.2.2.

4.3.9 Spherical Polar Fourier Imaging (SPFI)

Spherical Polar Fourier Imaging (SPFI) was first proposed by Dr. Assemlal in [As-
semlal et al., 2008, 2009a], where the diffusion signal E(q) is represented by Spher-
ical Polar Fourier (SPF) basis. SPF basis is a 3D orthonormal basis with SHs in
spherical part and Gaussian—Laguerre functions in radial part. This basis is moti-
vated by SHO-3D basis used in the computation of the molecular electron orbitals
and molecular docking [Ritchie and Kemp, 2000; Huzinaga, 1965]. However SPF ba-
sis is different from the SHO-3D basis. We will compare SPF basis and SHO basis
theoretically and experimentally in Chapter 5.

After we estimate the coefficients of diffusion signal under SPF basis, EAP and its
various features, e.g. ODFs, RTO, can be obtained in a numerical way from an inner
proposed by Dr. Assemlal [Assemlal et al., 2008, 2009a], which will be described in
details in subsection 5.1.1. In Chapter 5, we propose an analytical way to obtain the
EAP and its various features from the pre-estimated SPF coefficients [Cheng et al.,
2010b,a]. We also propose some improvements in the estimation of the coefficients of
SPF basis. See Table 4.1 and Table 5.1 for an overview.
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4 4 METRICS AND FRAMEWORKS TO PROCESS PDF-
° VALUED DATA

As we have demonstrated in subsection 4.1.2 and 4.1.3, the data in dMRI field is
in 6D space. In every voxel x, there is an EAP P(R) defined R*. The whole EAP field
is P(R,x) in 6D space, which is different from the conventional MRI data in 3D space.
Thus we need to study how to process such a PDF field.

4.4.1 Metrics and Frameworks for Tensor Computing
Euclidean Metric

Under the assumption of Gaussian propagator, the EAP field becomes the tensor field.
Since the tensor space is a convex set in symmetric matrix space, we can define the
distance between two tensors as the distance between two symmetric matrices, i.e.
the Euclidean distance between 6D vectors.

diuc(D1, D7) = [[D; - Dy = \/Trace (D1 = D)T (D — Dy)) (4.87)

In this case, the Euclidean metric in R° is used. The Euclidean distance is rotational
invariant. Based on this distance, the mean of K tensors is

1 K

D=L
K 4
i=1

D, (4.88)

J-divergence

The Kullback-Leibler (KL) divergence between two Gaussian propagators is

NR]2tDy) 1 ( Dy B
N(R|27D2)dR_2(ln Trace (D;'D: ) 3) (4.89)

dKL(DlaDZ):f NR|27D{)1In
R3 |D1|

It is affine invariant, i.e. dx.(ATD1A,ATD>A) = dgi (D1, D), V|A] # 0. Since the KL
divergence is not symmetric, we can use its symmetric version called J-divergence
and its square root distance as [Wang and Vemuri, 2005]:

1 1
dy(Dy,Dy) = \/5 (dg1(D1,D2) + di1 (D2, D) = 5 \/Trace (D7'D,+D;'Dy) -6 (4.90)

J-divergence is also affine invariant, because KL divergence is affine invariant. Al-
though J-divergence is symmetric, it does not satisfy the triangle inequality, which
means it is a divergence, not a distance. [Wang and Vemuri, 2005] showed that the
mean of tensors {D;}X , i.e. the minimizer of 3,5, d,(D,D;)?, is

1
D=B? (B%AB%)2 B (4.91)

where



Riemannian Metric and Log-Euclidean Metric

The Riemannian metric for Gaussian distribution family has been proposed in
1980s [Atkinson and Mitchell, 1981; Skovgaard, 1984] based on Rao’s seminal work
on information geometry [Rao, 1945]. However, the Riemannian metric was only
known in dMRI domain after 2005, until a number of works [Pennec et al., 2006;
Moakher, 2005; Batchelor et al., 2005; Lenglet et al., 2006b; Fletcher and Joshi, 2007]
which introduced Riemannian metric in dMRI. The Riemannian metric can be intro-
duced based on the analysis of Gaussian distribution family in Eq. (4.92) [Lenglet
et al., 2006b] where X = 27D, or based on the analysis of affine invariance [Pennec
et al., 2006; Fletcher and Joshi, 2007; Fletcher, 2004; Moakher, 2005].

{N(RIZ) = exp (—%RTZ_]R) : Xe Symgr} (4.92)

1
@ P72

The Riemannian distance between two tensors is

dRic(D1,D2) =

| =

3
Z (In A;)? (4.93)
i=1

where {/1,-}13’:1 are the eigenvalues of matrix® DIIDZ. This Riemannian distance is affine
invariant. Please see Example 3.10 for more details on the Riemannian metric of
Gaussian distribution family. For a set of tensors {D;};.,, the Riemannian mean has
no closed form. It needs a gradient descent method to find a local minimum of the
following cost function.

min dgie (D, D,)’ (4.94)

Note the cost function is convex and the Riemannian mean of tensors uniquely exist
because the sectional curvature in tensor space is non-positive definite. See Theo-
rem 3.1. Thus the estimated local minimum is also the global minimum.

The Log-Euclidean metric for tensors is defined based on the isometry of tensor
space and symmetric matrix space [Arsigny et al., 2006; Fillard et al., 2007]. The
matrix logarithm can be seen as the isometry, then the distance between tensors is
defined by the distance between their logarithmes, i.e.

dLogEuc (D], Dz) = || In D1 —1In D2|| = \/Trace ((ln D1 —1In Dz)T(ln D] —1In Dz)) (495)

Then the Log-Euclidean mean of tensors is
K

D= InD; (4.96)
i=1

Log-Euclidean distance is different from Riemannian distance, but in practice, these
two distances for tensors in human brain are qualitatively/visually similar. Thus Log-
Euclidean distance can be seen as an approximation of Riemannian distance. When
computing the Riemannian mean, it is fast and convenient to set the initialization
point as the Log-Euclidean mean.

1 1
5Some papers use D;'D; or D, *D,D, ? here. All these descriptions are OK, because it can be proved
that the final results are the same.
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The Geodesic Anisotropy (GA) of a tensor D is defined as the geodesic distance
between D and its nearest isotropic tensor [Fletcher, 2004; Batchelor et al., 2005], i.e.

3

2
GA(D) = dg;e(D, |D|%I) = dRie(|D|_.%D, D= JZ (ln A — %111(/11/12/13)) 4.97)
i=1

The Riemannian framework and Log-Euclidean framework of tensors can be used
in DTI or other domains like computer vision [Li et al., 2008]. In dMRI, these two
frameworks can be used in tensor estimation [Lenglet et al., 2006b; Fillard et al.,
2007], regularization [Pennec et al., 2006], segmentation [Lenglet et al., 2006a], Prin-
cipal Component Analysis (PGA) [Fletcher et al., 2004], statistical test [Schwartz-
man, 2006], etc.

4.4.2 Metrics and Frameworks for ODF and EAP Computing

Since DTI model based on Gaussian assumption has its intrinsic limitations, we do
not assume Gaussian propagator in HARDI. The ODF and EAP are PDFs respec-
tively defined in S?> and R3. Historically there are several choices proposed for the
distance between ODFs. [Tuch, 2004] used KL divergence to measure the differ-
ence of ODFs, which is calculated from ODF samples. [Descoteaux and Deriche,
2009; Wassermann et al., 2008] considered the Euclidean distance between ODF's
in ODF segmentation, which can be represented by coefficients of SH basis. Assume
Or) = Yo X Yy and ®'(r) = $L X! ¢) Y™(r), then the Euclidean distance
between them is

2 L 1
I0(r) - @' (1)]| = J fS 2 (Z(cm - c;m>Y;’1<r)] dr = J DD em=cp,? (4.98)
Im )

=0 m=—

[McGraw et al., 2006] proposed to represent the ODF as a mixture of Von
Mises—Fisher distributions.

K
P
O(r) = E wiM(r|w;, &),  M(rlw;, k;) = ﬁ exp (Kip,l.Tr) (4.99)
P 2m(eki — e*i)

The parameters {(w;, u,-,/q)}{i , need to be estimated through minimizing a nonlinear
least square cost function. Since The Von Mises-Fisher distribution M(r|u, k) is not
symmetric, both M(r|u,x) and M(r| — u, «) need to be considered in the cost function.
The barrier functions for the positive {w;} and {«;} are also needed in the cost function.
Moreover, the model selection for parameter K needs to be set manually. Thus the
estimation of the parameters are complex and unstable. After the parameters are
obtained, since Von Mises-Fisher distribution has been well studied in information
geometry, the distance between ODF's can be defined as the Riemannian distance in
the mixture of Von Mises-Fisher distributions. Thus the Riemannian distance for
ODFs is model-based and can not be used for general ODFs. To our knowledge, this
is the first work for the Riemannian framework for ODFs, although it has many
limitations.
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[Goh et al., 2009a, 2011] and our previous work [Cheng et al., 2009a] proposed a
model-free intrinsic Riemannian framework for ODFs based on square root parame-
terization. [Goh et al., 2009a, 2011] considered the continuous ODF as its histogram,
and directly applied the Riemannian framework for multinomial distribution family
to ODFs. However, our work considered the orthonormal basis representation, which
is essentially more general and efficient than the formulation of histogram. Actually
the histogram formulation in [Goh et al., 2009a, 2011] can be seen as a specific case
of our basis representation formulation when the piecewise constant basis is consid-
ered. Moreover, our formulation can be used to EAPs by considering a 3D basis, e.g.
SPF basis. While the histogram formulation is hard to be used in EAPs since EAP
is defined in unbounded R?. To our knowledge, our previous work in [Cheng et al.,
2011a] is the first work for the Riemannian framework on general EAPs, which is a
natural generalization of previous Riemannian framework on Gaussian EAPs in DTI.
Please refer Chapter 6 for more details and comparisons.

4 5 SUMMARY
[ ]

We have presented some basic concepts and background knowledge of MRI and
dMRI for Chapter 5 and 6. We have reviewed some state-of-the-art reconstruction
methods to estimate tensors, ODFs, EAPs, and other meaningful features from the
measured diffusion signals, and have reviewed some metrics and frameworks used to
process tensor/ODF/EAP valued images. Since DTI has its intrinsic limitations due
to the Gaussian assumption, in this thesis we focus on ODF and EAP estimation and
processing in HARDI methods. HARDI methods can be categorized into two classes:
single shell HARDI (sHARDI) methods and multiple shell HARDI (mHARDI) meth-
ods. sHARDI methods like QBI cannot be used in multiple shell or sparse sampled
data. These sHARDI methods always need some assumptions in radial decay which
cannot be assumed in a local sense. See Table 4.1 and Appendix 4.7. We also pro-
posed the correct way for ODF normalization. See Appendix 4.6, which is useful for
the Riemannian framework of ODF's. If a complete 3D basis is used, mHARDI meth-
ods are indeed model-free, and they naturally combine the benefits of the high SNR
of the data with the low » values and high angular resolution of the data at high
b values. mHARDI methods are trade-off between a DSI acquisition and a single
shell acquisition used in sHARDI methods. With hardware improvements of current
scanners, mHARDI acquisitions will become more and more practical and popular.
In CCM group, we mainly focus on neuroscience applications based on the scalar in-
dices or brain network analysis in DTI model [Gong et al., 2005; Lin et al., 2006; Yu
et al., 2008; Shu et al., 2009; Li et al., 2009; Wang et al., 2011; Li et al., 2012]. In
Odyssée/Athena group, DTI and the Riemannian framework for tensors have been
well studied by Dr. Lenglet [Lenglet, 2006; Lenglet et al., 2006a,b], and QBI and its
related methods have been well studied by Dr. Descoteaux [Descoteaux, 2008; De-
scoteaux et al., 2007, 2008a]. In this thesis, we focus on mHARDI reconstruction and
process. Analytical SPFI in Chapter 5 can be seen as a generalization of analytical
QBI by Dr. Descoteaux and others, and the Riemannian framework for ODFs and
EAPs in Chapter 6 is a generalization of the Riemannian framework for tensors by
Dr. Lenglet and others. The scalar indices developed in mHARDI methods in Chap-
ter 5 and 6 can be used as biomarkers in neuroscience applications, and the proposed
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EAP/ODF estimations can improve the fiber tracking results for brain network anal-
ysis.

4 6 APPENDIX A: ODF NORMALIZATION
[ )

An important issue for ODF's is that the estimated ODF by Tuch ®,(r) and ®.(r)
in Eq. (4.69) need to be normalized so that the integration in S? is 1 [Tuch, 2004;
Descoteaux et al., 2007]. Please note that the normalization is NOT to let the sum-
mation of ODF samples at given evenly distributed directions {r j}le be 1, because

j=
Ns
1= fs D) = Y D)8 # ) D))
= 7

where S ; is the area element for the histogram bins. Since the N, samples are evenly
distributed in S?, {S ;j} are close to a constant, i.e.

4
sz—n

and the ODF should be normalized such that

N,

s NS
Z O (rj) = =
j=1

So the normalization factor is

Ny
A O
Z= ; Di(r)) (4.100)

Then the integration of new normalized ODF is

1 N s
—O,(r)dr ~| ——— DOp(r)S; =~ 1
fS;Z (r)dr [47TZ;Y£1 (Dk(rj))z k()8 ;

=

This is the discrete normalization. Note that in many papers Z = sz& | ©i(r;) which

only misses a constant factor j‘v”. Thus normally this inappropriate normalization

does not affect the final results based on the shape of ODFs. But the Riemannian
framework in Chapter 6 needs the ODF/EAP correctly normalized. Otherwise the
ODF/EAP is not a PDF.

We suggest ODF normalization in continuous domain which is better and inde-
pendent of samples. When the estimated ODF is represented by SH basis, we have

O(r) = D (), 1= f _ i(n)dr = coo Varn

Im S

So the coefficient for Yg should be normalized such that

1
o0 = —F—

Van
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which means the normalization factor is

Z = Vanco (4.101)

Note the original ODF by Wedeen ®@,,(r) is naturally normalized in its estimation
by exact QBI [Canales-Rodriguez et al., 2009; Aganj et al., 2010b; Tristan-Vega et al.,
2010], or by SPFI in Chapter 5, [Cheng et al., 2011c], and Square Root Parameterized
Estimation (SRPE) in Chapter 6. Thus no extra normalization is needed for @,,(r) for
these estimation methods. However the estimation methods in [Descoteaux et al.,
2010; Tristan-Vega et al., 2009] for @,,(r) need an artificial normalization due to the
incomplete integration.

4 7 APPENDIX B: IS MONO-EXPONENTIAL DECAY AS-
° SUMPTION ONLY NEEDED LOCALLY FOR SINGLE
SHELL DATA?

As we have shown in Corollary 4.1 that the two kinds of ODFs ®,(r) and ®,,(r)
can be represented as the plane integration of E(q) and —#éAbE(q). To estimate
the ODFs and EAPs from single shell data, historically there are two popular as-
sumptions for signal decay E(qu), i.e. delta function decay assumption in original
QBI [Tuch, 2004; Anderson, 2005; Hess et al., 2006; Descoteaux et al., 2007] and
mono-exponential decay assumption in exact QBI [Wu et al., 2008; Canales-Rodriguez
et al., 2009; Aganj et al., 2010b; Tristan-Vega et al., 2009; Tristan-Vega et al., 2010].
Compared to the delta function decay assumption, mono-exponential decay assump-

tion seems better and becomes more and more popular in HARDI domain.

[Tristan-Vega et al., 2010] claimed that ®,(r) and ®,,(r) can be estimated from
single shell data with the mono-exponential assumption in a local sense in an envi-
ronment of shell ¢ = gop. However, we think for single shell data the radial assumption
is needed in whole plane, not in a local sense, such that the plane integration can be
solved. Please see the following analysis in details. Note [Tristan-Vega et al., 2010]
proposed the estimators for both ®,(r) and ®,,(r). Our analysis for ®,(r) is given as
follows which can be also used in the estimator of ®(r).

Formulation based on Stokes’ theorem in [Tristan-Vega et al., 2010]. The

idea in [Tristan-Vega et al., 2010] is to replace the plane integration in Eq. (4.64)

with the integration inside the disk with the given radius ¢y, denoted by II,,, i.e.

1 ApE(q) 1 1 f ApE(q)
il

1
Dp(r) = — — — dg~ — - —
w(®) 4 8% Jn, ¢ 1% 4z 8n2 q

dq

T.q0

Note in [Tristan-Vega et al., 2010] the second term is approximated by the disk inte-
gration, while the first term is ﬁ which is still plane integration. Then considering
the Stokes’ theorem, the disk integration of E(q, 5,v) equals the circle integration of

some specific function Fﬂ’ (g.5.v), 1.e.

1 1 AyE(q) 1 1 fzﬂ 5, 7
O,(r) > — — — —/—2dq=—- — FP(q0, =, v)qod 4.102
= e fn ¢ T4 e ), Ty nd (4.102)

r.q0
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where Fﬁ)(q, &,v) is given in Eq.(C.2) in [Tristan-Vega et al., 2010].

-1 f‘l Ay exp(—4n27u25(q0,§, v))d
u
812q u

~ o —
Flg.60) = [ v v~ (©.2)
0

Note E(u, & v) is the assumed signal which was said to follow mono-exponential decay
in a local environment of ¢, i.e. the Eq. (C.1) in [Tristan-Vega et al., 2010].

E(q, &,0)lg=qy = exp(=47°1¢* D(q0, £, V)) (C.1)
However, the integration in Eq. (C.2) actually assumes E(q, £, v) is mono-exponential

decay in [0, go], not in a local sense in Eq. (C.1). To approximate the plane integration
with disk integration, it also assumes E(q, &, v) = 0 when g > gp.

Formulation based on standard radial integration and spherical integra-
tion. Actually the Stokes’ theorem used in the paper is just two integrals (radial
integral and spherical integral), which is in spirit the same with other papers on
plane integration [Canales-Rodriguez et al., 2009; Aganj et al., 2010b; Cheng et al.,

2010al.
D, —AE
)=+ f f »E(q)dq
q0  [2r T
—AE
4ﬂ ) f f vE(q, 7, v)qdvdg

1 - l— =
= E-'_L (@ﬁ —AbE(q,2 v)dq)dv (4.103)

qug)(qo,%,U)

Compared the above formula to Eq. (C.2) and Eq. (4.102), the function F "’(qo, ,U)
obtained by Stokes’ theorem is actually the radial integration of E(q). So the so called
Stokes’ theorem is indeed not necessary to be mentioned and we can get exactly the
same results without this theorem, just using the standard way to separate the plane
integration into radial integration and spherical integration.

Counterexample. Actually we can give some counterexamples where the signal
follows the mono-exponential decay only in a local sense. For a Gaussian propagator
parameterized by tensor D, i.e. P(R) = N(R|27D), the ODF ®,, is

1 1
47 D] (rTD~11r)3/2

®,(r) =

See Appendix 5.8 for the derivations. This is for plan integral. For the disk integral,
we can still get the analytical formula, denoted by ®,,(r,gy), which is a analytical
function of go. Then if we have lots of DWI samples, the estimation result proposed
in [Tristan-Vega et al., 2010] will approximate to ®,,(r, go), because the data follows
mono-exponential decay.

104



Let’s assume the tensor D above does not change during [¢/2, =], and changes
arbitrarily in [0, go/2]. For example,

Dy if g € [q0/2, ) 1
D(g) = { %Do +(1- %)Dm if g € [0, g0/2) Djs = §Trace(D)I

where I is the identity matrix. It definitely satisfies the assumption of mono-
exponential decay around gy. In this case D(gy) = Dy, D(0) = D;,,, D(g) is continuous
in [0, o). Let @/ (r, g0) denote the ground truth for disk integration in this case, which
obviously does not equal to ®,(r, o) in Gaussian case. Now if we have lots of DWIs
without noise, does the estimated ODF @, (r) tend to the ground truth ®/,(r, go)? If the
assumption is correct, the answer will be yes. However, the answer is NO. Because
in this non-Gaussian case E(q) around ¢ is the same as E(q) in Gaussian case, ®/,(r)
will be @),(r, g9) = D, (r,qo) from the proposed method in [Tristan-Vega et al., 2010],
however in the non-Gaussian case ®/,(r, go) # D, (r, o).

Explanation of Results. As we have shown above, the assumption used
in [Tristan-Vega et al., 2010] is actually that E(q) follows the mono-exponential decay
inside the disk with radius ¢y and E(q) = 0 outside the disk. Note the results of disk
integration in [Tristan-Vega et al., 2010] slightly outperformed the plane integration
in [Aganj et al., 2010b]. If there is no noise, E(q) = 0 for ¢ > ¢¢ brings modeling error.
However in practice the estimated E(q) from limited number of DWIs with noise may
be more noisy in the area with higher ¢ value, thus forcing E(q) = 0 when ¢ > ¢o
may increase the robustness of the estimation. However, the final results from disk
integration are dependent on the noise level and the gy value. If ¢y is small, the es-
timated ODF may be much smooth due to the incomplete integration. If the SNR is
high enough, the modeling error of forcing E(q) = 0 outside the disk may have more
effect than the gained robustness.
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CHAPTER 5

ANALYTICAL SPHERICAL POLAR
FOURIER IMAGING

“Fourier is a mathematical poem.”
— William Thomson

“I have tried to avoid long numerical computations...”

— David Hilbert
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CHAP. 5: ANALYTICAL SPHERICAL POLAR FOURIER IMAGING

OVERVIEW

Based on the analysis in section 4.3, the sHARDI methods like QBI, exact QBI
and DOT always make strong assumptions in radial part of the diffusion signal, and
represent the signal or a specific function of the signal in S? by symmetric real spheri-
cal harmonic (SH) basis. In most published works, QBI was referred as an model-free
method, however QBI assumes a delta function decay of the signal. Exact QBI and
DOT assume mono-exponential decay which can not be assumed only in a local sense
as discussed in Appendix 4.7. The assumptions on radial decay conflicts with ex-
perimental MR signal, e.g. the radial decay of diffusion signal from erythrocytes in
Fig. 5.1(a). For the data in different shell, sHARDI methods obtain different results,
which means they difficultly handle multiple shell data. In order to avoid the strong
assumption in such kind of method, we may use 3D basis with both radial basis and
spherical basis to represent signals. In this chapter, we introduce such a method us-
ing 3D basis, named Spherical Polar Fourier Imaging (SPFI). SPFI represents the
signal with Spherical Polar Fourier (SPF) basis and obtains analytically EAP and its
various features like ODFs. Our work shows that it is easy to find an analytical ODF
and EAP estimation method, and we propose some possible estimation methods in
this chapter. To elucidate the relation, similarities and differences between methods,
we propose a general Analytical Fourier Transform in Spherical Coordinate (AFT-
SC) framework to incorporate sHARDI and mHARDI methods. We also propose some
criteria for evaluating different basis in different method.

Organization of this chapter:

First, the previous works by Dr. Assemlal on SPFI were reviewed in subsec-
tion 5.1.1, which includes the SPF basis, the least square estimation with regulariza-
tion, the numerical SPFI to obtain EAP and its features. Second, the analytical forms
for EAP, two kinds of ODF's and three scalar indices are given in subsection 5.2.2.
Proposition 5.1 proposed the analytical form of Fourier dual SPF basis (dSPF) which
is the Fourier transform of SPF basis. Proposition 5.2 shows that EAP is represented
under dSPF basis with the same coefficients of signal under SPF basis. Proposi-
tion 5.3 and 5.4 give the analytical form for two kinds of ODFs. Some implementa-
tion issues are discussed in section 5.1.3 which includes three independent steps in
Table 5.1. Two ways for scale estimation are proposed based on the typical ADC value
and fitting the GHOT model in Theorem 5.1. The prior E(0) = 1 is proposed to be con-
sidered in estimation, which improves largely the estimation results. Proposition 5.5
shows the effect of diffusion time 7 for the final results. In section 5.2.2, we propose
a general framework, named Analytical Fourier Transform in Spherical Coordinate
(AFT-SC), which incorporates most widely used sHARDI and mHARDI methods, i.e.
QBI, exact QBI, DOT, DPI, SHORE and SPFI. See Table 5.2. For QBI, we propose
another novel derivation of ODF in analytical QBI. We also propose the EAP in QBI
and demonstrate why EAP and ODF by Wedeen in QBI model are impractical. For
DOT, exact QBI and DPI, we proposed several variants to avoid their limitations.
For SHORE, we propose the correct form of SHO-3D basis and the analytical forms
of EAP and ODF's in proposition 5.6 and 5.7. Section 5.3 proposes some criteria for
theoretically comparing different basis in different method. These criteria include
completeness, representability, separation of spherical and radial parts, orthogonal-
ity. See Table 5.3. More comparisons between SHO-3D basis and SPF basis are given
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in Lemma 5.2, Theorem 5.2 and 5.3. The sHARDI and mHARDI methods are vali-
dated and compared by synthetic data, phantom data and real data in section 5.4.

5 1 ANALYTICAL SPHERICAL POLAR FOURIER IMAGING
° (SPFI)

5.1.1 Assemlal’s work: Spherical Polar Fourier Basis, Least Square
Estimation, numerical SPFI

Spherical Polar Fourier Basis

Spherical Polar Fourier Imaging (SPFI) was first proposed by Dr. Assemlal in [As-
semlal et al., 2008, 2009a; Assemlal, 2010]. It represents the diffusion signal E(q)
with Spherical Polar Fourier basis denoted by BS’IP’; F(ql¢) in Eq. (5.1), where Y '(u) is
the symmetric real SHs with even order [, degree m, G,(¢|{) is the Gaussian—Laguerre
function defined in Eq. (5.2), and ¢ is the scale parameter.

N L 1
E@=),). > amByr @) By (@) = Gu@l))Y)" () (5.1)
n=0 [=0 m=—I
2 2 1/2
= L@ |2
Gu(gl) = k() exp( 2§)Ln F) = [ RT3 /2)] (5.2)

For a given ¢, {G,(g|)} forms an orthonormal basis in L%([0, ), %), i.e.

fo GG (GOPdq = S (5.3)

2
because k,()LY 2(%) is an orthonormal basis in L2([0, c0), qze_q?). Thus the SPF basis

function set {G,(ql{)Y}"(w)} forms an orthonormal basis in L>(R?,1). So E(q) can be
always represented well by SPF basis with large enough N and L. If an appropriate
{ is chosen, N can be chosen as a small integer. An inappropriate £ needs a large N to
represent E(q). ¢ needs to be set by experience or estimated from data. How to set ¢
will be discussed in Section 5.1.3. Fig. 5.1(b) shows the first several basis functions
{Gn(gl0)} when an empirical value of ¢ = 714.29mm™? is used. The low order basis
functions exhibit Gaussian attenuation behavior, and the higher order basis functions
capture oscillating components of the diffusion signal. Fig. 5.1(b) demonstrates the
radial basis is appropriate to represent the diffusion signal decay which is a Gaussian
like function shown in Fig. 5.1(a).

The SPF basis BSIE’nF(qlg“) in Eq. (5.1) is actually the SHO-3D basis in Eq. (2.69)
when [ = 0 in radial part. The representation of E(q) using SPF basis and SHO-3D
basis will be theoretically analyzed in Section 5.3.

Compared to SHs normally used in QBI and other sHARDI methods, SPF basis
is a orthonormal basis in whole R? by considering radial basis G,(g), which avoids
strong assumptions in radial decay of E(q). That is the main merit of representing
E(q) using SPF basis.
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(a) Diffusion signal decay curves for water in  (b) The radial parts of several SPF basis func-
suspensions of human erythrocytes as a func- tions with scale parameter ¢ = 714.29mm™>.

tion of ¢ value at different hematocrit [Kuchel

et al., 1997].

Figure 5.1: Comparison of an experimental plot of MR signal decay (a) and the radial part
of SPF basis (b).

Least Square Estimation with Regularization

Because SPF basis is a 3D orthonormal basis, if we know the continuous representa-
tion of E(q) in whole q-space, then the coefficients {a,;,,} will be

anim = (E(qQ), BXX¥ (ql0)) = fR E@Gn(ql)Y]"(w)dg

which is the solution of the following continuous least square estimation problem:

/

N L 2
{min fR 3 (E(q) - Z Z Z anlmGn(qlé)Y,’"(w) dq (5.4)

i} n=0 1=0 m=—1

If we know exhaustive number of samples of E(q), this inner product can be approxi-
mated by numerical integration. Then the approximated signal will be

L 1

N
Ew=>"Y S amGiaorya (5.5)

n=0 [=0 m=-1

L N\2
Then the approximation error, i.e. MSE, &3 (E (q) - E(q)) dq will converge to zero as N
and L increase. So N and L should be as large as possible.

However in practice we do not know the continuous representation of £(q), and we
do not have exhaustive number of samples. Our goal is to estimate {a,,;,,} from limited
number, say Ny, of samples {E,-}?i‘l. The samples {£;} are normally contaminated by Ri-
cian noise and other acquisition noise, which makes the estimation more difficult. In
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practice we consider the following classical discrete least square minimization prob-
lem with given N and L:

Ny

f N L I 2
min " (Ei -2 2.2 anlmGn(qiw)Y;"(ui))
=

{anlm} i=1 n=0 [=0 m

The above problem can be written in matrix formulation. Denote the coefficient vector
by A = (ao0,- - >anie)’, the signal sample vector by E = (E|,---,Ey,)!, the basis
matrix by Mspr in Eq. (5.6) which is a Ng by (N + 1)(L + 1)(L + 2)/2 matrix.

Go(ql)Ygm) -+ Gn(ql)YF(uy)
Mspr = : : (5.6)
GO(qNslg)Y(())(uNé) e GN(qNalé/)YLL:(uNA) NyX(N+D(L+1)(L+2)/2

Then the solution of the discrete least square minimization is
A= (MgpFMSPF)_lMgpFE

This kind of least square has been already used extensively in sHARDI meth-
ods [Alexander et al., 2002; Frank, 2002; Ozarslan and Mareci, 2003].

Since the DWI data are quite noisy especially at high b values, it is better to add a
regularization term in least square estimation. Laplace-Beltrami regularization has
been successfully used in QBI which shows significant improvement than no regu-
larization and simple Tikhonov regularization [Descoteaux et al., 2007]. It has been
reported that Laplace-Beltrami regularization is also very useful in other methods
on spherical data [Descoteaux et al., 2006; Prckovska et al., 2008; Tristan-Vega et al.,
2010]. Thus Dr. Assemlal propose a similar regularization term as A’ AA, where A
isa(N+ 1)L+ 1)(L+2)/2by (N + 1)L+ 1)L+ 2)/2 diagonal matrix with the diagonal
element as A, = L2+ 12 + 4,n%(m + 1)2.

AOOO ce 0
A= = o A= APA+ D2+ 40P+ 1) (5.7
0 ce ANLL

The regularization has two parts wighted by A; and A,,. The spherical part 4,2(1 + 1)
is just the Laplace-Beltrami regularization in spherical basis {Y}"(u)}, which penalizes
high frequency of spherical basis. The radial part A,,n>(n + 1)> penalizes high order of
radial basis which is analogous to Laplace-Beltrami regularization in spherical part.

Thus the final cost function in least square estimation with regularization is

N, N L 1 2 N L 1
min »" (Ei— > an,mGn(qi|§>Y;"(ui)) 252, D G lSuim = min [E-MsprAlP+ATAA
{anm} 455 n=0 1=0 m=—I n=0 1=0 m=—1

(5.8)
Then the solution is
A = (ML, -Mspr+ A 'M} o E (5.9)

Dr. Assemlal showed in [Assemlal et al., 2009a] that diffusion signal E(q) can be
reconstructed well by the least square estimation with the only first several SPF
basis functions if appropriate , 4; and A, are set.
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Dr. Assemlal also proposed another nonlinear robust estimation which considers
the Rician noise [Assemlal et al., 2009a]. In this chapter, we are only interested in the
least square method with regularization, because least square method is also used in
QBI [Anderson, 2005; Hess et al., 2006; Descoteaux et al., 2007], exact QBI [Canales-
Rodriguez et al., 2009; Aganj et al., 2010b; Tristan-Vega et al., 2009; Tristan-Vega
et al., 2010], DOT [Ozarslan et al., 2006] and DPI [Descoteaux et al., 2009, 2010].
It will be a fair comparison in experimental part if all methods use the least square
estimation. Moreover, we suggest that the Rician correction can be performed directly
on the DWI data as a pre-processing step [Descoteaux et al., 2008b; Tristan-Vega and
Aja-Fernandez, 2010].

Numerical SPFI

After the coefficient A is estimated, we have a continuous representation of the signal
in Eq. (5.5). However, since the diffusion signal E(q) in q-space does not explicitly
shows much meaningful biological information on surrounding tissues, we need to
extract EAP or its feature from E(q).

Dr. Assemlal proposed an inner product method to estimate various EAP fea-
tures [Assemlal et al., 2009a; Assemlal, 2010]. He represented the EAP feature G(k)
in a general form as the inner product between EAP P(R) and a given Hk(R), where
k € M and the domain M can be R!, S? or R>.

Q(k):f P(R)H(R)dR (5.10)
R3

various EAP features can be represented in this form. For example, the ODF by Tuch
can be represented as

®,(k) = f B P(RK)dR = f P(Rr)5(1 — k" r)dR
0 R3

Thus Hx(R) = 6(1 — kr) for ®,(k). The Fourier transform of the kernel Hy(R) in R-space
is hk(q) in g-space. If we can calculate the SPF coefficients {hlrilm} of hk(q), then based
on the property of Fourier transform and the orthonormality of SPF basis, we have

0o o0 1
Gk) = fR PRH(R)R = fR E@h(@da= ) > ) aunlty,  (5.11)

n=0 [=0 m=-1

Note the summation is up to infinity, because normally the kernel with delta func-
tions cannot be represented by finite SPF basis. However, if E(q) is represented by
SPF with N and L, the summation is up to N and L based on the orthonormality of
SPF basis. The whole process of this inner product method can be summarized in
Fig. 5.2.

Since the coefficients {hlr:lm} need to be calculated for each k € M, this method is
time consuming. For k € S? or R3, Dr. Assemlal proposed to calculate the coefficients in
one direction, e.g. z-axis, then the coefficients in other directions can be analytically
calculated from the coefficients this fixed direction based on the rotation property
of spherical harmonics [Assemlal et al., 2009a]. This implementation significantly
accelerates the estimation process.
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Figure 5.2: Overview of the inner product method for the computation of an EAP feature
G(k), where iFFT means inverse Fast Fourier Transform, which can also be solved analytically
in some kinds of kernels [Assemlal et al., 2009a; Assemlal, 2010]. This figure is from the slides
by Dr. Assemlal for his thesis defense.

Projection

In order to calculate the coefficients h';lm of the kernel i (q) in a fixed direction, [As-
semlal et al., 2009a] proposed to use numerical integration, while [Assemlal, 2010]
analytically found the coefficients of some kinds of kernels, e.g. RTO, exact ODF by
Tuch ®,(r), ODF by Tuch using FRT. However these formulae of the analytical ker-
nels in [Assemlal, 2010] have some problems which makes the final EAP features are
incorrect. Please see the following subsection for the details.

This inner product method proposed by Dr. Assemlal has the following drawbacks.

e For the EAP P(R), this method does not give a continuous mathematical formula
to represent P(R) in R-space. The coefficients of the EAP profile P(Ryr) with
fixed R = Ry and fixed direction r = k still need to be calculated in numerical
integration. After we estimated EAP profile P(R¢r), for another radius R = Ry,
the coefficients of the EAP profile P(R;r) need to be calculated again via the
numerical integration.

e For ODFs, the analytical results of exact ODF by Tuch ®,(r) and the original
ODF by Tuch using FRT in [Assemlal, 2010] are problematic, and [Assemlal,
2010] did not give the analytical result for ODF by Wedeen ®,,(r). Actually the
kernel ik(q) of @,,(r) is so complex that @, (r) can not be represented as an simple
inner product as fR3 E(Q)hk(q)dq. See the following subsection for details.

e In general, the kernel /x(q) is not easy to be analytically obtained from Hy(R),
which is the main reason why some important analytical formulae of /i (q) and
its SPF coefficients are wrong in [Assemlal, 2010].

5.1.2 Analytical Spherical Polar Fourier Imaging

After the SPF coefficients {a,;,,} for E(q) are estimated, the next step is to estimate the
EAP and its features from the pre-estimated {a,;,,}. Dr. Assemlal proposed a good least
square method in the estimation of SPF coefficients, and an inner product method in
the estimation of the EAP and its features, where the coefficients for kernels need to
be calculated numerically.

In this subsection, we propose the analytical results of the EAP and its features
from pre-estimated SPF coefficients.
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Fourier dual SPF (dSPF) basis and Analytical Form of EAP profile

Theoretically, since E(q) is fully represented by {a,;,} and is related with P(R) by
Fourier transform, the EAP P(R) and its various features are still fully determined
by {a..,}. We proved that there are some linear, analytical transforms to obtain the
EAP P(R) and its various features from the pre-estimated {a,;,}. Our method is close
in spirit to the methods in DOT [Ozarslan et al., 2006] and DPI [Descoteaux et al.,
2009]. Adding a strong assumption (in DOT) or choosing a good representation of
E(q) (in DPI, SHORE and SPFI) will dramatically simplify the Fourier transform
in Eq. (4.24). By considering the plane wave equation in Eq. (5.12), which is Eq. (2.53)
with q vector and R vector,

l

cos2rq"R) =47 > " (~1)2ji2rgR)Y}" (W)Y} (x), (5.12)
1=0 m=-1

we first propose analytically the Fourier dual SPF (dSPF) basis which is the Fourier
transform of SPF basis.

Proposition 5.1 (Fourier dual SPF basis). The Fourier transform of BSEF(q|0),

nlm

named as Fourier dual Spherical Polar Fourier (dSPF) basis, is B:ZifnPF(ng) _
Fu(RIOY]'(r), L.e.

def ZIG

nlm

FGn(ql))Y]" (W)} = Fu(RIOY)"(r), R =Rr (5.13)

where

LSS SR () <A (n+ 0.5\ (- 1) 05041415 2i+1+3 3,5
Fu(RIZ) = —= 2005 04+i+1.5) F 1 (———: [+; —21°R
(RO = = Ara+ 15) Z n—i | i Okl F(——==: b5 2R

(5.14)

The dSPF basis is an orthonormal basis in real symmetric function subspace in
L*(R3, 1).

The proof can be found in Appendix 5.6. Although the radial part of dSPF basis
Fn(R|0) looks complex, it also has a Gaussian-like decay as the radial part of SPF
basis. Please see Fig. 5.3 for F,;(R|¢) with typical scale ¢ = 714.29mm™2. Based on the
above proposition, the EAP is represented by dSPF basis with the same coefficients

{@nim}-

Proposition 5.2 (Analytical EAP represented by dSPF basis). If E(q) is repre-
sented by SPF basis as E(q) = ZN 0 Zz 0 Zm——l anmGn(ql0)Y]"(w), then the EAP P(R) is
analytically obtained by dSPF basis as

N L i
PR)= > > > aunFuROY(x), R=Rr (5.15)
l

=0 =0 m=—

S

where F,(R|)) is in Eq. (5.14).
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Figure 5.3: The radial parts of several dSPF basis functions with scale parameter ¢ =
714.29mm™>

Proof. This proposition is a straightforward result of Proposition 5.1, because

FE@) = Z Z Z i Ga(glO) Y} (W)

n=0 1=0 m=-1
L 1
=3 Z anim F 1Ga(qlO)Y ] (W)

l

m=—

L 1

0
2 Z i Fu(RIOY'(r)
0

=0 m=—

M= 1=

3
Il
(=]

O

Thus we have a continuous representation of P(R) represented by dSPF basis with
the coefficients {a,;,}. The EAP profile P(Ror) with radius R, can be represented as

L 1 N
P(Ror) = > ) (Z anlanz(RoM))Y;n(l‘) (5.16)

1=0 m=-1 * n=0

which is represented analytically by SHs with the coefficient in Eq. (5.17), denoted
by ¢ (Ro).

N
(R0 = " amFu(Rold) (5.17)
n=0

Now we obtain the linear transform from {a,;,} to {c;,} for EAP profile P(Ror) with
given radius R = Ry, which could be implemented as an matrix multiplication. Please
note the following important differences between SPFI and DOT. Here our transfor-
mation is independent with the data, since f,,;(Ry) is just dependent on ¢ and Ry. Once
we give a radius Ry and the basis scale /, we have the transform. While in DOT,
the transform is dependent on the ADC value of data. Similarly with the appendix
in [Ozarslan et al., 20061, here the confluent hypergeometric function | F; could also
be analytically separated into some more simple terms. However in practice we im-
plemented | F; in C++ with some scientific library, e.g. GSL' or std::tr1%. If the scale

Thttp://www.gnu.org/software/gsl/
2http://en.wikipedia.org/wiki/C++_Technical Report_1
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parameter ( is set as the same value, the transform matrix just needs to be calculated
only once for all voxels. While in DOT, the transform that contains ;F; needs to be
calculated in each voxel. In SPFI, P(Ryr) and P(Rr) with different radii Ry and R,
shares the same coefficients {a,;,}, thus we just need to estimate {a,;,} once for differ-
ent EAP profile with different radius. While in DOT, even if we have estimated the
EAP profile P(Ror), we need to perform the estimation again for another EAP profile
P(Rir) with another radius R;.

An important similarity with DOT is that if we just choose N = 0 in radial part, our
transform will be the DOT, which could be seen from Eq. (5.17) and Eq. (5.14). That
is understandable because the order O of the radial basis follows mono-exponential
decay used in DOT. However, in SPFI we should use N > 1 to describe anisotropic
decay, because the SPF basis with N = 0 in Eq. (5.1) only can represent isotropic
EAP. We will explain it in two aspects later in estimation of ¢, (r) in the following
subsection and the estimation of {a,;,} with E(0) = 1 consideration in Section 5.1.3.

Analytical Forms of Orientation Distribution Functions

In this subsection we would like to deduce the elegant analytical solutions for these
two kinds of ODF's from the estimated SPF coefficients {a,;,}. It has been shown in
subsection 4.3.4 that the radial integral of P(Rr) along direction r in R-space is equiva-
lent to the integration in the plane II; in q-space which is orthogonal to r [Aganj et al.,
2010b; Tristan-Vega et al., 2010; Canales-Rodriguez et al., 2009]. See Proposition 4.1
and Eq. (4.64), where A, is the Laplace-Beltrami operator.

We also give the results of the integration in a given disk II, ¢ with the radius C.
In Eq. (4.64), the integration ®,(r) gives the same weight for E(q) with large ¢ and for
E(q) with small q. However, if we have the data with several b values, the error of
estimated signal £(q) will be small if ¢ is between these b values and will be large if
q is larger than all b values. Thus if an approximate C is given, the disk integrations
®,(r,C) and ®,,(r, C) may have better angular resolution than plane integrations ®,(r)
and ®,,(r) [Tristan-Vega et al., 2010].

The following two propositions give two kinds of estimations by plane integration
and disk integration respectively for ®,(r) and ®,,(r). Their proofs are in Appendix 5.6.

Proposition 5.3 (Analytical ®;(r) represented by SH basis). If E(q) is represented

by SPF basis as E(q) = YN o X1 b aumGn(gl)Y"(w), then the ODF by Tuch ®(r) is
analytically obtained by SH basis as

L l
O =), ) m, o = ZZM@( ; 5)(—1)”"'Pz(0>anzm (5.18)

=0 m=-1 n=0 i=0

The disk integration with radius C for ®,(r) is analytically given as

L 1
0.5\ (-2
O,r,C) = >0 Y pOYE), (€)= Z an(g)(” § )( i+ 1,05C1OP OV
1=0 m=-1 n=0 i=0
(5.19)
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Proposition 5.4 (Analytical © (r) represented by SH basis). If E(q) is repre-
sented by SPF basis as E(q) = ZN 0 Sk 0 Zm_—l animGn(ql))Y]"(w), then the ODF by Wedeen
®,,(r) is analytically obtained by SH basis as

1 +0.5
m-ZZ YO, e = o ZZ( 1y n@)(” ) = PiO)(=D(I+ 1)t

=0 m=-1 n=1 i=1
(5.20)
The disk integration with radius C for ®,(r) is analytically given as
L 1
D,(r,C) = D Y pOY(r) (5.21)
=0 m=-1
1 & 0.5\2
500 - 2
(€)= \/_ S~ % Z Z] -1 Kn<c>( )ﬁy(z,o.sc JOPO)YI)I + D

Now we have two estimators for ®@,(r). One is the integration in the whole plane,
which is similar with [Aganj et al., 2010b], and the other one is the integration in
a given disk, which is similar with [Tristan-Vega et al., 2010]. However, the mono-
exponential decay model was assumed during the disk in [Tristan-Vega et al., 2010]
as discussed in Appendix 4.7, and in the whole plane in [Aganj et al., 2010b], so that
the radial integration can be estimated from single shell data in the circle with radius
g = qo. While our method does not need any assumption on the data and it can handle
the data in different shells thanks to the radial basis in SPF basis.

Moreover please note three important points in the formulae above.

e First, we obtain the exponential integral E(x) in the derivation process, but it
is negligible. While in [Tristan-Vega et al., 20101, it is indispensable.

e Second, Eq. (5.21) and Eq. (5.20) tell us that at least order 1 of G,(¢|{) is needed
to represent an anisotropic ODF. That is true because if we just use the radial
basis of order zero, i.e. n = 0, it is easily seen that the estimated signal is just an
isotropic one, which means the estimated ODF is isotropic. Thus we need to use
at least n = 1 to obtain a reasonable results, which explains why we need to set
N > 1. In order to estimate the coefficients well, it is better to use the data from
more than one shell, although our methods can be performed in single shell
data. This will be revisited later.

e Third, for single shell data, the radius C can be naturally chosen as the ¢, value
of the sampled shell [Tristan-Vega et al., 2010]. However, in multiple shell data,
how to choose an approximate C for ®,,(r, C) and ®,(r, C) is still unknown and out
of the scope of this thesis. Since the improvement of ®,,(r,C) in [Tristan-Vega
et al., 2010] over @,,(r) in [Aganj et al., 2010b] is very subtle [Tristan-Vega et al.,
2010], in this thesis we just consider the ®,,(r) and ®,(r), not ®,,(r,C), O,(r, C).

Analytical Forms of Scalar Indices

Return-To-Origin (RTO) probability. In SFPI, we can easily estimate Return-
To-Origin (RTO) probability from Eq. (5.1), or by setting Ry = 0 in Eq. (5.16). These
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two ways are equivalent. Considering Eq. (2.83) [Gradshteyn and Ryzhik, 2007] and
i Y/"(w)du = V4ns(?, we have

Im’

ro= [ Ewda= | 33 S an G g

n=0 [=0 m=-I
N L 1
= Z > Z Qi { f G (q|§>q2dq} { f Y;"(u)du}
n=0 [=0 m= 0 §?

u T(n+1.5
: \/%Z(—D"Kn(g)g”%anm

n=

= 4 g Z( 1)”\/M0n00 (5.22)

Note if we set Ry = 0 in Eq. (5.16), we obtain the EAP profile F,,;(0|{)Y;"(u) which is a
spherical function represented by SH basis. However, it is easy to verify that

Fu(0l0) =0, ifl>0

which means this EAP profile at R = 0 is an isotropic spherical function whose value
is the same in Eq. (5.22).

Mean Squared Displacement (MSD). Mean Squared Displacement (MSD) de-
fined in Eq. (4.45) [Wu and Alexander, 2007] is used to describe the average
diffusivity. Since E(q) and P(R) are related by Fourier transform in Eq. (4.24),
- AE(q) and R?P(R) are also related by Fourier transform. By considering E(q) =
Yonim AnimGn(qlO)Y]"(w) we have

MSD = f P(R)R%dR = —iAE(q)|
4n? q=0

1 (10*qE
:_4n2(q(?)T(q» —V HE(q ))l . (5.23)
_ 1 2G1 Ym Gu Ym 1 G l l 1 Ym
__ﬁ(%;anlm(g AAOY W) + GGOY] W) + SO+ i)
(5.24)
1
=15 Z<3+ 5D+ DG @Y W) (5.25)
kn(0) 372 12
~ = 252 ann = 2~L5 0+ L 0) (5.26)

From Eq. (5.23) to Eq. (5.24), we use the properties of SH, V,Y"(u) = (=)(! + DY}"(u).
From Eq. (5.24) to Eq. (5.25), we consider E(0) = 1, G,(0|¢) = 0 and keep performing the
L'Hopital’s rule. Please note that in Eq. (5.25) we actually obtain a spherical function
for ¢ = 0,Vu € S?, while MSD is just a scalar value. If the SPF basis represents E(q)
without numerical error, the spherical function should be isotropic with the same
value for u € S2. However, our experiments showed that this spherical function is not
always isotropic in practice, probably because the proposed MSD estimator uses the
second derivative which is not very stable with the estimation error of {a,;,}. So we
use the mean of the spherical function as an approximation of MSD, which is shown
in Eq. (5.26), where we denote LE/IZ(O) =0
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Generalized Fractional Anisotropy (GFA) for EAPs. In dMRI, the data in each
voxel is normally a coefficient vector which has some complex biological meaning. It
is useful to extract some scalar measurements from the complex coefficient vectors.
In clinical study, various brain pathologies may be best detected by measuring the
diffusion anisotropy. In DTI, the Fractional Anisotropic (FA) of tensor D is defined as

V3|ID - 1 Trace(D)I]|
V2|D||

where I is the identity matrix. FA is actually normalized ¢, distance between the
given tensor D and the nearest isotropic tensor %Trace(D)I. In QBI [Tuch, 2004],
FA was generalized from tensor to ODF. For a given ODF ¢(u) GFA is defined as

:;ﬁ((i((l:l)))) [Tuch, 2004]. In discrete case, it is given in Eq. (4.61). If we use SH to

represent ¢(u), i.e. ¢(u) = Z,L: 0 an:_l cimY}"(w), then the GFA is

2
J 1— _ G0
L l 2
Zl:O Zm:—l Clm

which is actually still the normalized ¢, distance between the given ODF ¢(u) and
the nearest isotropic ODF cong(u). Please note that the GFA for ODF's actually
could be directly used for any function defined in S>. For example, GFA can be used
for EAP profiles [Cheng et al., 2010b]. Thus we call it as GFA for spherical func-
tions. However, to our knowledge so far there is no counterpart for EAPs which are
functions in R3. Although we can calculate GFA for given EAP profile with radius
Ro, this kind of GFA can not describe the anisotropy in whole R-space. Moreover, it
is not unique for a given EAP, because different radius Ry has different GFA. Here
we proposed GFA for EAPs, which is defined as the normalized ¢, distance between
the given EAP P(R) to the nearest isotropic EAP. In general case, the EAP P(R) is
isotropic if and only if P(R) = F (R)Yg(r), where F(R) can be any nonnegative definite
function. Thus for any general EAP P(R), its nearest EAP is

Piso(Rr) = ( f P(Rr)Yg(r)dr) Yo(r) = L f P(Rr)dr
S2 ar S2

which is the solution of minimization

. 0 2
min IP(R) — F(R)Y, (w)]|

Note that the integration of Py, (Rr) is one and Pjs(Rr) > 0 because P(Rr) > 0. So
Piso(Rr) is indeed an EAP. Then the GFA for EAP P(R) is defined as

(5.27)

2
— J o ||( Jeo PROY (x)dr) Yg(r)”
PRI

where || - || is the standard ¢, norm in L?(R°,1). The GFA for EAPs is naturally
normalized in [0, 1]. Mathematically all isotropic tensors/ODFs/EAPs form a linear
space (rigorously a convex space because of some biological constraints), the GFA
for tensors/ODFs/EAPs is defined as the normalized projection distance. Please note
that this concept of GFA for EAPs can have different implementation in different
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HARDI methods. That is because in different HARDI method the representation of
the nearest isotropic EAP is different. In SPFI, for any given EAP represented as
PR) =N st 5! aumBSSPF(R), its nearest isotropic EAP is

N

D" @Bl T (R)

n=0

So in SPFI the GFA for EAPs is defined as the normalized ¢, distance as

N 2

_0a

GFA = 41— - ZZ'—O o (5.28)
2in=0 24020 izt Do

5.1.3 Implementation Issues
Three Steps

The implementation of SPFI includes three steps, where we have demonstrated above
the analytical forms for the third step.

1. The first step is to estimate the scale parameter ¢ in the SPF basis used in the
following steps.

2. The second step is to estimate SPF coefficients {a,;,} from the signal samples
{E(q,)}. These coefficients are also the coefficients of EAP P(R) under dSPF basis.
This is the estimation step with estimation error.

3. The third step is the linear analytical transforms proposed above from {a,;,} to
{cim} of EAP profile and ODFs, and to scalar indices, which is actually indepen-
dent of the first two steps. The whole estimation error is just from the first two
steps, since the third step is analytical and compact.

Note it is possible to incorporate the first two steps into one step which estimates both
{aum} and ¢ simultaneously from the signal samples {E(q;)}. However we separate it
into two steps, which has good efficiency and property.

Estimation of Scale Parameter

The SPF basis {lef:n F(ql¢)} forms an orthonormal basis in the real symmetric function
subspace in L>(R’,1). If N and L are large enough, we can use SPF to represent
the signal with any given representation MSE, no matter how the ¢ is. However,
for a given representation MSE, an appropriate ¢ can let N and L be chosen as small
numbers as possible. In practice, the N and L can not be chosen as very large numbers
due to the limited number of signal samples with noise. Thus the scale parameter ¢
is crucial for estimation results. There are several possible ways to set .

e [Assemlal et al., 2008, 2009a] proposed an experimental strategy for /, which
is dependent on the radial truncation order N. However, we think the scale
parameter should be an intrinsic property of the signal which is just dependent
on the signal, not on the basis order.
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e [Assemlal et al., 2009b; Assemlal, 2010] considered to set £ based on the esti-
mated ADC, which we also considered in [Cheng et al., 2010a,b]. Consider an
isotropic Gaussian signal as E(q) = exp(—4n%>7¢”>D). Then if we set

1

= 8721D (5.29)

¢

E(q) = exp(—g—z) « Go(qld), then we can use only the first basis Bg&F(qlg) =

Go(q|§)Y8(u) to represent it. So the idea is to fit the signal with an isotropic
tensor model, then set ¢ based on the ADC D. Note this setting is not optimal,
because it minimizes the following cost function

) 2
min [|E(q) — a000Go(gl{) Y (w)|* = min f (E(q)—exp(—"—)) dq (5.30)
¢ ¢ Jrs 2L

where agoo Yg(u) = 1 because E(0) = 1. However if E(q) can be represented without

error by
N. L. 1

E@=) > ay,Gulqlt)Y] (5.31)

n=0 =0 m=-1

and a,qo # O for at least one n > 0, then the solution of Eq. (5.30) is not /.. That
is because we do not consider infinite terms in Eq. (5.30).

e We proposed in [Cheng et al., 2010a,b] to set the scale ¢ as an typical ADC in

brain, i.e.
1

Do =0.7%x 107 mm?/s, (= — 5.32
0 % mmfs, ¢ 821Dy ( )

Then if 7 = 1> = 0.02533s the typical scale { is
= 714.29mm™? (5.33)

¢= 8121 Dy

which has been used in Fig. 5.1(b) and will be used in Chapter 6. If / is set
by Eq. (5.32), every voxel shares the same scale and the same basis set, which
is more efficient and makes Riemannian framework in Chapter 6 computable.

e Another possible solution is to minimize the following cost function with respect
to both a,;,, and ¢ for chosen N and L.

2

N L 1
e |0 nimGrim(GIOY]" 5.34
e Z;;Zlaz (@l Y (W) (5.34)

This is to incorporate the first step into the second step. The cost function can
be minimized via an iterative process.

1. Set an initialization for ¢, which can be set from a typical Dy or from the
fitting of the isotropic tensor model.

2. Loop the iteration process until convergence. When ¢ is fixed, the coeffi-
cients of {a,;,} are analytically represented by matrix multiplication. When
{aum) are fixed, ¢ can be updated by a classical gradient descent method.
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The final solution of { is not guaranteed to be the global minimum, and even
the global minimum of above minimization is still not guaranteed to be the true
value /. unless N, in Eq. (5.31) is less than N. Moreover, the estimation is time
consuming since the iterative process needs to be performed in each voxel.

In order to estimate the scale value, we first define the Spherical Polar Non-
Polynomial (SPNP) basis and Generalized High Order Tensor (GHOT) model.

Definition 5.1 (Spherical Polar Non-Polynomial Basis and Generalized High
Order Tensor Model). Spherical Polar Non-Polynomial (SPNP) basis is defined as

B () = exo [~ L) (L) ¥ (5.35)
nlm q p 24‘ é’ i '

Generalized High Order Tensor (GHOT) model is defined as

N L ) 2\
q
E(q) = exp|— bnim (—) Y (u) (5.36)
where {Y]"(w)} are the real symmetric SHs, { is the scale parameter. For given diffusion
time 1, the pseudo-ADC of GHOT model denoted by D, is defined as the coefficient of
An’tg?, i.e.

_ bio

Please note the following things for SPNP basis and GHOT model.

° {BSPNP

. (Al0)} is a basis of the symmetric real function subspace in L2(R3, 1), be-

cause {exp (—g—z)(é)n} is a basis in L?([0, o), ¢%) and {Y]"(w)} is an orthonormal

basis in symmetric real function subspace of L.?(S?, 1). Thus for any given E(q),
the representation error converges to zero as N and L increase.

e For given N, the function space spanned by polynomial basis {¢*"}o<n<n restricted

in [0, o) is the same space spanned by {L}/ 2(”—;)}05,,51\/, VY¢. Thus for given N and

L, the SPNP basis set {BSPNP(qlg)}OSnSN,OgsL forms the same space as the SPF

nim

basis set {BSII:,ZF((M )o<n<N,0<i<L-

e In GHOT model, the index n start from 1, because the prior E(0) = 1 means
boin = 0 if n starts from 0. When N = 1, GHOT becomes the HOT model with
tensor order L, because the space spanned by HOT basis with order L is the
same space spanned by SHs with orders no more than L. See Theorem 4.1.
When N =1 and L = 2, GHOT model is the DTT model.

e In GHOT model, the ADC is represented by the basis {(‘2_2)" Ylm(“)} that is a basis

of L>(R?,1). Thus GHOT representation is model-free, which can represent any
E(q) € L’(R3,1). The pseudo-ADC is the isotropic quadratic part of ADC.

e Actually the scale parameter ¢ can be put into {b,;,} in both SPNP basis and
GHOT model. ¢ is only set for reducing the numerical error when estimating
the coefficients of polynomial basis. For the estimation of the coefficients from
DWI samples, the scale ¢ is set as 0.5¢2,,, in practice, where g, is the maximal
g value of the measured E(q).
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With the definition of GHOT model, we have the following theorem which is useful
to set the scale parameter / in SPF basis. See Appendix 5.6 for the proof.

Theorem 5.1 (Set the scale in SPF basis via GHOT model). When using SPF
basis to fit the diffusion signal attenuation represented by GHOT model as E(q) =
exp (— DR I > —_1buim (Z—?) Yl’"(u)), if bigo > 0, the optimal scale parameter ¢ of SPF

basis for any given L and large enough N is

_avr_ 1

= 5.38
b100 87T2TDP ( )
In other words, define the representation MSE for any given L and N as
N L 1 N L 1 2
MSEni(0) = [|E@ = Y. > D" aunGalgll)Y]" (w) f E@-> > > an,mGn<q|§)Y,’"<u>) dq
n=0 =0 m=-1 n=0 =0 m=-1
(5.39)
then the limit
obtains its global minimal value when ¢ = b]?)of'

Note the global optimal value in above theorem is for infinite radial terms. That
is what we want as discussed above on the limitations of other solutions. Based on
this theorem, we can first fit the signal samples using GHOT model with ¢; = 0.5¢2,,,
in practice, then set £ based on the first coefficient ;). Note although

_ {1 ‘/7_1' _ Osql%wx\/%

bioo bioo

¢ is actually independent of ¢, because ¢/ is used to reduce the condition number of
the basis matrix for large N and b g the real coefficient for the basis qZYO(u) Like
HOT model the estimated coefﬁments {bm) In GHOT model are dependent on order
N and L in Eq. (5.36). The estimated ADC is sensitive to the order N and L. However
we do not need to estimate ADC well, what we need is only by for scale ¢ in SPF
basis. Fitting GHOT model can be formalized to a least square problem as

rr})in IInE + Mb||* (5.41)

where In is element-wise logorithmic operator performed in E, M is the basis matrix

generated from basis {(?—?)n Yl’"(u)}, and b = (bioo, - -+ ,byzz)T. Thus

=M"M)"'"M" nE (5.42)

Note the setting of ¢ based on GHOT model fitting is in spirit an ADC modeling,
which is a generalization of previous setting based on isotropic tensor fitting. If signal
samples are obtained from multiple shells and in each shell the samples are evenly
distributed in S?, then the scale ¢ by the least square fitting in Eq. (5.41) with N and
L is equivalent with the least square fitting with N’ = N and L’ = 0, which is just the
isotropic Gaussian function fitting in Eq. (5.30) when N = 1. That is because based on
the orthogonality of SH basis, the columns of basis matrix M are orthonormal to each
other. So the isotropic Gaussian function fitting is a specific case of the GHOT model
fitting.
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Least Square Estimation with the prior F£(0) = 1

The estimation of {a,;,} is done in the second step, which has several choices. [Assem-
lal et al., 2009a] proposed two methods to estimate {a,;,}, a linear least square fitting
with regularization in the radial and spherical parts, and a non-linear variational
optimization process, which considers the Rician noise and spatial information. We
suggest that the Rician noise removal could be performed directly on the DWI data
as a pre-processing step [Tristan-Vega and Aja-Fernandez, 2010; Descoteaux et al.,
2008b], although in our experiments, in order to perform fair comparisons of meth-
ods we did not perform any Rician noise removal. In this chapter we choose the least
square method in the second step which is known to be faster. Note even in such a
simple least square estimation, there is an important issue which needs to be consid-
ered carefully.

In order to reduce the estimation error in this step, we need to consider the prior
of E(0) = 1 in the estimation. When E(q) is represented by SPF basis in Eq. (5.1), we

have
E©0) = Z Z Z aninG(0)Y]" (w) = Z Z Z dnintn( )Y (W) (5.43)

n=0 [=0 m= n=0 [=0 m=-I[

Note that E(0) in the above formula is a spherical function, not a scalar value. That
means the function under SPF representation is not continuous when q = 0, unless
we add some constraints in {a,;,} such that E(Ou) is an isotropic spherical function.
Moreover normally when we have N; DWI images, the basis matrix in Eq. (5.6) is gen-
erated from these Ny samples, then the solution of least square problem in Eq. (5.8)
has no guarantee that the estimated signal satisfies the prior E(0) = 1.

In our previous studies [Cheng et al., 2010a,b, 2011b,c; Caruyer et al., 2011; Mer-
let et al., 2011], we considered an artificial sampled shell at ¢ = 0, such that the least
square problem in Eq. (5.8) becomes

min||E ~ Ms prAIP + wEQ — M) AIP + ATAA

where E© is an artificial data vector (1,1,---, 1)” with dimension N'°. Méoi),F

(0)
ated in Eq. (5.6) from N§°) directions {u j}?ﬁl and g = 0, w is a weight between the term
with real DWI samples and artificial samples in the shell with ¢ = 0. Then the new
least square problem is equivalent with

is gener-

min [E - My AP + ATAA, ' = (WE(O)),M;PF = (Wl‘gé‘g}i) (5.44)
Then the final solution is
= (Mg ppMpp + N Mo B
In practice, we choose {u ]} as 81 evenly distributed vertices of a tessellated icosa-

hedron in a hemisphere. Normally w = 1 works well in most cases. If the number of
DWI data are large and SNR is very low, w needs to be increased. In practice, w € [1, 5]
works well. Note w can not be too large, otherwise the condition number of M}, will
be large.
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Here we propose a new way to consider the constraint E(0) = 1. Based
on Eq. (5.43), E(0) = 1 means

N
D aunGu(0) = Vars), 0<I<L-I<m<I (5.45)
n=0

which are (L + 1)(L + 1)/2 equations that should be satisfied by (N + 1)(L + 1)(L + 1)/2
unknowns {a,;,}. If N = 0, A can be solved by Eq. (5.45) such that

Var
anoo = Go0)’ aom =0,YO<I<L,-l<m<l
So the estimated signal is
= Var 0 Go(q)
E(qQ) = ——Go(q@)Y,(u) =
Q) Go©) (@)Y (w) Go(0)

which represents only the isotropic signal. It is another explanation why we need
N=>1.

In order to satisfy Eq. (5.45), we can consider {apm}<. are dependent on
{@nim)o<ns<ni<L, 1.€.

N
1
m = —— | Vars? - amGn(0)], 0<I<L -l<m<l 5.46
aoy Go©) Vars§ ;az 0 m ( )
Then we have
N L !
G,(0) ) Go(q)
A Y™ () [ Gu(q) - Go(q)| = E(q) - —% (5.47)
D33 3wt Gut0 - G a0a) = E@ -
So the least square solution of A’ = (aj09, -+ ,ayzz)! is
A = (Mo M pp + N MY, B (5.48)
where
(Gi(a110) - EF2Go(@ D) Yy - (Gu(g1ld) - LFLGo(q1l)) YEy)
Mg pp = : :
(Gi(an,10) - X8 Golan,I0) Yiun) -+ (Gnlgn,10) — 2G5 Golan, 1)) YEun,)
(5.49)
E( ) _ Go(q1) A . 0
qi Go(0) 100
E = : , N=| s AL, = APA+ D+ 4,0 (n+ 1) (5.50)
E(qng) — G(‘}f%;) 0 - Ay

Note that here we use the regularization proposed by Dr. Assemlal shown in sub-
section 5.1.1. Compared to the original least square method in Eq. (5.9), the reg-
ularization here is only considered for the coefficients {a,;,}o<.<y. Please note that
although we can set any set of (L + 1)(L + 2)/2 coefficients dependent on the other
coefficients, we choose {a,m}o<n<ni< because we would like to keep the high order

coefficients with large regularization A,;, in estimation. Note that E(q) — gggg; =
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E(q) - exp(—%) is the signal removed the approximated isotropic Gaussian part, and

(Gn(q) - gggg;Go(q)) Y"(u) is the basis G,(¢)Y;"(u) removed the isotropic Gaussian part.

After we obtain A’, another part of coefficients

T
Ao = (aooo, -+ ,aorr)

can be calculated from Eq. (5.46). Then the final coefficient vector which naturally
satisfies E(0) = 1 is
_ (Ao
A= ( A,) (5.51)
Please refer Table 5.1 for the whole estimation process in analytical SPFI, which
includes three steps.

1. The first step is to estimate scale parameter / by two ways. One is based on the
typical value from typical ADC in brain, and the other one is based on fitting
the signal with the GHOT model.

2. The second step is the least square estimation of coefficient A by considering
the prior E(0) = 1 and the radial and spherical regularizations.

3. The third step is to analytically obtain EAP and its various features from the
estimated A.

Note these three steps are actually independent of each other. So other methods
are possible to be considered in scale estimation and A estimation. For example,
we have proposed to use ¢; norm minimization to estimate the coefficient A in the
second step [Cheng et al., 2011c], which can be seen as the compressive sensing EAP
reconstruction.

In the first step, if we set the scale parameter based on typical ADC value,
then the scale { is shared in each voxel. In this case the basis matrix M, and
(M;TPFMg pr t+ A")"!in Eq. (5.48) only need to be calculated once for all voxels. The
analytical linear transforms in the third step also only need to be calculated once for
all voxels. Thus the whole estimation process is very fast. Moreover, if the shared
scale ¢ is used, the following operations on EAP field can be performed only on coef-
ficient vector A, which is needed in Riemannian framework in Chapter 6. Otherwise
we need to consider the effect of basis in the operation of EAP field, which is normally
complex and time consuming. However, using adaptive scale in different voxel can
obtain better estimation results. When using adaptive scale, the basis matrix is dif-
ferent for different voxel, so is the linear transform in the third step. Thus it takes
more time using adaptive scale. But it is still very fast, if least square method is
used. The consideration of £(0) = 1 makes a set of coefficients {ag;,};<; out of the esti-
mation process, which accelerates the method. Moreover, it is possible to accelerate
the method by reusing the pre-calculated basis matrix with close scale. Although the
scale is different for different voxel when we set scale by fitting the GHOT model, a
good estimation of scale normally obtains smooth scale map with a small range. Then
the range can be separated into small partitions, and the voxels with the scale values
inside the same partition can be considered approximately to share the same scale
and same basis matrix.
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Table 5.1: SPFI via least square estimation with scale estimation and E(0) consideration.

Input:

V: X xYxZx N, diffusion weighted MRI volume

E, . : N, x 1 diffusion weighted signal vector at voxel (x,y,z)

N, L : the order of Gaussian-Laguerre function and the order of SH basis
in SPF basis, N> 1,L >4

An, A;: regularization weights in radial and spherical parts

N’,L’ : the order of polynomial basis and order of SH basis in GHOT
model, N > 1,L' >0

Output:

Ayt Na = (N+1)(L+1)(L+2)/2 dimensional coefficient vector of E(q) under
SPF basis at voxel (x,y,z)

EAP and its features: P(R), P(Ror), ®,(r), ®,.(r), Po, MS D, GFA

1. Scale ¢ Estimation based on typical value or GHOT model:

a) based on typical value: ¢ = S#DO, Do = 0.7 x 107 3mm? /s

b) M: basis matrix generated from basis {(#;M)n Y l’”(u)}
b=M"M)""MTInE, b = (bipo,--- ,bny1)T is the coefficient vector
_ 0.5¢pu VT
b

2. Least Square Estimation of coefficient vector A:
M o= Eq. (5.49): Ny x No» matrix from SPF basis, Na» = N(L + 1)(L +2)/2
E((h) _ Go(g1)

Go(0)
E' = : : N, x 1 dimensional data vector, G,(¢) = Eq. (5.2)
E(qny) - s’
Ao " 0 .. .
A=]| . : Na» X Np-regularization matrix
; C A= P+ 1 + A0 (n+ 1)?
0 - Ay,

A" = (M{ppMipp + N) M E
Ao = (a0, -+ »aort)”, dom = m ( \/476? -V anszn(O))

_ (Ao
-
3. Analytical Calculation of EAP and its features from A:

/

N L
P(RD) = D" " D aunFu(RY'(x), Fu(R) = Eq. (5.14)

n=0 =0 m=-1
L i N
P(Ror) = D" )" cp (RY'(X), cp(Ro) = D duimFu(Ro)
=0 m=-1 n=0

L l L l
O,) = ) > ey, e =Bq.(5.18), ®u(r)= > > @), cpr = Eq.(5.20)
1=0 m=-1 1=0 m=-1

Po=Eq.(5.22), GFA=Eq.(5.28), MSD = Eq. (5.26)
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The effect of the diffusion time r

Diffusion time 7 is used to determine ¢ values from b values. Normally when we have
a data set, only b values and gradients are known. The diffusion time 7 is not stated in
most of time unless the people who acquired the data tell us additionally. Fortunately
many methods do not need diffusion time, e.g. DTI, QBI, etc. However, in SPFI we
use the ¢ values explicitly which are calculated based on b = 47°t¢*>. Then how SPFI
works for the data without knowing the diffusion time r? For example, the public
phantom data used in Fiber Cup in MICCAI 2009 described in Appendix B [Fillard
et al., 2011; Poupon et al., 2008] did not report the diffusion time r. We may assume a
diffusion time 7; and estimate the EAP and its features under the assumption 7 = 7.
Thus it is necessary to study how the estimated results change when v changes and
discuss how we set 7 in SPFI. For different diffusion time 7 the estimated EAP and
its features from SPFI satisfy the following proposition whose proof can be found in
Appendix 5.6.

Proposition 5.5 (Invariance for different diffusion time 7). For a given data set
with known b values and gradients {u j}jjﬁl and unknown diffusion time 7, if { is set
in Eq. (5.38) by fitting GHOT model, then the estimated ®,(r), O,(r,C), ®,(r), O, (r,C),
RTO, MSD, GFA are invariant for different diffusion time t. If we denote the EAP
estimated from t by P(Rr,7), then

P _ T 32 71
(Rl', T2) = 7'_2 P( T—ZRI’,T]) (552)

Note that the proof of this proposition is independent of the least square estima-
tion of {a,;,,}. For other estimation of {a,;,,}, this proposition also holds. The proposition
shows the axis of estimated EAP is scaled due to the change of 7. Since the ODFs are
defined as the normalized radial integration of EAP, they are invariant for different
7. Based on the definition of RTO, MSE, GFA, they are also scale invariant. This is
analogous to DTI, where the tensor D, ODFs and scalar indices are all independent
of 7, while the EAP in DTI is P(R) = N(R|27D) which is scaled by 7. See Appendix 5.8.
In DTI, Eq. (5.52) also holds, i.e.

3/2
N(RRD) = (%) N( /%R|2TID)

Note if we set ¢ in SPFI based on isotropic tensor model or based on a typical ADC
Dy as we have discussed, this proposition also holds, because in these cases 7/ are
constant in the estimation.

Thus although we use g values explicitly in SPFI, it was proved that SPFI only
needs b values and gradients to obtain the EAP and its features. The shape of the
estimated EAP profile (NOT EAP profile itself) is independent of the diffusion time.
Other EAP features are invariant to the change of 7. In practice, if we do not know ,
we can setitas v = # = 0.02533s such that b = ¢>. Throughout this thesis, we always
set 7 = 0.025335s in experiments because we do not know the exact 7 of data sets.
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Parameter Selection in Practice

In this subsection, we would like to discuss how to choose the parameters in the
estimation process shown in Table 5.1. The practical process includes three parts.

e Determine N’, L’ in GHOT model based on pseudo-ADC map for scale
estimation. In the first step, if the scale parameter ¢ is set by fitting the GHOT
model with order N’ and L', then ¢ is dependent on N’ and L’ due to the limited
number of samples in discrete least square estimation. Note that the fitting of
GHOT model is very fast because the basis matrix in GHOT model is shared
in each voxel. Thus in practice for real data, we can perform scale estimation
several times efficiently with different N, L’. Then we obtain a set of pseudo-
ADC maps for different N’ and L’, where there is a pseudo-ADC value in each
voxel. A good scale estimation should obtain smooth pseudo-ADC map with
good quality. Thus we can set N’, L’ by checking the quality of pseudo-ADC
map. Normally N’ = 1, L’ = 4 works in most cases. If the samples are obtained
from multiple shells and evenly distributed in each shell, then we can set L’ = 0.
However, N’ should be as large as possible if the pseudo-ADC map has good
quality. For a large number of DWI data with high SNR, N’, L’ can be increased.

e Determine N, L, 1,, 4; in SPF coefficient estimation based on GFA, MSD
and RTO maps. In the second step, if least square estimation is used, the
estimation is fast, although different voxel may use different scale. Thus we
can perform the estimation several times with different N and L. Then a set of
GFA, MSD and RTO maps can be obtained from a set of possible N and L. Again,
a good coefficient A estimation means a good quality of these scalar index map.
Thus we can determine an appropriate pair of N and L by checking the quality of
these scalar maps. In practice, if least square estimation is used for coefficient
A estimation, N can be 1,2 and L can be 4,6. Normally (N, L) = (1,4) works in
most cases, especially when scale ¢ is estimated well. However, N, L should be
as large as possible if the scalar maps keep good quality as N, L increase. A,
and 4; are dependent on sampling scheme, noise level, selection order N, L, and
the scale ¢. So there is no general optimal values for 1, and A,. Based on our
experiments 1, = 1; = 107 can be used in most cases, even for low SNR=10. For
SNR higher than 10, 1, and A; can be decreased.

e Determine radius R, for EAP profiles based on GFA for spherical func-
tions. In the third step, another parameter Ry is needed for EAP profile P(Ror).
Since the third step for EAP profiles is just an analytical linear transform in-
dependent of the first two steps, the process is very fast in this step. So we can
perform this transform several times with different radius Ry. For each P(Ryr),
GFA for spherical functions, i.e. GFA for ODFs proposed in [Tuch, 2004], can
be calculated for P(Ror). Note that since P(Ryr) is analytically represented by
SH basis, its GFA can be analytically obtained by Eq. (4.62), which is very fast.
Again, an appropriate R, results in a GFA map with good quality. Thus we can
set Ry by checking the quality of GFA map for P(Ryr).

5 2 ANALYTICAL FOURIER TRANSFORM IN SPHERICAL
° COORDINATE (AFT-SC)
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In this section, we would like to theoretically compare different sHARDI methods
including QBI, exact QBI, DOT and mHARDI methods including SPFI, SHORE and
DPI in the same framework. The three sHARDI methods have some intrinsic model-
ing errors or need some unrealistic assumptions as we have discussed in Section 4.3.
Moreover they have difficulty to deal with signals from different shells. Note we will
discuss exact QBI in DOT, because they use the same model, i.e. mono-exponential
assumption, as discussed in Section 4.3. See Table 4.1. The three mHARDI methods
all represent diffusion signal with some basis functions in spherical coordinate and
use plane wave expansion to analytically solve the Fourier transform. To our knowl-
edge, there is no theoretical analysis and practical comparison among these sHARDI
and mHARDI methods. In this section, we propose the Analytical Fourier Transform
in Spherical Coordinate (AFT-SC) framework and analyze these methods and their
possible variants in this framework.

5.2.1 AFT-SC Framework

The central idea in QBI, exact QBI, DOT, DPI, SPFI and SHORE is to fit the E(q)
with some function sets and find the analytical relation between signal E(q) and EAP
P(R) or ODFs ®,(r). Here we present them in the same framework, named AFT-SC.
Assume E(q) can be represented in Eq. (5.53) as a linear combination of functions
{Br(qu)}, where the basis function Bi(qu) = R;(q)Q«(u) separates radial part and spher-
ical part.

E(@) = ), aBiqw) = )| axRi(q)Qx(w) (5.53)

K K
k=0 k=1

By considering the well known plane wave formula in Eq. (5.12), P(R) can be rep-
resented by dual basis {D;(R)} with the same coefficients {a;}, and D;(R) could be
separated into radial integration Fj;(R) and spherical integration Ty, (r) in Eq. (5.55).

K 00 1
P(R) = 47 fR D aR(@ > > (=12 ji2ngR)Y] (W)Y (r)dg
k=0

=0 m=-1
K 00 l 00
=Y ay > (47r<—1>”2 fo Rk<q>j,<2an>q2dq) ({ fg 2 Qk(u)Ylm(U)du}Y?(r))
k=0 =0 m=—1
K o /
= > DR = > > " aFu(R)Tun(r) (5.54)
k=0 k=0 =0 m=-1

Fu(R) = 4n(-1)"? fo Ri(9)ji2nqR)¢*dg Tkzm(r>={ fS 2 Qk<u>Y;"(u)du}Y;"(r> (5.55)

Thus there is an analytical EAP estimation once Fy;(R) and Ty, (r) have closed forms.
Since SH is the orthonormal basis which has been widely used in many domains
such as dMRI and graphics and E(q) and P(R) are both antipodally symmetric, it is
reasonable to choose Q(u) as the real Spherical Harmonic with even ! [Descoteaux
et al., 2007], which is denoted by Y;"(u) and defined in Eq. (2.28). Then we have

Tum(r) = Y'(r), because [,, Y;" (q)Y;"(u) = 67 . Then different methods can be obtained
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Table 5.2: Several kinds of methods in Analytical Fourier Transforms in Spherical Coordi-
nate (AFT-SC) framework.

[method| Ri(q) | Qx(w)| Fu(R) = 4n(=i)! [ Ri(9)ji(2ngR)q*dq [Tam(r)
QBI R(g) =6(g—qo0) [Y]"(w) Fi(R) = 4n(-1)""* jiQrqoR)q; Y/'(r)
SHORE| Ru(q) = Gu(ql))  [Y"(w) Fu(RID) = (=1)"Gu(Rl 777 Y/ (r)
SPFI Ru(q@) = Galql))  Y]"(w) Eq. (5.14) Y'(r)
ppL, | @ =GR [ymy For = (=140 R 1115270 R) Y ()
- —i- ! _ 1.5 0.5140.5 GRS Jios(2gmarR) l
Ru(g) = ()" Fyp = (=1)PR(03103 (5 — s et
. I'(+0.5) G
DPI, [Ri(¢) = (é)l/z eXP(—g—z) Y7(u) FAR) = 2115051415 11+ LS Rl oy 0 7r2R2) Y™(r)
2 g F TS RID(1.540.504+1)1 Fa(1.5+0.51+1;1.5+1,2.5+0.51410,~ 1% qnaxR)
DOT,; R.(q) = (L)Zn Y™ () Gnax 7 "RT(1.540.5 Y™ (r)
/4 l (=D2nT(1.5+DT(2.5+0.51+n) [
DOT TOSI15 0501 Ir1 3
(SPNIZD) Ru(q) = (q?z)" eXP(—%—Z) Y!"(w) | 2 AUl 1ier("f_ol')szf;r]('i)'121>("+0'51+1'S’M'S’ %k |y ()

by choosing different radial functions. See table 5.2 for an overview and we will
introduce them one by one in the following.

Note that similarly with SPFI, in AFT-SC framework E(0) is still a spherical func-

tion, i.e.

E©0) = )" axRe(0)Qx(w)

K
k=

1

Thus we also need to consider the prior £(0) = 1 in estimation. Otherwise, there is no
guarantee that the estimated E(q) satisfies this prior.

5.2.2 HARDI methods in AFT-SC framework

QBI

As we discussed in subsection 4.3.4, the signal in QBI [Tuch, 2004; Descoteaux et al.,
2007; Assemlal et al., 2009a; Hess et al., 2006] is assumed as

L [
E(qu) =) > amd(g - go)¥;"(w)

=0 m=-1

where g = ¢ is the ¢ value for the given shell. The analytical form of ODF could
be obtained from several ways [Descoteaux et al., 2007; Assemlal et al., 2009a; Hess
et al., 2006]. In AFT-SC,

Fu(R) = 4n(-1)""? fo 6(q — 90)ji2nqR)q*dq = 4n(~1)""? ji(2nqoR)q] (5.56)

So the EAP in QBI can be obtained as

L 1
PR =D andn(-1)" ji2rqoR)g Y (x)

=0 m=—

l
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Then the ODF by Tuch ®,(r) in QBI is

00 L ! 00
o= [ PEnaR=2 3 D a0y [ s

=0 m=-1

Vigo & v (DIPTA2+1/2)
Z I TA/2+1)

Y/'(r)
=0 m=-1
L 1
q0 m
== 22> am2nPi(0)Y] () (5.58)

=0 m=-1

In the above derivations, we consider

>~ _ NAT(051405)  om
jo‘ Jix)dx = m =(-D EPI(O)

based on the definition of j(x) in Eq. (2.44), the property of Bessel function
in Eq. (2.86), and P;(0) in Eq. (2.39).

The ODF formula is the same as the one in [Descoteaux et al., 2007; Assemlal
et al., 2009a; Hess et al., 2006], but the derivation is more simple and straightfor-
ward. Compared to the addition theorem and Funk-Hecke theorem used in [De-
scoteaux et al., 2007; Assemlal et al., 2009a; Hess et al., 2006], we use plane wave
theorem to prove the solution of ®,(r). The plane wave theorem seems to be more
fundamental. As proved in Theorem 5.4 and Theorem 5.5 in Appendix 5.7, Funk-
Hecke theorem 2.7 and addition theorem 2.6 are equivalent, and they can be proved
by plane wave expansion theorem 2.8.

Compared to previous works [Descoteaux et al., 2007; Assemlal et al., 2009a; Hess
et al., 2006], in AFT-SC we can obtain the new form for the EAP in Eq. (5.57) as
well as ODF in QBI in Eq. (5.58). To our knowledge, the EAP formula has not been
proposed before in QBI. However, the EAP in QBI seems useless, because it has many
negative values when b is large. That can be seen from the mean of spherical function
P(Rr), i.e.

fs  PRe)dr = anogl4m)*" jo2rgoR)

Note normally ag is positive, because it is related with the mean of E(gou). Fig. 5.4
shows that as ¢ value increases jj(2rgR) has more and more negative values in R-axis,
especially for the large R values.

One may think that we can obtain ®,,(r) from the EAP in Eq. (5.57), i.e.

00 1 L l 00
®,(r) = fo P(Rr)R*dR = Z Z apm(=1)"2Y7"(r) fo ji(x)x2dx (5.59)

>
27240 1= =

However the integration fooo ji(x)x>dx does not converge, which means any estimator
of @,,(r) based on delta function assumption fails. Note the estimator in [Tristan-Vega
et al., 2009] works for low b value, probably because it adds additional assumption.
For large b value, the estimator in [Tristan-Vega et al., 2009] fails with many negative
values in practice.
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Figure 5.4: jo(27 VbR) under different b values. We choose 7 such that » = ¢*. It can be seen
that as b increases jo(27 VbR) has more negative values in R-axis.

SHORE

We have introduced SHORE method for signals both in 1D and in 3D cases in sub-
section 4.3.8. The SHO-1D basis in Eq. (2.60) can not handle the signal in real data
in 3D case. As we has discussed, the functions defined in Eq. (4.85) are not orthogo-
nal because of a small mistake in the exponential part in Eq. (4.85) [Ozarslan et al.,
2009]. So in this subsection we would like to study only the corrected SHO-3D basis
in Eq. (2.69).

SHO-3D Basis. SHORE represents E(q) as a linear combination of SHO-3D ba-
sis in Eq. (5.60). SHO-3D basis is denoted by {B5H03} which is the solution of 3D

quantum mechanical harmonic oscillator problem [Ozarslan et al., 2009] as shown in
subsection 2.5.5.

n

N 2 [
E@=)> > aumBin@d), BC*(ld) = Gu(gld)Y]" (w) (5.60)
-1

n=0 [=0 m=

2 2 2 1/2
_ q 2 912,97 |2 (n—1/2)!
Gulgl0) = k() eXp( 24)%—1/2( L) 0= | ST

The radial part of SHO-3D basis with the scale ¢ is shown in G,,;(¢|¢) Eq. (5.61), where
L%(x) is the generalized Laguerre polynomial [Ritchie and Kemp, 2000; Huzinaga,
1965; Ozarslan et al., 2009]. Please note the difference between the N in Eq. (5.60)
and N, in Eq. (4.84) [Ozarslan et al., 2009]. N, in Eq. (4.84) denotes the order of
polynomial in radial part which is 2N in our notation. Actually this basis has been
already used in the computation of the molecular electron orbitals and molecular
docking [Ritchie and Kemp, 2000; Huzinaga, 1965; Assemlal et al., 2009a], where
n —1/2 is replaced by n — I. Here we use n — I/2 such that the order of polynomial term
in leflno“o‘ is 2(n —1/2 + 2 -1/2) = 2n, and the maximal order of polynomial term is 2N.

(5.61)
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Note that G,0(g|¢) in Eq. (5.61) is just the radial function G,(¢|0) in Eq. (5.2). Thus
SHO-3D basis {B>193(q|¢) = Gu(gl))Y;"(w)} and SPF basis {BSF(ql¢) = Gu(gl))Y]"(w)} are
very similar. However their Fourier dual basis are quite different. See proposition 5.6

for the Fourier dual basis of SHO-3D basis.

EAP and its features. Like SPFI, the following propositions demonstrate that in
SHORE EAP and its features can be analytically calculated from the pre-estimated
coefficients {a,,}.

Proposition 5.6 (EAP in SHORE). The Fourier dual basis of SHO-3D basis
By%(l0) is (-1)" By Rigp), idee.

nlm nlm

F3p{Gu@)Y" }(R) = (1) Gu(Rl7 g)Y'"(l‘) (5.62)

If the signal is represented by SHO-3D basis in Eq. (5.60), the EAP is analytically

obtained as
N 2n

PR) =D Zanzm( D" GuRIZ—-)Y/'(r) (5.63)

n=0 =0 m= g
where G, is defined in Eq. (5.61).
Proof. Based on Eq. (5.61), the radial integration in Eq. (5.55) is
Fu(R) = 4n(-1)? fo Gu(ql))ji2mqR)q*dg

= 471"k Q) f L) ex p( 24) i“ﬁ(—)mzan)quq

g
2n—1/2)! \'? 1 .
=4n(—1>’/2(%) e fo et ()JH%(%Rq)dq

Considering the property of Laguerre polynomial in Eq. (2.81) [Gradshteyn and
Ryzhik, 2007], we have

Fu(R) = (=1)" Gnl(Rl é')
Considering the spherical part Y}'(r), the Fourier dual SHO-3D basis is given
in Eq. (5.62). Then considering the linearity of Fourier transform, the EAP can be
represented by the dual basis in Eq. (5.63). O

Proposition 5.7 (ODFs in SHORE). If the signal is represented by SHO-3D basis
in Eq. (5.60), the ODF ®(r) defined in Eq. (4.69) is analytically obtained as

Dy(r) = Z Z Cim ¥} () (5.64)
l 0 m=
kel N o2 —1)ti kel +[-1
Clm = (4'7'1'25)_T Z Z anhn%(nrj_l/li;-_l;z)z +jr( ) + ]) (565)

n=1j2 j=0
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Proof. Based on Proposition 5.6, the EAP can be represented in Eq. (5.63). Then the
ODF can be written as

N l

1 . 1
Dy (r) = f P(Rr)RFR = - ZZ Z( 1Y i Y1 (1) ( f n,(R|m)R"dR) (5.66)

0 n=0 =0 m=

Luik

= - Z Z Y’"(r)(Z( 1) i nlk) (5.67)

l 0 m=-I n=1/2

Clm

where

Tk = f REUT2 (R 2R, l*l,j§(4n (RP)AR
0

_ﬂl © _x
= (4n° 0) fo e iy L~ 1/2( x)dx

n—1/2

_ul x k-l n+1/2+1/2 x/
=) f ¢ Z( 1y(n-l/z—j)ﬁdx

el Z/: (- I)J(n+l/2+1/2) ptp k=1

=@ n—1/2—j 2

j=0

where we use the property of Laguerre polynomial in Eq. (2.63) and the definition of
Gamma function. Then put I, back to Eq. (5.67), which proves Eq. (5.64). |

Eq. (5.64) shows the SH coefficients {c;,} of ODFs can be obtained by a linear
transform of {a,;,}. For ®,,(r), i.e. k = 2, the normalization factor is Z = 1 in Eq. (5.64).

Similarly with SPFI, the scalar indices RTO, MSD and GFA can be also calculated
from the pre-estimated {a,;,}. It is easy to see that the formula for GFA is given as

N 2
GFA = 41 = 700 (5.68)
Z:n 0 Z Z:m——l nlm

The other two indices can be also obtained easily.

Least Square Estimation with E£(0) = 1 consideration. Similarly with SPFI,
SHORE can consider E(0) = 1 in the estimation process. E(0) = 1 means

N 2n
E(0) = Z > Z animGu(0)Y}" (W) = 1 = VAxYd(w)

n=0 1=0 m=-I

Because G,;(0) = 0, VI > 0, we have

N
Z an00Gno(0) =

n=0
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It is just one equation, compared to a set of equations in Eq. (5.45). Then we can
assume aq is dependent on other coefficients, i.e.

1
ap) = ———
%% Goo(0)

n=1

N
-, dnooGno(O)} (5.69)

Gno(0)5; m Goo(q)
;;;lam( )= Goo(q))Y W = E@) - o6 (5.70)

Then the coefficients {a,;,},-0 can be estimated from a least square method, and the
final coefficient vector is the combination of these two parts. The whole process is
similar with the process of SPFI in Table 5.1.

SPFI

SPFI also belongs to the AFT-SC framework, because it represents E(q) using SPF
basis in Eq. (5.1) and EAP P(R) using dSPF basis in Eq. (5.15). As we have shown
above, SPF basis and SHO-3D basis are very similar, while their Fourier dual bases
are quite different. We will discuss the differences and similarities between SPF and
SHO-3D basis in details in the Section 5.3.

DPI, and DPI,

DPI in [Descoteaux et al., 2010], called DPI; here, assumes the signal E(q) is the
solution of 3D Laplace equation, i.e.

1 L
E@=) > Z CnimRui(@) Y] (0) (5.71)
n=0 =0 m=-1
Ro(g) = (-LY., Ry(q) = (-L)™! (5.72)
Ve Ve

Please note that here we introduce the scale parameter ¢ in DPI; motivated by
SHORE and SPFI. It is the same as the original DPI in [Descoteaux et al., 2009,
2010]if ¢ = 1. If £ # 1, it is equivalent with the original one but more numerically
stable when an appropriate ¢ is chosen. For the original DPI, one need to choose care-
fully the unit for numerical stability in least square estimation as suggested in [De-
scoteaux et al., 2010]. Here we can choose a scale ¢ so that ¢/ /7 is independent with
unit. Experimentally we choose ¢ = 0.5¢2,,, for good numerical stability, where g, is
the maximum ¢ value for DWI signals. In DPI, the radial integration F,;(R|/) can not
be analytically solved, and [Descoteaux et al., 2010] introduced ¢,,,» and approximate
Fi(R|0) using the integration from 0 to ¢;,,., Which can be seen as follows.

o = (D"’ ORI 5QAGmarR) (5.73)

max

(ﬂR)lio'S _ J1-0527GgmaxR)
I'(l+0.5) [=0.5

Qmax

0= (_1)[/2R—1.5é«0.5[+0.5( ) (5.74)

Note that in DPI, the estimated signal in Eq. (5.71) does not satisfy the prior
E(0) = 1. Actually, when ¢ tends to zero, the irregular term R;/(g) tends to infinity,
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which means E(0) has no definition in DPI;. Moreover, DPI; considers polynomial
decay in radial part, which does not satisfy the prior of Gaussian-like decay. Thus
we propose DPI; which only uses regular terms in DPI; and considers Gaussian-like
decay, i.e.

L / 2

m q . q
E(q) = cmRi(@Y]"(w),  Ri(q) = (—=) exp (——) (5.75)

2, 2 ko oo\
Note that the basis in DPI, (%)l exp (—g—z) Y"(u) is proportional to SHO-3D basis
Gu(@)Y}"(u) with n = % Thus the radial integration of DPI; basis can be solved by

considering the result for radial integration of SHO-3D basis. Since SHO-3D basis
is complete and DPI; basis is just a part of SHO-3D basis, the basis in DPI; is not
complete. We will discuss it later.

DOT, (exact QBI), DOT; and DOT, (SPNP)

The original DOT, called DOT, here, assumes E(q) follows mono-exponential de-
cay [Ozarslan et al., 2006], i.e.

E(q) = exp(—4n°t¢*D(u))

Actually DOT{ cannot be contained in AFT-SC framework because E(q) in DOT, can-
not be separated into radial part and spherical part Eq. (5.53). [Ozarslan et al.,
2006] analytically solved the radial integration in Eq. (5.76) for the given samples
{E(q)}. Then the inner product between /;(R,u) and Y}"(u) in the spherical integra-
tion Eq. (5.77) was solved numerically using least square fitting for the samples
{I;(R,u;)} obtained in Eq. (5.76).

RIT(0.50+ 1.5) F1(0.51+ 15,1+ 1.5, -8 =)

(_1)l/2zl+lﬂo.S(D(u)T)O.SlH.Sr(l + 1_5)
(5.76)

P(R)={ f IZ(R,u)Yl’"(u)du}Ylm(r) (5.77)
S2

L(R,u) = 4n(-1)""? fo ) E(q)ji(2nqR)q*dq =

Please note there is no full representation for E(q) and P(R), because one needs to
re-estimate P(R) in different R. Note that the mono-exponential decay model in DOT)
can be used to analytically estimate the ODF by Wedeen ®,,(r). See subsection 4.3.4.

Although DOT) is not contained in AFT-SC, it is still possible to explain DOT in
AFT-SC framework. We can represent

OB AACY (5.78)
Im

and expand the signal as

2_ 2 S (_47T2Tq2)n mysm n 2nym
E(q) = exp(-47°1¢’ D) = ) ——=—( HIYW)" = 3 g™ ¥} W)
n=0 ’ Im

nlm

where a,;, can be analytically obtained from b]" by expanding the product of two SHs
in terms of SHs itself based on the integration in Eq. (2.35). We call the modified rep-
resentation of DOT as DOT), which separates spherical part and radial part. DOT; is
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equivalent with DOT) if {b]"} is estimated from DWI samples and {a,,} is calculated
from {0]"}. But alternatively we can fit the signal directly with the representation

EWQ) = X,um anlm(q )'Y"(u), where { is the fixed scale parameter. In this case DOT; is
not DOT any more and more similar with DPI. It does not assume mono-exponential
decay and works for multiple shell data. Similarly with DPI there is no analyti-
cal form for radial integration. Thus we introduce ¢, for the integration from 0
to gmar [Gradshteyn and Ryzhik, 2007]. See table 5.2, where | F, is the generalized
hypergeometric function.

Note that when the ADC is represented in Eq. (5.78), the signal is represented in
GHOT model in Eq. (5.36) with N = 1. Thus we have another expansion of E(q) in
DOT as

E(q) = exp(—47r21'q2D(u)) = exp(—4ﬂ2‘rb8Y8q2) exp[ Z 47127q2b7’ Yl’"(u)]
Im,1£0

2 4
—exp(—%)[z Susisiyy b’”Y'"(u»J

Im,1#0

2 2\n
= exp(—;]—é,)zanlm (q?) Y (w)

nlm

where ¢ = Now we represent E(q) in SPNP model in Eq. (5.35), which sepa-

8 5/2 8752750
rates spherical part and radial part and can be called as DOT,. DOT, is equivalent
with DOT if {5]"} is estimated from DWI samples and {a,»} is calculated from {b}'}.
In this sense, DOT, (SPNP) model is a generalization of HOT model in DOT. Also we

can fit the signal directly using SPNP basis.

5 3 THEORETICAL COMPARISONS

Based on AFT-SC framework, it seems to be an easy job to deduce an analytical
EAP reconstruction and we can have many analytical EAP estimation including the
listed methods in Table 5.2. Then which one is better? We propose some criteria for
evaluation.

5.3.1 Some Criteria for Evaluation

Completeness. In AFT-SC, E(q) is represented by a linear combination of some ba-
sis functions {B;(q)} in Eq. (5.53). {B;(q)} is complete if it can represent any symmetric
square integrable E(q) in 3D space. Completeness means more samples we have,
better reconstruction we get. If all DWI samples are known in whole q space, the
samples will be fitted without any modeling error.

QBI assumes E(q) exists only on the sphere S?, which means the radial decay is
a delta function. DOT, and exact QBI assume mono-exponential decay. So QBI and
DOT, are not complete in R?*. SHO-3D basis is complete because it is a combination
of the eigenfunctions in several Sturm-Liouville equations when solving the SHO-3D
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equation in Kq. (2.68). SPF basis is complete because {¥;"(u)} is complete in S? and

L?(x) is complete in [0, o) with the weight x!/? exp(—x).

DPI, is not complete because not every function satisfies Laplace’s equation.
Based on Weierstrass theorem the continuous E(q) in the ball with a given radius
can be uniformly approximated by a polynomial function, i.e.

E(@) = ), aind\qid’
ik

Because E(q) is symmetric, i + j + k is even, say 2n. Then by representing every
monomial via spherical coordinate, we have

qd \2nym
E(q) = nm(—=)""Y;"(u)
2,

which means the basis in DOT, is complete for E(q) inside a ball. However for both
DPI and DOT), since only finite terms are used, the represented E(q) tends to oo as
g increases. It contradicts with the fact that E(q) tends to 0 when ¢ increases, which
means DPI; and DOT; have intrinsic modeling error in the region with large g. So
the ¢4, is needed for an incomplete integration instead of the complete integration.
However, if g, is chosen as the maximal ¢ values of DWI signals like [Descoteaux
et al., 2010], the estimated EAPs are less anisotropic because of incomplete integra-
tion, which means DPI, and DOT,; cannot work well with DWIs with only small b
values. If ¢,.4, is chosen as a large value, the estimated EAPs are likely noisy because
of the modeling error in the area with large g value.

Representability. We know three priors (P1, P2 and P3) of the diffusion signal
E(q).

e P1: E£(0) = 1 because [, P(R)dR = 1.
e P2: E(q) tends to 0 when ¢ tends to co.

e P3: E(q) radially decays like (but NOT) a Gaussian function.

Please note that the estimated P(R) is globally affected by E(q) in whole q space
because Fourier Transform is a global transform. So even though one method can
fit the given samples of the DWI well, it does not mean the estimated EAP is good.
For the signal fitting in existing works, the given samples have been well considered
in the estimation process. The results will be better if the model can also consider
these priors. The model which satisfies these priors has good results, even if it is not
complete, e.g. mixture of tensor model.

QBI satisfies none of the priors. In practice we find the EAP profile in QBI has
many negative values especially when b > 1500s/mm?> and R > 10um, and the EAP
profile in QBI is very smooth if » or R is small. See Fig. 5.4 for the reason, which
is because delta function decay assumption in QBI is lack of representability. DOT,
automatically considers the first two priors, while it assumes mono-exponential de-
cay. SHORE and SPFI consider the second and third in their model. For E0) = 1,
SHORE, SPFI and DOT; can consider the prior £(0) = 1 into estimation process as
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demonstrated in subsection 5.1.3. While DPI cannot consider E(0) = 1 in estimation
because E(0) does not exist in DPI model due to the irregular term in its radial basis.
Moreover, in DPI as well as DOT, E(q) tends to co when ¢ increases due to the regular
term in its radial basis, and infinite radial terms are needed if one uses polynomials
to approximate a Gauss-like decay. So even though DPI may fit the given DWI signals
well as shown in [Descoteaux et al., 2010], the estimated EAP is problematic. Moti-
vated by SHORE and SPFI, we can avoid the problem by adding exponential term
into the basis function of DPI and DOT; and ignoring irregular terms in DPI. Then
we have two new methods, DPI; where

q 7
E@) = ) am()" exp(=3)Y"w

Im

and DOT), using SPNP basis in Eq. (5.35), where

2

2
E@) = Y amn(Ly exp-L

; 2g)Y,'”(ll)

nlm

Similarly with SHORE and SPFI, they both satisfy all three priors. DOT); is equiva-
lent with SPFI because after Gram-Schmidt orthonormalization in radial part, DOT,
(SPNP) will become SPFI. See Lemma 5.2. Thus DOT), is complete. While DPI; is
not, because DPI; now assumes E(q) is a harmonic polynomial multiplied by a Gaus-
sian, or because the basis in DPI; is a part of SHO-3D basis. DOT, and DPI; both
have analytical EAP forms based on the previous derivations for SPFI and SHORE
and we do not need ¢,,,, any more. See table 5.2 for the analytical formulae.

Separation information between spherical and radial parts. Please note the
important difference between the basis functions in SHORE, SPFI and DPI,. DPI, is
lack of representability partially because it coupled radial information and spherical
information together. For example DPI, cannot represent an isotropic Gaussian func-
tion, because isotropic function forces / = 0 in SHs in spherical part, then in radial
part Roo = 1 and Ryp = (%Z)‘1 which contradicts with Gaussian-like function. In SPFI

the radial part and spherical part are completely separated, which allows one chooses
higher order in spherical part but low order in radial part. While in SHORE, n—1/2 > 0
is forced in Eq. (5.60), which means for a given [ in spherical part, the corresponding
order of power in radial part is 2n > [. In SPFI, the minimal order for anisotropy
diffusion is N = 1, L = 4, which means it contains SH of order 0,2, 4 and power 0,2 in
radial part. In SHORE, the minimal order is N = 2 (N,x = 4 in Eq. (4.84) [Ozarslan
et al., 2009]), which means it contains SH of order 0,2,4 and power 0,2,4 in radial
part. Besides it was proved in theorem 5.3 that the function space spanned by SHO-
3D basis {G,Y]"},<n With order n < N is a subspace of the space spanned by SPF basis
{GnoY]"}n<ni<ov with radial order n < N and spherical order / < 2N. Thus if order N
is enough to represent the signal in SHORE, radial order N and spherical order 2N
is also enough for representation in SPF basis. However if limited samples with low
SNR are given for estimating the coefficients, a truncated basis is needed to avoid
overfitting. Then SHO-3D basis with higher power order in radial part may have
some overfitting effects, and the effect will be enhanced when larger N (6 or 8) is
used. Please see the subsection 5.3.2 for more theoretical comparisons.
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Orthogonality and stability. In approximation theory, complete orthonormal ba-
sis is preferred because monomial basis is known to have poor numerical stability and
the coefficients under orthonormal basis are independent with the basis order chosen
in Least Square approximation if all samples are known. For example, if exhaustive
samples of diffusion signal are known in a single shell, the coefficients of SH basis
are independent with the chosen order in least square fitting, while the coefficients of
HOT basis is dependent on the chosen order [Ozarslan and Mareci, 2003], although
these two bases are both complete in S2. The bases in DOT,, DOT, and DPI,, DPI,
are not orthogonal. SHORE and SPFI use orthonormal bases in R* while QBI and
DOT) use orthonormal bases only in S>. When orthonormal basis {Bi(q)} is used to
represent E(q), its Fourier dual basis {D;(R)} that represents P(R) is still orthonormal
because of the Parseval’s theorem.

Single shell and multiple shells. These mHARDI methods can work for multiple
shell data. However, when only single shell data are given, these methods are un-
stable in general. Let’s take SPFI as an example. In SPFI, for a given ¢, the ratio
between two basis functions

Gn(go)Y;"(u)

G (qo)Y]"(w)

is a constant independent with u, which means these two basis functions with same /
and m but different n are undistinguishable for single shell data. When least square
is used to estimate the coefficients, the basis matrix is rank deficient with very large
conditional number. To solve this problem, we can consider the constraint E(0) = 1.
In SPFI, we have shown that when considering this constraint, {a;,};<; is dependent
on {aumlo<n<ni<z @nd only the basis function set {G,(¢)Y;"(W)}o<s<ni<z is used in esti-
mation. So SPFI is stable for single shell data if N = 1 with only {Go(¢)Y;"};< used
in estimation. If N > 2, it needs to add some regularization to make the estimation
stable. However SHORE is not stable for single shell data, because the constraint
E(0) = 1 only means ag is redundant, and we can not separate the basis G, (u)Y;"(u)
and G,,Y}"(u). DPI can not consider the constraint E£(0) = 1, so it is unstable. It is
possible to add some regularization in SHORE and DPI, such that the estimation re-
sults are meaningful. The same analysis can be performed in DPI;, DOT; and DOT,.
DPI; works with single shell data without regularization because its radial part is
fully coherent with spherical part. DOT; and DOT, need some regularization for sin-
gle shell data, because E(0) = 1 makes only one basis redundant in estimation like
SHORE.

Summary. SHORE and SPFI use 3D complete orthonormal basis and have the best
representability. SHORE requires higher orders in radial part than SPFI which com-
pletely separate the information between spherical and radial part. SPFI is well
appropriate for both single and multiple shell data, while SHORE and DPI; need
some regularization to obtain stable results from single shell data. QBI and DPI, are
lack of representability, because of the delta function decay assumption in QBI and
regular and irregular monomials in radial basis of DPIy. DPI, works only for the data
with large b values due to the effect of ¢,,,... Please see Table 5.3 for more information.
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Table 5.3: Some criteria for evaluating methods. P1, P2 and P3 are three priors. Note that
although some mHARDI methods are unstable for single shell data, it is possible to add some
regularization to obtain meaningful results.

]methodH Ri(q) \Qk(u)\Completeness\Pl\P2\P3 \orthogonal\single shell\SeparationJ
QBI R(q) = 6(g—q0)  [Y]"(w) in S? No|No|No| inS? Yes Yes
SHORE| Ru(q) = Gu(qld)  |Y]"(u) Yes YesYesYes  Yes No No
SPF1 Ru(q) = Gu(ql))  Y]"(u) Yes Yes[YesYes Yes [Yes,if N=1 Yes
— 4
DPI, Rolg) = (q\/Z )1 X Y}"(u) No No|No|No No No No
Ry(q) = (W)_ N
DPI, |Ri(q) = (’4—(2)1/ Zexp —g—Z)Yl’”(u) No YesYesYes No Yes No
DOT, R.(q) = (”—;)" Y"(u)y inaball |YesNoNo No No Yes
DOT; @ \n a
(SPNP) Ru(q) = (7)" exp(=37) Y"(u) Yes Yes[YesYess No No Yes
DOT, — — in §? Yes)YesNo| in S? Yes Yes

5.3.2 More Comparisons between SPF basis and SHO basis

In this subsection, we would like to analyze theoretically more similarities and dif-
ferences between SPF basis, SHO-1D basis and SHO-3D basis. See the following
analysis.

Polynomial basis and SHO basis

First SHO-1D basis is equivalent with the Gaussian polynomial basis in 1D.

Lemma 5.1. For any given integer N, SHO-1D basis in Eq. (2.60) with 0 < n < N
2

and the Gaussian polynomial basis function set {6_%(%)’1}”51\/ forms the same function
space. ’

Proof. 1t is straightforward because {¢"},<y and {H,,(%Z)},,gv are two bases of polyno-

mial space Py(RY). o

Definition 5.2 (SHO-1D basis and product of SHO-1D basis in 3D). SHO-1D
basis is defined in Eq. (2.60) and denoted by B;?HOI (x). The product of SHO-1D basis
in 3D space with variable q = (qx, qy,q;)" is called as the product of SHO-1D basis in
3D space (SHO-1D3) basis and defined as

BSHOL (qi7) € BSHO1 (4, 10)BSHOL (4,10)BSHO (¢.10)
= 27 s ) (o) e (f/—z) Ha, (%) Ho, (i’/—%) (5.79)

where we only consider the even order ni + ny + n3 = n, because E(q) is symmetric.

Then based on the above definition and lemma, the SHO-1D3 basis is also equiv-
alent with Gaussian polynomial basis in 3D.
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Definition 5.3 (Spherical Polar Polynomial basis and Generalized DTI
model). Spherical Polar Polynomial (SPP) basis is defined as

SPP \(
B, (ql) = exp (—2—§) (?) Y'(w), n>1/2 (5.80)
where n is integer and n > 1/2. GDTI model is defined as
N ny ny n3
qx qy q:
E(q) = exp| - Dopnan (_) (_) (_) ] (5.81)
o-oo[-3, 3 e (%

which has been used in GDTI in [Liu et al., 2003, 2004]. Note that n starts from 2 in
GDTI, because E(0) = 1 means Dyyy = 0.

Theorem 5.2. For any given integer N, the following three bases are equivalent, i.e.
they form the same function space.

e SHO-1D3 basis {B;?g% QD0 +ny+ns=n<2n defined in Eq. (5.79) with even order 0 <
n < 2N.

e SPP basis {BSPP(q|)},<n defined in Eq. (5.80) with order 0 < n < N.

nlm

e SHO-3D basis {Bfllnf%(q)}ngv defined in Eq. (5.60) with order 0 < n < N.

Y2 1+1/2 (&
Proof. Because of Eq. (2.63) and Eq. (2.67), 7 and I are
n<N > /InsN

equivalent. Thus SPP basis {BSZE1 P(ql¢)}n<y and SHO-3D basis {BS};O?’(q)}nsN are equiv-
alent. Thus we only need to prove SHO-1D3 basis is equivalent with SPP basis.

Because of Lemma 5.1, SHO-1D3 basis {BSH91(q|s Vi +np+ms=n<2n 18 equivalent with

nynan3

Gaussian polynomial basis {BSY | (ql{)}n, n,+n,=n<on, Where BSE | (ql¢) is defined as
2 nj n n3
ool )22 (][] -
e 20)\NZ) \NZ) \NZ

Then based on the harmonic decomposition theorem 2.4 and Theorem 2.5, Bgﬁm (ql0)
can be separated as

n

2

2 q2 i n=2j qz n/2-j no q n/2
Bﬁi’m(qle“) = Z (?) Z A jm (?) Yo, (w) = Z Z Qm (?) Y} (w)

J=0 m=—(n-2j) =0 m=—I

where n = n + n + n3 1is even. Thus Gaussian polynomial basis
(BGP (QI)}n, +m+ns=n<on 18 equivalent with SPP basis (BSPP(q|)}n<y. Then SHO-1D3

ninan3 nlm

basis {Bff,{%(ql{ Vi +np+ms=n<2n 18 also equivalent with SPP basis {Bfl}r’” PqlO)}nen- O

The above theorem shows that SHO-3D basis and the triple product of SHO-1D
basis are equivalent. That means the methods which fit exhaustive signal samples
using these two bases will obtain theoretically the same results, although numerically
the results are slightly different. Note that GDTI [Liu et al., 2004] represents EAP
using the products of probabilists’ Hermite polynomials in Eq. (4.37), and SHO-1D3
represents EAP using products of Physicists’ Hermite polynomials. Thus GDTI and
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SHORE are theoretically equivalent. However, the estimation of diffusion coefficients
in GDTI in Eq. (4.34) is based on fitting In E(q), which may bring more numerical
error than fitting E(q) directly. That is because E(q) < 1 and E(q) decays as ¢ increase,
which makes the logarithm operation emphasize more the samples of E(q) for large ¢
value. However, E(q) for large ¢ value has lower SNR. Thus SHORE and SPFI based
on fitting E(q) are better than GDTI based on fitting In E(q). Moreover, the closed form
in GDTI is based on the estimation of cumulants, which is theoretically problematic
due to the truncation [Marcinkiewicz, 1939]. Last, the estimation of the PDF from its
cumulants is known to be very problematic [Blinnikov and Moessner, 1998; Ghosh
et al., 2010].

Non-polynomial basis and SPF basis

Lemma 5.2. For any given integer N and even integer L, SPF basis {Bfll; Fqle Vn<Ni<L
defined in Eq. (5.1) and SPNP basis {BfliNP(qlg“)}nsN,lsL defined in Eq. (5.35) are equiv-
alent, i.e. they form the same function space.

Proof. 1t is straightforward, because the space spanned by {L,l/ 2 (é)} is the same
; n<N

n
space spanned by {("—;) } . O
7 n<N

The space spanned by SHO-3D basis and SPF basis and the MSE

Based on Theorem 5.2, SHO-3D basis is essentially the SPP basis in Eq. (5.80). While
Lemma 5.2 shows that SPF basis is essentially the SPNP basis in Eq. (5.35). Com-
pared to SPP basis, SPNP basis has some non-polynomial term with n < [/2, which
is essentially the difference between SHO-3D basis and SPF basis. This difference
brings the following theorem.

Theorem 5.3. For any given integer N, if we denote the space spanned by SPF basis
BT @ hwenicon as Span{BY T (@) neni<2n, the space spanned by SHO-3D basis as

nlm

Span{BSHO3(q|0)} <N, then we have

nlm
Span{BSHO3(q|0)},<n € SpaniBSEF(qI0)wen 1<on (5.83)

For any finite N’, we have

Span{BSHO3(q|0)).<nv 2 Span(BSLF (ql0))weni<on (5.84)

nlm nlm

Proof. Based on the definition of SHO-3D basis in 5.60, G,;(¢) is a Gaussian polyno-
mial function with polynomial order 2n. Thus G,;(q) can be represented as

2\ 1
Gulgld) = exp (—%) > anl i)
Jj=0
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where a;; is constant which can be obtained based on Eq. (2.63) and Eq. (2.67). Then
the SHO-3D basis BSHO3(q|¢) can be written as

nlm

o\ N
BIRO*@) = Gul@Y]' () = exp (_Z?) 3 apL g0y )

j=0

B e
=0

Kn({) Jlm

It proves Eq. (5.83).

The basis set {BST(q|0)},<n,<on can be separated into two parts, i.e.

{BSPE (@O netppns  ABSEF(QIO N j2<nsn

BSPF(q|¢) with n > 1/2 can be represented by SPP basis {Bfl; P(ql{)}j<n- Then based
on Theorem 5.2, BS’¥(q|/) with n > [/2 can be represented by SHO-3D basis

nim

{BSH93(q|¢)} j<n. For the SPF basis {B5'F},.), let’s assume that it can be represented

Jjlm nim
by SHO-3D basis with finite order N, i.e.
N/
Byt (@) = ). aiBihO% (), n <12
=0

Note that the summation is only over j because of the orthogonality of SH basis. Be-
cause of the equivalence of SPF basis and SPNP basis in Lemma 5.2 and the equiva-
lence of SHO-3D basis and SPP basis in Theorem 5.2, we have

n j
BINP(q) = > bBYr (@), BSEO%@) = ) ¢y BSh(q)
n=0 j=0

Then SPNP can be represented linearly by SPP basis with finite N’ as

n N

BYNT@ =) > ) buajeyBY@
n=0 j=0 j’=0

This is equivalent with that x” can be represented by basis {x/'} -1 with finite order
N’. However, for fixed / and n’ < I, that is not true. So with any finite order N’, SHO-3D

basis {Bfl%%(ql{ )}a<nv can not represent BS{; F(ql¢) with n < 1/2, which proves Eq. (5.84).
m|

This theorem shows that when we use SHO-3D basis {BSH03(q|¢)},<y and SPF ba-

nim

sis {B,Slhf;F(qlg Mn<ni<2n to represent signal, SPF basis obtain lower representation MSE,
Le. IE@ — ZNo X% X anmBopy @OIF < IE@ = Zho 37% X0e dnim By @I
However, please note that SPF has more number of basis functions because it also
contains non-polynomial terms. Please note that the non-polynomial terms is im-
portant in HARDI model. For example, HOT model used in DOT and exact QBI is
essentially a non-polynomial model, where the ADC is represented by low order in
radial part, but high order in spherical part. SPFI can be seen as a generalization of
HOT model, because SPF basis is equivalent with SPNP basis which is used in DOT,.

Please note the difference when representing GDTI model and GHOT model via
SPF basis and SHO-3D basis.
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e For GDTI model, the signal E(q) is

N n n3
dx dy q:
E = - Dn1n2n3
“ exp[ nZ:;n1+nzZ+1ng =n (V(l) (V(l) (V(l) ]

Yol -5, 3, poe ] (5 ()
= T A Dnmgng
eXp( 27)SP 25 an;u Vo) \N@) \Va

n=

where the scale g“ is the well chosen to be close to the optimal one based on
the coefficient of ¢°, i.e. £ = m Its truncated Taylor expansion with
maximal order N denoted by En(q) 1s given as

2 N
EN(q) = exp (__g) Z Z dn1n2n3qzl q;lzqz

n=0 ny+ny+n3=n

which contains the main energy of E(q). In the above formula, Ey(q) is rep-
resented by SHO-1D3 basis, thus it is in the space Span{BSHO?’(qI{)}nsN c

nlm

Span{B5F¥ (q|¢)}y<n <2n- So the representation MSE of E(q) by SHO-3D basis and
SPF basis are similar for GDTI model, although SPF basis still has less MSE
due to the residual part E(q) — Ex(q). Based on the linearity of the basis repre-
sentation, the MSE when representing the mixture of GDTI model by SHO-3D
basis and SPF basis are also similar. As a special case, the MSE when repre-

senting mixture of tensor model by these two bases are also similar, although
SPF basis still have less MSE.

e For GHOT model, the signal E(q) is

(_g) [zi SIS )mu)]

n=1 1=0 m=-I

where the scale g“ is the well chosen to be close to the optimal one based on

the coefficient of ¢°, i.e. ¢ = 1{ Its truncated Taylor expansion with maximal
radial order N and spherical order L denoted by Ey;(q) is given as

o N L [
Eni(q) = exp (—37) Z Z >
n=0 0 m=-1

Eni(q) is represented by SPNP basis, thus it is in the space
Span{BrSdf;F @}neni<e-  While Eyi(q) can not be represented by SHO-3D
basis with any finite order N’. So the representation MSE of E(q) by SHO-3D
basis and SPF basis are quite different for GHOT model, and SPF basis still
has less MSE based on Theorem 5.3. Based on the linearity of the basis
representation, the MSE when representing the mixture of GDTI model by
SHO-3D basis and SPF basis are also quite different. As a special case, the
MSE when representing mixture of HOT model by these two bases are also

different, and SPF basis still have less MSE.

148



Based on the above analysis, it is unfair for SPF basis if the synthetic data is gener-
ated by mixture of tensor model, while it is unfair for SHO-3D basis if the synthetic
data is generated by mixture of HOT model. The mixture of tensor model essentially
assumes the signal is in space spanned by SHO-1D3 (SPP and SHO-3D) basis, which
is a subset of the space spanned by SPNP (SPF) basis. Thus in the following experi-
ments, we prefer Soderman cylinder model described in Appendix A [Ozarslan et al.,
2006; Soderman and Jonsson, 1995], which do not assume the space spanned by SPP
(SHO-1D3 and SHO-3D) basis or the space spanned by SPNP (SPF) basis.

5 4 EXPERIMENTAL COMPARISONS
[ ]

Although we have proposed several variants of DOT and DPI, we only compare
QBI, exact QBI, DOT, (orignal DOT), DPI, (original DPI), SPFI and SHORE in
experiments, because they are widely used in dMRI domain. Theoretically, exact
QBI and DOT can be seen as the ODF and EAP estimation from the same mono-
exponential decay model, which has been discussed in subsection 5.2.2. Please note
that SHORE uses quadratic programming with nonnegative constraints to estimate
the coefficients [Ozarslan et al., 2009]. Actually, all these six methods can use convex
optimization with constraints for a better reconstruction. However, to perform a fair
comparison, we implement SHORE and SPFI via least square with regularization A,
in spherical part and 4, in radial part and the scale ¢ is set by fitting the signal to
the GHOT model with order N’ and L’. Least square with Laplace-Beltrami regular-
ization is used for QBI, DOT and DPI [Descoteaux et al., 2007; Ozarslan et al., 2006;
Descoteaux et al., 2010].

5.4.1 Synthetic data
Noise-free experiment

We generate synthetic data using Soderman cylinder model described in Ap-
pendix A [Ozarslan et al., 2006; Séderman and Jonsson, 1995]. The parameters are
set as the same in [Ozarslan et al., 2006]: length L = 5mm, radius p = 5um, free diffu-
sion coefficient Dy = 2.02 x 103 mm?/s, A/ = 20.8/2.4ms. DWI data were generated in
3 shells with b value 500/1500/3000s/mm?, 60 evenly distributed samples per shell.

In the noise free experiment, the data was generated from two fibers crossing with
90° along x-axis and y-axis. The ground truth signal in x-y plane was visualized in
Fig. 5.5, which also showed the reconstructed signals in the six methods. Note that
the reconstructed signals in exact QBI and DOT are the same because they are both
based on mono-exponential decay assumption. L = 8 and 1, = 10~° were set for QBI,
exact QBI, DOT and DPI, L = 8, N = 4 and 4; = 1, = 10~° for SPFI and SHORE. The
scale parameters ¢ in SPFI and SHORE were set by fitting the GHOT model with
N = 1and L’ = 4. For DOT and exact QBI, the signal samples on single shell of
b = 1500s/mm? suggested in [Ozarslan et al., 2006] were used to extrapolate the sig-
nal in other positions based on mono-exponential decay assumption. The single shell
samples were also used to estimate the coefficients for QBI. Please note in QBI, the
signal inside and outside the g-ball was forced to zero as we have discussed. Three
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Figure 5.5: Fitting synthetic noise-free signal by six methods. The left side shows the ground
truth signal and the reconstructed signals from six methods in x-y plane, where exact QBI
and DOT are in the same extrapolate model for diffusion signal. Please note the origin point
in DPI is singular, so we set it as the mean of the 4 points in its neighborhood. The right side
shows the signal values along two lines (Linel and Line2).
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shell samples were used in DPI, SPFI and SHORE. We also plotted the values along
given two lines where Linel is along y-axis and Line2 has 45° azimuth. Along Linel,
the value curves obtained from SPFI and SHORE are much closer to the ground truth
and better than DOT. Along Line2, SPFI, SHORE and DOT obtained very similar re-
sults with the ground truth. DPI gave the worst results where the estimated signal
tends to infinity as ¢ increases, the origin point is singular, and the signal near the
origin has unacceptable very large absolute values. As we have discussed, the recon-
structed signal from DPI is a polynomial along each direction, not a Gaussian-like
decay. In details, the regular term in the basis function in DPI makes the signal
tend to infinity as ¢ increases, and the irregular term makes a singular point when
g = 0. QBI only considers the signal in the g-ball and does not extrapolate signal
in g-space, which is inappropriate for EAP estimation since Fourier transform is a
global transform.

Experiment with Rician noise

The performance on detecting fiber directions of the six methods was compared with
the synthetic data corrupted by Rician noise. The noise was added for 1000 tri-
als with SNR=10. EAP profiles at 15um were estimated from DOT, DPI, SPFI and
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SHORE, and two kinds of ODFs @, and ®,, were estimated from QBI [Descoteaux
et al., 2007], exact QBI [Aganj et al., 2010b], SPFI and SHORE. Note that we did not
compare EAPs from QBI, because EAP in QBI has many negative values especially
when R > 10um as we have discussed in subsection 5.2.2. The maxima of EAP profiles
or ODFs were detected as described in Appendix A. The successful ratio to detect
two maxima was recorded. The mean difference of angle (MDA) was calculated from
the successful trials. An truncated basis is needed for the data corrupted by noise to
avoid overfitting. For DOT, QBI, exact QBI and DPI we set L = 4 and 4; = 0.006 sug-
gested in [Descoteaux et al., 2007]. For SPFI, weset L=4,N=1and 4, =1, = le -8
in practice. For SHORE, please note that N = 3 (N,uex = 6 in [Ozarslan et al., 2009])
used in [Ozarslan et al., 2009] does not work well when SNR= 10. Thus we set N = 2
(Npax = 4) and A; = A, = le — 8 for SHORE similarly with SPFI. The scale parameter
in SPFI and SHORE was set by fitting the GHOT model with N’ = 1 and L’ = 4.

Fig. 5.6 shows the results of EAP profiles, where (A) and (B) are the success ratio
and MDA of the EAP profiles from SPFI, SHORE and DPI using 3 shells, (C) and
(D) are EAP results from SPFI, SHORE, DPI and DOT using only single shell at
b = 1500s/mm?. We use the shell at b = 1500s/mm? because the data at 3000s/mm? has
relatively lower SNR and 1500 was suggested for DOT in [Ozarslan et al., 2006]. It
is clear in Fig. 5.6 that SPFI has best results among mHARDI methods using 3 shell
data, while it has similar results with SHORE in single shell data. SPFI and SHORE
obtain better results even for single shell data than other methods. DOT is better
than DPI in single shell data, probably because DPI is unstable in single shell data
and g, calculated from b = 1500 is relatively small considering the maximal b value
8000 was used in [Descoteaux et al., 2010]. Note that SPFI and SHORE obtain better
results using 3 shell data than using only single shell data.

Fig. 5.7 shows the results of two kinds of ODFs, where (A) and (B) are the suc-
cess ratio and MDA of the ODFs from SPFI and SHORE using 3 shells, (C) and
(D) are for ODF's from SPFI, SHORE, QBI and exact QBI using only single shell at
b = 1500s/mm?. (A) and (B) showed that with 3 shell data ®,, estimated from SHORE
has higher success ratio for large crossing angle and lower success ratio for small
crossing angle than ®,, estimated from SPFI. For SPFI, ®,, has better angular resolu-
tion than @,, i.e. higher success ratio for small crossing angle, while ®; is more robust
to noise for large crossing angle. The results of SPFI agree with the results of ®, from
QBI and @,, from exact QBI (C,D) using single shell data [Tristan-Vega et al., 2010].
However an interesting phenomenon is that for SHORE, ®,, has lower success ratio
for small crossing angle and higher success ratio for large crossing angle than ®@,.
®,, estimated from SHORE has lowest MDA than others. For the ODFs from single
shell data in (C) and (D), @, estimated from SPFI has the lowest MDA, and highest
success ratio for large crossing angle. However, for small crossing angle @, from SPFI
only has higher success ratio than ®; from QBI. ®,, from SPFI has overall highest
MDA and lowest success ratio for large crossing angle. ®, and ®,, from SHORE have
similar results of both success ratio and MDA.

Comparing the results of EAP profiles in Fig. 5.6 and the results of ODFs in
Fig. 5.7, the EAP profile estimated from SPFI using 3 shell data has the best re-
sults. The EAP profiles from SPFI and SHORE using single shell data has the second
best results. Overall the EAP profiles have better results than ODFs, which agrees
previous study on the comparison between @, from QBI and EAP profile from DOT
in [Prckovska et al., 2008].
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Figure 5.6: Evaluation of EAP estimation methods by synthetic data with Rician noise. A, B:
success ratio and MDA respectively for the EAP profiles estimated from SPFI, SHORE and
DPI using the data from three shells; C, D: success ratio and MDA respectively for the EAP
profiles estimated from SPFI, SHORE, DPI and DOT using in single shell with b = 1500;
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5.4.2 Phantom data

The six methods were performed on the public phantom data with 3 shells
(500/1500/20005/mm?) which was used in Fiber Cup in MICCAI 2009 [Poupon et al.,
2008; Fillard et al., 2011]. This data is now a standard test data for evaluating both
estimation methods and fiber tracking algorithms. The ground truth of fiber direc-
tions was shown in Fig. B.1. Note we set the unknown diffusion time v = # for
calculating ¢ values from b values. Please see Appendix B for more details and chal-

lenges on this data.

In our previous studies [Cheng et al., 2010a,b], we set the scale £ based on typical
ADC value, and estimated the EAP profiles at 15um with small regularization 1; and
A,. In this subsection, we would like to compare the robustness of different methods
without regularization. For QBI, exact QBI, DOT and DPI, we set L = 4 and 4, = 0.
We set L =4, N = 1 for SPFI, L = 4, N = 2 for SHORE, 1, = 1, = 0 for both SPFI
and SHORE. Note that as we have analyzed in subsection 5.3.1, SPFI can work with
single shell data without any regularization, while SHORE and DPI do not work for
single shell data if no regularization. Thus for single shell data we considered a little
regularization with 1, = 4, = 107 for SHORE, 1, = 10~ for DPI, and we still use
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Figure 5.7: Evaluation of ODF estimation methods by synthetic data with Rician noise. A, B:
success ratio and MDA respectively for two kinds of ODF's estimated from SPFI, SHORE and
DPI using the data from three shells; C, D: success ratio and MDA respectively for two kinds
of ODFs estimated from SPFI, SHORE, DPI and DOT using in single shell with 5 = 1500;
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Ap = 4; = 0 for SPFI because it is stable for single shell data when N = 1 as we have
analyzed.

Fig. 5.8 shows the effect of scale parameter set by two ways in SPFI and SHORE.
One is to set ¢ as the typical scale based on the typical ADC in Eq. (5.32). The other
one is to set adaptive ¢ by fitting DWI signal with GHOT model with N’ = 1, L’ = 4, i.e.
HOT model. The left part of Fig. 5.8 is the whole field of view of the estimated EAP
profiles based on the adaptive scale ¢ from GHOT model fitting. Two regions A and B
are enlarged for visualization in the following figures on this data set. The right part
of Fig. 5.8 shows the comparison of the EAP fields under two scale selection methods.
For the typical scale set by typical ADC Dy = 0.7 x 1073 mm? /s, SPFI works well at 15um
and 17um, which has been shown in [Cheng et al., 2010b]. For the radius 25um, the
results of SPFI are very noisy. While SHORE works for both radii 17um and 25um,
although the results are not so good. When using adaptive scale, the EAP profiles
from SPFI at 25um are largely improved and have better quality than EAP profiles
from SHORE which seem to remain the estimation quality as the case of typical scale.
The pseudo-ADC map obtained by adaptive scale estimation has pseudo-ADC values
around 1.6 x 1073 mm? /s which is about twice of the typical ADC D,. That is the reason
why these two scale selection obtains different results. Normally EAPs are estimated
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Figure 5.8: Comparison on the scale selection by two ways in phantom data. Left part:
whole field of view of the EAP profiles with Ry = 25um estimated based on adaptive scale,
where two regions are used in are enlarged for visualization in the following figures on this
data set. Right part: the EAP profiles in region B estimated by SPFI and SHORE with two
scale selection ways.
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¥==*adaptive scale| $ * typical scale

SPFI, EAP 25um
adaptive scale

around 15um and EAPs at Ry > 20um are likely noisy [Cheng et al., 2010b; Ozarslan
et al., 2006]. However, please note that the phantom data has very low anisotropy so
that we need to perform min-max normalization for visualization. Thus we believe
for this data it is reasonable that EAP profile is less anisotropic around 15um and
a larger radius is needed. Moreover, in the whole field of view for EAPs at 25um in
Fig. 5.8 the crossing areas are obvious and other areas are also very clean. So in the
following results on this data in this chapter, we always use the adaptive scale by
fitting the GHOT model and estimate the EAP profiles at radius Ry = 25um.

Fig. 5.9 shows the results of EAP profiles estimated from 3 shell data by SPFI,
SHORE, DPI respectively and the results from single shell data by SPFI, SHORE,
DPI and DOT. It is clear to see from Fig. 5.9 that for mHARDI methods, e.g. SPFI,
SHORE and DPI, multiple shell data obtains better results than single shell data.
The results from the single shell data with b = 1500s/mm? is better than the results
from the data with b = 2000s/mm?. That is understandable. The data with higher b
value has better angular resolution but lower SNR, while the data with lower b value
has worse angular resolution but higher SNR. Thus mHARDI methods with multiple
shell data which combines both merits obtain better results. The EAP profiles esti-
mated by DPI from single shell data have many negative values which are removed
in visualization. DPI for single shell data has the worst among all methods for sin-
gle shell data, probably because its basis matrix has very large condition number for
single shell data. For 3 shell data, the EAP profiles by DPI are very smooth, probably
because the incomplete integration introduced by ¢, which is small in this data.
SPFT used in 3 shell data obtains the best results in both regions. SPFI and DOT in
single shell data with b = 1500s/mm? obtain the second best results. It is interesting
to see that for single shell data with » = 1500s/mm?, SPFI has similar but slightly
more noisy results with DOT.

Fig. 5.10 shows the results of two kinds of ODF's estimated by SPFI, SHORE, QBI
and exact QBI from single shell and three shell data. For three shell data, @, es-
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Figure 5.9: EAP profiles estimated by SPFI, SHORE, DPI and DOT from phantom data in
single shell and three shells.
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timated by SPFI seems sharper but slightly more noisy than ®,, by SHORE, which
agrees with the ODF results of synthetic experiment in Fig. 5.7(A). For single shell
data with b = 1500s/mm?, ®,, estimated by SPFI and exact QBI are similar and they
are slightly sharper but more noisy than @, estimated by SHORE. An interesting
thing is the ODF by Tuch @, estimated by SPFI, SHORE and QBI from single shell
data are much similar. That is because the estimated ®; from these three methods
in this data are much smooth and the difference between them are slightly visible
before min-max normalization. However, min-max normalization enhanced the di-
rections and discarded these small difference of shape. For single shell data with
b = 2000s/mm?, ®,, by all methods are too noisy. ®, by three methods are very similar.

Compared to ODFs, the EAPs estimate by SPFI from 3 shell data and EAPs esti-
mated by SPFI and DOT from single shell data with b = 1500s/mm> seem to be more
clean and sharper. This agrees with the previous results in synthetic data. Note that
SHORE did not obtain good results in both single shell data and 3 shell data as it did
in synthetic experiments. That is probably because we use a larger radius Ry = 25um
and the SNR is higher than the SNR in synthetic experiments.

5.4.3 Real Monkey data

These six methods were also performed in a real monkey data with three shells
(b = 500, 1500,3000s/mm?). Each shell has the same thirty evenly distributed sam-
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Figure 5.10: Two kinds of ODFs estimated by SPFI, SHORE, QBI and exact QBI from phan-
tom data in single shell and three shells.

ples. Please refer Appendix B for more details on this data set. In our previous
studies [Cheng et al., 2010a,b], we set the scale / based on typical ADC value, and
estimated EAPs/ODF's with small regularization. In this subsection, we would like
to demonstrate the parameter selection based on scalar maps, and compare different
methods without regularization. The same parameters were used in methods in this
data as the parameters in phantom data.

Fig. 5.11 shows the parameter selection process. The pseudo-ADC map with
(N’,L") = (1,4) ranges from 5.6 x 107 to about 1.4 x 1073 mm?/s which is twice of the
typical ADC. The pseudo-ADC map with (NV’,L’) = (2,4) ranges from —1.1 x 1073 to
about 3.3 x 102mm?/s which is five times of the typical ADC. Note that the pseudo-
ADC map with (NV',L’) = (2,4) has large range with negative values, which is not
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Figure 5.11: Scalar maps for parameter selection in real data. The first column includes the
pseudo-ADC map under (N, L) = (1,4) and (N',L’) = (2,4). (N’,L’) = (1,4) is used to generate
the scalar maps in the second and third columns because of its better quality. The second
column includes the GFA maps under (N,L) = (1,4) and (N,L) = (2,4). The third column
includes the MSD map and RTO map under (N, L) = (1,4). (N,L) = (1,4) is used in EAP/ODF
estimation and scalar map estimation in the third column because of its better quality.

pseudo-ADC, (N', L") = (1,4)

GFA, (N,L) = (2,4) RTO, (N,L) = (1,4)

pseudo-ADC, (N', L") = (2,4)

appropriate. Pseudo-ADC map with (N,L) = (1,4) has better quality with normal
range in brain. Thus we fix (N’,L’) = (1,4) to obtain scale ¢ for this data. It can be
seen that the pseudo-ADC map has similar contrast with ADC map (i.e. MD map) in
tensor model in Fig. 4.7. The Cerebrospinal fluid (CSF) has high pseudo-ADC value.
In GFA maps, the anisotropic areas have high intensity, which means it is indeed the
generalized version of previous FA for tensors and GFA for ODFs. The CSF areas
have high intensity in MSD map and low intensity in RTO map. That is because CSF
areas have high diffusivity although the anisotropy of these regions is low. The GFA
map with (N, L) = (1,4) has better contrast and is smoother than the GFA map with
(N,L) = (2,4). Thus we fix (N, L) = (1,4) for the estimation of ODF/EAP fields and other
scalar maps. See the whole filed of view of the estimated ODFs and EAP profiles at
15um in Fig. 5.12, where a square region is marked in EAP field and is enlarged for
visualization of ODF and EAP results in Fig. 5.13, 5.14 and 5.15. Comparing the esti-
mated EAP field and two kinds of ODF field shown in Fig. 5.12, an obvious advantage
for EAP profile and ODF by Wedeen ®,, over the ODF by Tuch @, is that we do not
do artificial min-max normalization for EAP profile and ®,, because they are sharp
enough compared to ®,. Moreover, the estimated EAP profile and ®,, are isotropic
in grey matter areas and anisotropic in white matter areas. If we perform min-max
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Figure 5.12: Whole field of view of the estimated EAP profiles at 15um and two kinds of
ODFs with (N, L) = (1,4), (N,L) = (1,4) in real data. The glyphs of EAP profiles and ODFs
are colored by the GFA for spherical functions which is also used to set the background color.
The square region marked in EAP field is enlarged for visualization of ODF/EAP glyphs in
the Fig. 5.13, 5.14, and 5.15.

EAP profile

ODF by Wedeen @, ODF by Tuch @,

Figure 5.13: EAP profiles in real data estimated from SHORE and SPFI under different
order and different scale selection. GFA for spherical functions is used to set the color of
glyphs and the background.

normalization, the grey matter areas become more anisotropic which may bring some
errors in the following tractography.

Fig. 5.13 shows the EAP profiles by SPFI and SHORE with the scale ¢ set by
two ways, i.e. the typical scale and the adaptive scale by fitting GHOT model with
(N',L") = (1,4). When (N,L) = (1,4) is used in SPFI, the EAP profiles with adap-
tive scale are sharper in the marked square area than the results based on typical
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Figure 5.14: EAP profiles at 15um estimated by SPFI, SHORE, DPI and DOT from real data
in single shell and three shells. GFA for spherical functions is used to set the color of glyphs
and the background.

SPFI

3 shell data, b = 500, 1500, 3000s/mm>

SHORE DPI

single shell data, b = 1500s/mm?

SPFI SHORE DPI DOT

single shell data, b = 3000s/mm?

scale. However, when minimal order N = 2 needed for anisotropic diffusion is used
in SHORE, the results from adaptive scale seem to be worse than the results from
typical scale. See the marked square region. An interesting thing is that the results
from SPFI with (V,L) = (2,4) and adaptive scale are very similar with the results
from SHORE with N = 2 and adaptive scale. The results from SPFI with (N, L) = (2,4)
and typical scale are similar with the results from SHORE with N = 2 and typical
scale. This phenomenon can be explained by Theorem 5.3. However, the results from
SPFI with (N, L) = (1,4) and adaptive scale are better than the results from SHORE
with N = 2 and adaptive scale. The results in this figure showed that in some cases,
we need to use low order in radial part compared to the high order in spherical part.
While SHORE forces n > [/2, which may bring some overfitting effect. SPFI com-
pletely separates the radial part and spherical part, which gives more freedom to
select different orders in two parts. Note that since adaptive scale is well estimated
when low order N = 1 is used, low order in radial part may be enough for a good
estimation in this data.

Fig. 5.14 shows the EAP profiles at 15um estimated from both multiple shell data

159



CHAP. 5: ANALYTICAL SPHERICAL POLAR FOURIER IMAGING

Figure 5.15: Two kinds of ODF's estimated by SPFI, SHORE, QBI and exact QBI from mon-
key data in single shell and three shells.

SPFI - SHORE SPFI SHORE

ODF by Wedeen ®,,(r), 3 shell data | ODF by Tuch ®,(r), 3 shell data

ORE exact QI SPFI HOR QBI

ODF by Wedeen ®,,(r), b=1500 s/mm? ODF by Tuch ®@,(r), b=1500 s/mm?

SPFI SHORE exact QBI SPFI SHORE QBI

ODF by Wedeen ®,,(r), b=3000 s/mm> ODF by Tuch @,(r), b=3000 s/mm?

and single shell data using SPFI, SHORE, DPI and DOT. With three shell data, SPFI
obtains the best results, while SHORE has a little overfitting. The advantage of SPFI
over SHORE is just to use lower order in radial part, because SPFI with (N, L) = (2,4)
obtains similar results by SHORE with N = 2 as we have discussed above. EAPs in
DPI are also less anisotropic, because we did not do min-max normalization like [De-
scoteaux et al., 2010] and the maximal b value for ¢, used here is 3000, while 8000 is
used in [Descoteaux et al., 2010]. For single shell data, in all methods the results from
data with » = 1500 are better than the results from data with » = 2000. Once again
b = 1500s/mm? seems the optimal b value for estimation on single shell data [Ozarslan
et al., 2006]. DPI fails in single shell data probably due to its unstablility in single
shell data. SPFI and SHORE obtain similar results in single shell data, and their
results are more sharper than DOT, which agrees with the synthetic experiment in
Fig. 5.6(C).

Fig. 5.15 shows the ODFs ®,, and @, estimated by SPFI, SHORE, QBI and exact
QBI from both three shell data and single shell data. Both ODFs by SPFI and SHORE
from three shell data seem to be very similar. For single shell data, ®, by SHORE
is more robust to noise than ®,, by SPFI and exact QBI, because it obtains cleaner
isotropic glyphs in grey matter areas, especially when b = 3000s/mm?*. This agrees
with the results of synthetic experiment in Fig. 5.7. However, for single shell data, @,
estimated by SPFI is more robust and anisotropic than ®, estimated by SHORE and
QBI, which also agrees with the experiment in 5.7.

Comparing the estimated EAP profiles and two kinds of ODFs, the EAP profiles
generally have better angular resolution. EAP profile estimated by SPFI with three
shell data is the best one, and the EAP profile estimated by SPFI and SHORE from
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single shell data with b = 1500s/mm? are the second results. EAP profiles by DOT
takes the third position.

5 5 SUMMARY
[ ]

In this chapter, based on the SPF basis and least square estimation proposed
by Dr. Assemlal, we have proposed the analytical Spherical Polar Fourier Imaging
(SPFI), which analytically estimates EAP, ODFs, MSD, GFA, RTO by representing
signal with SPF basis. The implementation of SPFI includes three steps, i.e. scale
estimation, SPF coefficients estimation, analytical linear transforms for EAP and its
various features. See Table 5.1 for the process. In scale estimation, we proposed two
ways. One is to set scale ¢ based on typical ADC value in Eq. (5.32). The other one
is to fit the signal with GHOT model and set scale parameter by the pseudo-ADC in
GHOT model, which was proved in Theorem 5.1 to be the optimal scale for infinite
radial terms. In least square estimation of SPF coefficients, we proposed to consider
the prior E(0) = 1 to improve the estimation results. In analytical linear transforms
for EAP and its features, we proposed in proposition 5.1 the closed form of Fourier
dual SPF (dSPF) basis that is the Fourier transform of SPF basis. Then EAP can
be represented by dSPF basis with the same coefficients of signal under SPF basis
as shown in proposition 5.2. Proposition 5.3 and 5.4 proved that two kinds of ODF's
®; and ®,, can be analytically represented by SH basis with the coefficients obtained
from linear transforms of the pre-estimated SPF coefficients. The effect of diffusion
time and parameter selection were also discussed in subsection 5.1.3.

Our derivation of EAP is based on plane wave expansion in Eq. (5.12) which seems
more fundamental than addition theorem and Funk-Hecke theorem used in analyti-
cal QBI derivation. See the relation of these three theorems in Appendix 5.7.

The SPF basis can be seen as a generalization of SH basis from S? to R? by con-
sidering radial basis. In this sense, SPFI can be seen as a generalization of QBI
or DOT. Actually our work showed that it is an easy job for analytical ODF and
EAP estimation. We proposed a general framework named Analytical Fourier Trans-
form in Spherical Coordinate (AFT-SC) to incorporate and compare most widely used
sHARDI and mHARDI methods, e.g. QBI, exact QBI, DOT, DPI, SHORE, SPFI. In
this framework, we also proposed several variants of DPI and DOT which are ana-
Iytical ODF/EAP estimation methods and can be seen as bridges to demonstrate the
relation of various methods. Please refer Table 5.2 for methods in AFT-SC frame-
work. QBI can be explained in AFT-SC framework by considering radial decay as
a delta function. We derived the closed form for EAP in QBI and analyzed why it
obtains many negative values for large b value. We also explained why the estima-
tion of ®,, in QBI fails. SHORE is similar with SPFI. We derived the closed form for
EAP and ODF's, GFA for SHORE. For DPI and DOT, we theoretically analyzed their
limitations and proposed several variants to avoid the limitations. Those variants
also serve as bridges to demonstrate the relations between different methods. For
example DOT, uses SPNP basis which is proved to be equivalent with SPF basis in
Lemma 5.2.

In order to evaluate the different basis function used in different methods, we pro-
posed several criteria for evaluation. Please refer Table 5.3 in details. A good basis
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should be orthonormal such that it is model-free, and it also should satisfy the listed
three priors. A good fitting of the given DWI samples is just a necessary condition,
not a sufficient condition for a good EAP/ODF estimation. DPI has bad performance
partially due to that it uses the basis that does not satisfy the priors, and the in-
troduction of ¢, for incomplete integration is another big problem. SPF basis and
SHO-3D basis are better than other bases in these criteria except the separation of
spherical and radial parts. SHO-3D basis partially separates these two parts since
it forces higher order in radial part than spherical part, while SPF basis separate
them completely. Separating these two parts can let us give different orders in dif-
ferent part. Normally low order is needed in radial part, but high order is needed in
spherical part. We also analyzed the instability of mHARDI methods in single shell
data. DPI and SHORE are unstable which need regularization to obtain meaningful
results from single shell data. However, SPFI with order N = 1 is stable in single
shell data which can work without any regularization.

Since SHO-3D basis and SPF basis are similar, we theoretically compared these
two bases. Essentially, SHO-3D basis uses Gaussian polynomial basis in radial part,
while SPF basis considers Gaussian non-polynomial basis in radial part. Their rela-
tion can be seen in Theorem 5.3. SPF basis completely separates the spherical part
and radial part, such that we can give low order in radial part and obtain robust
results, which has been validated in experiments.

We now summarize the contributions of this chapter.

1. Based on the previous work on SPF basis and least square estimation by Dr.
Assemlal, we proposed analytical SPFI. Please refer Table 5.1 for the method
which includes three independent steps. The main contribution is the analytical
linear transforms in the third step.

(a) In the first step, we proposed two ways form scale parameter estima-
tion. The first way is to set scale ¢ based on the typical ADC value D
in Eq. (5.32). The second way is to set scale by fitting the GHOT model,
which was proved to be optimal for infinite radial terms in Theorem 5.1.
In the first way, the scale is shared in every voxel, which largely acceler-
ates the whole estimation process. Then the following operations on the
estimated EAP field can be performed on coefficients because EAPs in dif-
ferent voxels are represented by the same dSPF basis. In the second way,
the scale is adaptive in each voxel, which normally obtains better estima-
tion results. However, the estimation process takes more time because the
basis matrix is different in each voxel, and the following operations on EAP
filed need to consider the basis.

(b) In the second step for SPF coefficients estimation, we proposed to consider
E(0) = 1 in the estimation process. It has several advantages. First, it im-
proves largely the results because the estimated signal satisfies the prior
E(0) = 1. Second, it makes mHARDI methods more stable for single shell
data, because it reduces the number of unknown variables in estimation.
Third, since it reduces the number of variables, it accelerates the estima-
tion process.

(c) The third step is the analytical linear transforms for EAP and ODFs in
proposition 5.2, 5.3 and 5.3. In proposition 5.1, we proposed the ana-
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lytic form of Fourier dual SPF (dSPF) basis which is the Fourier trans-
form of SPF basis. dSPF basis is proved to be an orthonormal basis. The
three scalar indices, RTO, MSD, GFA are given in Eq. (5.22), Eq. (5.26)
and Eq. (5.28). Note that the GFA in Eq. (5.27) is for EAPs defined in
R3, which is the generalization of GFA for ODFs and EAP profiles defined
in S? and FA for tensors defined in S ym;. With SPF basis representation,
Eq. (5.27) can be analytically written as Eq. (5.28). Compared to numerical
SPFI in [Assemlal et al., 2009a; Assemlal, 2010], the proposed analytical
linear transforms avoid the numerical errors.

(d) We analyzed parameter selection by scalar maps in subsection 5.1.3 and
the effect of diffusion time in proposition 5.5.

2. We proposed Analytical Fourier Transform in Spherical Coordinate (AFT-SC)
framework, which incorporates most widely used sHARDI and mHARDI meth-
ods and demonstrates well their relations. Based on AFT-SC framework, an an-
alytical ODF and EAP estimation seems to be a very easy job. We demonstrated
some variants of methods which can be used as the analytical estimations and
avoid the limitations of the original methods. See Table 5.2 for the methods in
AFT-SC framework.

(a) QBI considers delta function as its radial basis. We derived the EAP in
QBI, and discussed why EAP in QBI and @,, in QBI are both impracti-
cal. We derived the analytical QBI for ®, in a new way based on plane
wave expansion. This is different from previous derivations of analytical
QBI based on the addition theorem and Funk-Hecke theorem. Plane wave
expansion can derive the other two theorems which are proved to be equiv-
alent. See Appendix 5.7. Thus plane wave expansion theorem seems to be
more fundamental than the other two theorems.

(b) We derived correct form for SHORE, which uses SHO-3D basis. We gave
the analytical solution for EAP, ODFs, and other indices in SHORE. We
also showed how to consider E(0) = 1 in SHROE.

(c) DPI considers regular and irregular polynomial terms as its radial basis.
The regular terms make the estimated signal tends to infinity as ¢ in-
creases and irregular terms make original point singular. We proposed
DPI; to avoid the limitations in DPI. The basis in DPI; is a specific part of
SHO-3D basis.

(d) DOT can not be used in multiple shell data. We proposed DOT; and DOT,
to generalize the original DOT for multiple shell data. DOT, uses SPNP
basis which is proved to be equivalent with SPF basis in Lemma 5.2. Thus
SPFI can be seen as a generalization of DOT.

3. We proposed several criteria for evaluation of different basis in different meth-
ods. See Table 5.3.
(a) The basis should be complete such that the method is model-free.

(b) The basis is better to be orthogonal. There are several advantages for esti-
mation with orthogonal basis.

(c) The basis should satisfy the three priors of E(q) in estimation, i.e. the prior
E(0) = 1, E(q) tends to zero as g increase, and the radial decay of E(q) is like
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(but NOT) a Gaussian function. DPI does not satisfy these priors because
of the regular and irregular polynomial terms, which is the main reason
why DPI fails in experiments. Another reason is the ¢, for incomplete
integration. The limitations of DPI can be avoided by removing irregular
terms and considering the product of the regular terms and Gaussian func-
tion, which results in DPI;. The basis of DPI; is a subset of SHO-3D basis.
In this sense, SHORE can be seen a generalization of DPI.

(d) The bases in mHARDI methods are generally unstable for single shell data
so that the regularization is always needed. However, SPF basis is stable
for single shell data by considering E(0) = 1 and N = 1, which works without
any regularization.

(e) The basis is better to separate completely the radial part and spherical
part, such that we can give different order in different part. SHO-3D basis
forces n > I/2 which may result in overfitting. SPF basis separate these two
parts completely.

4. We theoretically compared the difference between SHO-3D basis and SPF basis.
Theorem 5.2 shows the equivalence between SHO-3D basis, SHO-1D3 basis and
SPP basis. Lemma 5.2 shows the equivalence between SPF basis and SPNP
basis. Essentially SHO-3D basis is the Gaussian polynomial basis, while SPF
basis is the Gaussian non-polynomial basis. SPF basis contains two parts of
basis. One is the polynomial part and the other one is non-polynomial part.
Theorem 5.3 demonstrates that the function space spanned by SHO-3D basis
with order N is a subset of the function space spanned by SPF basis with order
(N,2N). The space spanned by SPF basis can not be represented by SHO-3D
basis with any finite order.

5. The experiments showed that EAP profile generally has better performance
than ODF's, and the proposed scale estimation largely improves the results of
SPFI. For multiple shell data, SPFI obtains better EAP estimation than others.
For single shell data, SPFI, SHORE and DOT with » = 1500s/mm? have better
EAP estimation than others. The experiment also demonstrated that the bet-
ter performance of SPFI over SHORE is probably because SPFI can give lower
order in radial part to avoid overfitting.

5 6 APPENDIX A: PROOFS ON ANALYTICAL SPFI
[ ]

Proof of Proposition 5.1 on analytical form of dSPF basis. Based on the plane
wave equation in Eq. (5.12)

BEPFRI) € F(G(ql) Y @)(R) = fR Gul@lO)Y]" (W) cos(2rig" R)dg

00 4
= 4n f Gn(qlf)Yl’”(u){Z > (—1)l/”mzfqu)Y;?’<u)Y;"’<r)}dq

U'=0m'=-I

= 4n(-1)"? { fo jl(2ﬂqR)Gn(Q|§)q2dQ} Y/'(r) (5.85)

Iln(R)
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where we use the orthonormal property of SHs, i.e. sz Yﬁ(u)Yl’,”'(u)du = 81 Omm, and
define I,,(R) = [;” j(2nqR)G,(ql{)q*dg. Considering Eq. (2.63) in Eq. (5.2), i.e.

n—1i )i

N (n+05\1
Loy = Y i, 1= (—1)’(" y )—
i=0

we have

k(O <
2VR &

Then consider the property of Bessel function in Eq. (2.82) [Gradshteyn and Ryzhik,
2007]. In Eq. (5.86) @ = 0.5, B =2nR+{, v =1+ 0.5, u = 2i + 1.5, then we have

In(R) = I fo X213 110.5Q2R A2 x) exp(=0.5x%)dx (5.86)
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Put it into Eq. (5.85), we proved Eq. (5.13).

Because of the orthogonality of SPF basis and Parseval’s theorem, we have

nlm nlm n'l'm nlm n'l'm’

Thus {BIPF(R)} is an orthonormal function set. Y f(R) € L2(R?, 1), f(q) = Z{f(R)}(q) is
also in L*(R3?, 1). So the MSE for given N and L is

| ‘

which means the MSE converges to zero as N and L increase, because SPF is or-
thonormal basis. So dSPF basis is also an orthonormal basis in L*(R3, 1). O
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Proof of Proposition 5.3 on analytical form of ®,(r). Put Eq. (5.1) into Eq. (4.64),
we can easily obtain the solution.
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where P;(0) is the Legendre polynomial of order ! at 0. We obtain Eq. (5.87)
because SH is the eigenfunction of the FRT in Corollary 2.4 [Descoteaux et al.,
2007]. From Eq. (5.87) to Eq. (5.88), we use the property of Laguerre polynomial
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in Eq. (2.84) [Gradshteyn and Ryzhik, 2007]. Thus here we have a linear transforma-
tion from the coefficients a,;, of E(q) to the coefficients c;IrZ in Eq. (5.18). Please note
that the Dr. Assemlal in [Assemlal, 2010, pp. 122] gave a solution for ®,(r). However,
the integrand there was wrong because of wrong volume element. Here we give the
right analytical formulae.

Note that @,(r) can also be proved by the integration of P(Rr), i.e.

1 (09
@m=§u;mmmﬂwm

Considering Eq. (5.14) and Eq. (2.85), we can obtain the same c "in Eq. (5.18).
Considering Eq. (2.80), the lower incomplete gamma function in Eq. (2.79), and
2, O i _ n+0.5\1
L, (x)—;lnx, = (- 1)( N

we have

N L 1} C? /{
o, 0= ZEY Y Y, aun (PO ) ( 40 )L‘”(x)dx] (5.89)

z
—52 Z Enlk ") —7( i +1,0.5C*/0)P(0)anim | Y}"(r)
Z ] (e n n—i ) nlm

0 i=0

Thus we have the coefficients c;l:r;(C ) under SH basis in Eq. (5.19).

Note although Eq. (5.18) and Eq. (5.19) seem to be different, it can be verified that

(Dt(r) = CIE)I;O q)t(r7 C)’ Ci; = CIEEO C;I:';(C)

Proof of Proposition 5.4 on analytical form of ®,(r). Similarly, put Eq. (5.1)
into Eq. (4.64), then we can obtain the analytical expression for ®,,(r).

1 N L [ 27 0o Gn
i S el [ e [ 2

However, we can not solve it just like what we did for ®,(r), because the division
by ¢ introduces a pole. It is a little hard to find the analytical solution for ®,(r),
and [Assemlal, 2010; Assemlal et al., 2009a] did not give any solution for that. We
solve this problem by considering E(0) = 1, which is a true fact for any DWI data.
That means, for our basis, the following identity holds for all u € S°.

1=E@©) = ) aunGp0)Y]"W) = > dukn(OY]"@) = 1, Vu e §? (5.90)
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Also keep in mind that a constant addition inside A, does not change the final result.
First we consider the integral inside a given disk II, ¢ whose radius is C, instead of in
the whole plane in Eq. (4.64), then we have

11 AE@Q) - E0)
0.0 = o | dgdu
11 ii i . ( f A ( f“ Galgl)) = Ga(OI0) )Ym(u)é(rTu))du
In 87‘[2 Lidd L nlm 52 b 0 q q|t;
1 1 N 1
=52 Z Z Z Animkn($) ( f Abln(C)Y?(r)a(rTu)du) (5.91)
O 20120 me— s?

Now there is no pole! For I,,(C) we have
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= Ejo‘ f + ; lnx exp(—i) dx
= 0.5(—y — E1(0.5C?/¢) —10g(0.5C?/£)) + 0.5 Z I12(i,0.5C?/¢) (5.92)
1(C) i=1
X(C)
where y ~ 0.5772 is the Euler—-Mascheroni constant, E;(x) = fx * %(_I)dt is the expo-

nential integral. Although there are two parts in 7,(C), and I'(C) is independent of
n and it tends to infinity as C increase, it actually has no contribution for ®,(r,C),
because

D Guna QY] WI'(C) = 1'(C)

nlm

is a constant inside A,. Then considering Y;"(u) is the eigenfunction of FRT and A,,
we have the analytical result for ®,,(r,C) in Eq. (5.93).

1 1 N L 1 n o .
y(r.C) = 2~ ~ o Zl ; mzl Animkn(0) Zl 1:2y(i,0.5C2 /)PiO) (=D + DY"(r)  (5.93)

Considering Y(()’(u) = \/#47, we have the coefficients ci;"(C) in Eq. (5.21). Let C tends to

infinity and consider limc_,a ¥(i,0.5C?/¢) = (i - 1)!, then we have
Qu(r) = lim O,(r.0). 7 = fim /()

and coefficients c;i;” are shown in Eq. (5.20). |

167



CHAP. 5: ANALYTICAL SPHERICAL POLAR FOURIER IMAGING

Proof of Theorem 5.1 on scale selection for SPF basis. Rewrite E(q) as

b [e'e] 2 n "
E(q) = exp(—%oqug)eXP - bnlm(z,_l) ¥ (w)
(ndt1.0.0)
k
bioog* \ < 1 S q )n
= — |- bum| =1 Y (u (5.94
( 20 \m )Z::Ok! %:‘ : ({1 rw :
(n,1,m)#(1,0,0)
s S 7\
= exp (—2§ ) 1+ Z Cim (f_) Y/ (u) (5.95)

nim
(n,l,m)#(1,0,0)

In Eq. (5.94), we use Yo(u) 7 and exp(x) = X7 77- In Eq. (5.95), we set £, = b.f’
and put scale /; into the coefficients. Note when we set £ = ¢, as the scale parameter in
SPF basis, the first term, which is a Gaussian function and normally has the largest

energy in DWI signal, is presented by the first SPF basis. If { # {., we need infinite

radial terms to represent the Gaussian function exp(—f—i), which results in the leak
of energy. See the following analysis. ‘

Let cooo = 1 and c¢190 = 0, then Eq. (5.95) is separated into three parts E;(q), E2(q)
and E3(q).

[Se]

N L 00
E(q Z Z Z Cnll1zB,§]1;1NP(q|§*) + Z CnlmB,S,lE;NP(qM*) + Z CnlmB,S,ll;NP(ql{*)

n=0 [=0 m= nlm nlm
n>N, and I<L I>L
Ei(q)

Ex(q) E3(q)
(5.96)
Note Ej is orthogonal to E;, E; and {lefn F(ql)}i<L, because the orthogonality of SHs.
Thus

MS Eni(Q) = IEs(@I + Z (Ei(@ + Ex(@), By, (4l0)

= [|Es(qQ)II* +

||| MN Il M\

Z (<E1<q), BPE(qi))? + (Ea(q), By (ql0))?
n=N+

+2(E1(q), BS;F<q|4>><Ez(q), BSPF(ql0))

where ||E3(q)|* is independent of ¢, and

N
(E(@), Byt @) = ) coum(ByNT (@&, By (al0)
n1=0

[ee)

(Ex(@), By @) = > crum(BINT (@), By (@)
n=N+1

Note because ||E(q)|]* is finite, we have

L 1 )
Jim D0 ), D (E@. BT @) < lim [Ex@ =0

=0 m=-In=N+1
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So we have

L l o
lim MSEnu(@) = IEs@IP + >, > > (Ea@). Bop! @) (5.97)
o 1=0 m=—I n=N+1
If £ = ., the linear independent SPNP basis set {B}’SLI]; NP(qlg"*)} 0<neN.0<ml<L and the

SPF basis set {Brsl};1 Fqlc No<n<n0<mi<z. are two bases of the same function space. That
means

L ! 00 .
SPF 2 ]=0 if I=¢
ZZ Z ; (Ei(@), B3 (@) {> 0 if £er

It is positive if ¢ # ., because exp( e ) can be separated as

7\ _ 4 24— ¢ C\ (4 =4\
P (_24*) Xp(_z?) =P (" 2L )_exp(_z?);(zm) !

which makes E; be represented by infinite SPF basis {BSF¥(q|¢)}. Then consider-
ing Eq. (5.97), we have

lim MSEyi(0) > lim MSExi(¢) = |Ex@IP
which proves the theorem. |

Proof of Proposition 5.5 on the invariance of diffusion time . Since we only
know b values and gradients {u]}jjV °., we need to rewrite Eq. (5.36) with respect to
b values, i.e.

17

N L I b n
E(qu) = exp {— 2002 bnzm(m) Y/ (W) (5.98)

n=1 1=0 m=-1
Then the solution under a certain estimation for & = (b1, - ,byzz)’ will obtain the
coefficient of bY)(u) as
b1oo
A2ty

Note that no matter which estimation is used the estimated coefﬁcient is only depen-
dent on DWI samples {E(q J)} o1 b values {b; } , and gradients {u} *,» which means
b1oo

Vg

is theoretically invariant under changes of v and /;. However, an inappropriate ;
may result in a large condition number of the basis matrix. So T is theoretically
invariant but numerically changes if an inappropriate unit of » and a very large N
are used, which is the reason why we set ¢; = 0.5¢2,, such that ﬁ € (0,2) and we

have a good numerical accuracy.

The scale parameter ¢ calculated by b;¢ is

_baNT_ 1
[ = —bmo = (5.99)
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Now we rewrite the SPF expansion in Eq. (5.1) as

S b
E(‘l) ZZ Z anlmKn(éw) eXP( 872 é,) ;}1/2 (W) Ylm(ll)

n=0 =0 m=

N L b 12 b
= Z Z Animkn (L) EXp (— 87r2T)L” (4ﬂ2T)Ylm(“)

n=0 [=0 m=-1

So no matter which estimation method is used, a,;,«,() is invariant under the change
of r. Or an;mg‘% is invariant, considering the definition of «,(¢) in Eq. (5.2). Then
based on Eq. (5.18), Eq. (5.19), Eq. (5.20), Eq. (5.21), the estimated ODFs @,(r),
@,(r,C), ®,,(r), O, (r,C) are invariant to the change of 7. Based on Eq. (5.22), Eq. (5.26)
and Eq. (5.28), RTO, MSD and GFA are also invariant.

For EAP, based on the definition of F,;(R) in Eq. (5.14), we have

T—IS I+1.5 Kn(é) "
Fnl(RM) ( ) (n +0. 5)( 1) 20 Sl+i+1.5

TOSHLS(—1YPT(1+ 1.5) &\ n—i | i

rosi+i+151Fi(———;1+
( NnFi( N

2i+1+3 3 2% (R 2)
2 2T

Considering ¢ = % and a,k,(0) are invariant, we have

N L 3/2
P(Rr, 1)) :ZZ Zanlm Fu(RIOY(x) = ( ) P( :—;Rr,ﬁ) (5.100)

n=0 =0 m=-1

where P(Rr,71) and P(Rr, ;) are the EAPs estimation from 7; and 7, respectively. So
the axis of EAP will be scaled when 7 changes. m]

5 7 APPENDIX B: PROOFS ON THE RELATION OF THREE
THEOREMS ON SPHERICAL HARMONICS

Theorem 5.4. Funk-Hecke theorem 2.7 and addition theorem 2.6 are equivalent.

Proof. The proof has two parts.

1. From Funk-Hecke theorem 2.7 to addition theorem 2.6. Let g(u’v) = Pu’v).
For a given v, P;(u’v) is a spherical function of u. So P;(u’v) can be written in
Laplace series as

0 4
P@'v)=>" > @) o = f P o)y (w)du

V=0 m=—1'

Based on Funk-Hecke theorem 2.7, we have
47
cp = f ; Py(u" o)y} (w)du = 27y} (v) f PPy (Dt = 50—y (@)

So Pu'v) =3 % y/'(v)y(w), which is the addition theorem 2.6.
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2. From addition theorem 2.6 to Funk-Hecke theorem 2.7. Yu,v € S* and g(r) €
L*([-1,1],1), we have

r - r 20 +1 !
sw'v)= ) aPrw'v) o == g(Py(1)dt
-1

I'=0

Based on addition theorem 2.6, we have

) 4 1
swlv) =20y 3 ([ sornoat @

=0 m'=—1

After performing inner product with y/"(v) in two sides of above equation, we
have

1
fsz sopf )y = (2x f BOPIOA)] )

which is the Funk-Hecke theorem in (2.36).

O

Theorem 5.5. Funk-Hecke theorm 2.7 and addition theorem 2.6 can be proved by
plane wave expansion theorem 2.8.

Proof. Because the equivalence between Funk-Hecke theorm 2.7 and addition the-
orem 2.6, we only need to prove addition theorem 2.6 from plane wave expansion
theorem 2.8, which is as follows.

In Eq. (2.52), let x = (R,6,¢) and k = (1,6, ), then integrate (8, $) over S?, we have

o ] ©
R =3V @) iR = Y )@+ 1) jiR) (5.101)
=0

1=0 m=-1

In Section 2.5.3, we have already shown that the plane wave ¢®'k is a solution of
Helmholtz equation in Eq. (2.48), and the general solution is given in Eq. (2.50). If
x = (R,6,¢) and k = (k,0,0), then x”k = Rkcos(9) which is independent of ¢. If we
assume the general form of the solution that is independent of ¢ as g(x) = F(R)O(9),
then after some derivation based on separation of variables, we obtain the general

solution independent of ¢ as

(o)

/
gR,0) = > " (@] jikR) + b"yi(kR))Py(cos(8))

1=0 m=—1
Then b} = 0 since y(Rk) is singular at R = 0, and we have

(o8]

eRhes® = X" 4y j(kR)Pi(cos(6))
=0

Let k= 1,60 =0 (or 8 = ), and consider P;(0) = 1, P;(—x) = (=))'Py(x), VI, we have

e =3 (&) aji(R) (5.102)
=0
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Comparing Eq. (5.102) with Eq. (5.101), we have q; = 2]+ 1 and

eFiReos®) — Z(ii)l(Zl + 1) ji(R)P(cos(8)) (5.103)

For two 3D vectors x = Ry and k = Rpv, where u and v € S?, we have

(o8]

eiika — eiinRkuTv — Z(ii}l(21+ 1)jl(Rka)Pl(uTv) (5104)
=0

Since P;(u’v) is a spherical function of v and u, we can set it as

P o)=Y Y it @)y o)

li,my L,my

where 3, ., o 2=0 Zm - Then by combining the above two formulae and compar-

ing them with Eq. (2. 52) we have the equation

Z Ar(=i) ji(ReRp)y; (w)y) (v) = Z Z Z )@l + 1) J,,(Rka)c;y;erzy;rlu(u)ymz(v)
Lm

I'=01y,my lh,my

Then by performing inner products with Y ™ (v) and y 2(uw) in both sides, we have

(i) jiReRS" 0" = D D) @+ 1) (ReRp )l
I'=0

The above equality holds ¥V RyR. So we have

m1 my __ 6mm1 mMmny 47[
llllz /A 1153 21+ 1
then
P(u'v) = Z @)y )
which proves the addition theorem 2.6. O

5 8 APPENDIX C: EXACT EAP AND ITS FEATURES IN MIX-
TURE OF TENSOR MODEL

In this Appendix, we would like to deduce the exact EAP and its features in Mix-
ture of Tensor Model where the diffusion signal attenuation is given in Eq. (4.32),
ie. B B

E(q) = ) wiexp(-4r’tg'u" D) = )" wiexp(-4n’rq" Djq) (5.105)
i=1 i=1

where ZK ywi=1,w; > 0. The EAP and its features for free diffusion is a specific case
when w; = §;1, because Fourier transform is linear. Thus we can first deduce the EAP
and its features in tensor model where E(q) = exp(—47°1q*Dq), then easily generate it
to mixture of tensor model.
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EAP: The EAP P(R) is the Fourier transform of E(q) in Eq. (4.24). Considering
Flexp(—ax?)} = \/gexp(—%zfz) and D = 3  Avw!, where {1;} and {v;} are eigenvalues

and eigenvectors, we have

P(R) = F3plexp(-4r°1q Dg))

= .%3p {exp (—47r2‘r(/11q% + /lzq% + /lgqg))} (5.106)
F3p {exp (—47r27/11q%) exp (—4n27/12q§) exp (—4ﬂ27/l3q§)}
=Z1p {exp (—47r27/11q%)} Fip {exp (—471'27'/126]%)} Fip {exp (—47127/1361%)} (56.107)

1 ( R? ) I ( R ) 1 RS
= exp|- exp| - exp| -
Vanta, s A1) \anta, Pla A2 ) VArTas Pl % A3

—exp|—— | —+ — + —
N s el b A
1 (—RT D 'R

exp
V(@rr)3D| 4t

In Eq. (5.106) we set g; = q'v;. In Eq. (5.107) we set R; = R’v;, and separate 3D
Fourier transform into three 1D Fourier transforms, by considering {v;} is an or-
thonormal basis in R®. In Eq. (5.108) we use D! = ¥ A-'vv” and [D| = 410245
Then P(R) for mixture tensor model is

) = N(R|27D) (5.108)

(5.109)

-R’D 'R
P(R) = Z wiN(R2tD;) = Z l ]

\/(47r7')3 |D ( 4t

Return-To-Origin (RTO) Probability: It is straightforward that the RTO value
for mixture of tensor model is

(5.110)

Po = P(0) = Z W

Mean-Squared Displacement (MSD): The covariance matrix of the EAP for mix-
ture of tensor model is

K K
Eps(RRT) = Z Wi f 3 RR” N(R27D;)dR = Z 2w;TD;
i=1 R i=1

So the MSD value for mixture of tensor model is

K
MSD = f P(R)R"RAR = Trace (Eg:(RR")) = Z 2w;t Trace(D;) (5.111)
R? i=1
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ODFs: Considering Eq. (2.80), the ODF ®@,(r) defined in Eq. (4.69) is

K
1 00
Ru(r) = fo ZwiN(RIZTD)deR
i=1

1 K 1 00 rT —lr

2 k
== E Wj—— exp|—R —)R dR
Z & ’\/<4m)3|1)l-|fo ( 4

K k1
- Z wiD;[ 2 (L) r(k"'_l)
2\@nrpz S r’D;'r 2

2 & W
= —— ) — = (5.112)
Zm: =Dy (D5 'r) 7
1 K Wi :
K ifk=2
S ey (5.113)
LK s ifk#2 '
© DI2(xr"D;r) 2

Note the normalization factor in Eq. (5.113) when k& # 2 is different from Z
in Eq. (5.112). The Z factor is set such that the integration of ODF is 1. In prac-
tice it can be set in a discrete way or in a continuous way. See Appendix 4.6.

For tensor model, Eq. (5.113) can be more simple as

L —L — ifk=2

T 3
_ J47DI2 (r"D-'r)2
Du(r) = (5.114)
(r"D-'r) 2

Please note that because of Eq. (5.114), some papers, e.g. [Descoteaux, 2008, pp.
142], consider the ODF by Tuch @,(r) in mixture of tensor model is

which is actually wrong. Note this is not a linear relation, because different term
with D; may have different Z;. The above formula is correct only if every Gaussian
term has the same tensor, i.e. D, = D, Vi.
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CHAPTER 6

RIEMANNIAN FRAMEWORK FOR
ODF's AND EAPS

“We lay down a fundamental principle of generalization by abstraction: ‘The existence of analo-
gies between central features of various theories implies the existence of a general theory which
underlies the particular theories and unifies them with respect to those central features....””

— E. H. Moore
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OVERVIEW

Fisher information metric has been constructed for probability distribution fam-
ily in Information Geometry theory and it has been successfully applied for tensor
computing in DTI on tensor estimation, filtering, registration, statistical analysis,
etc. However, to our knowledge, existing works in HARDI mainly focus on ODF/EAP
estimation, and there are only a few works on how to process the estimated ODF
data [McGraw et al., 2006; Goh et al., 2009a, 2011] and no work for EAP data pro-
cessing so far. Please see Section 4.4 for related works on the metrics for ODFs and
EAPs. In this chapter, we propose a general state-of-the-art Riemannian framework
as a mathematical tool to process PDF valued data, e.g. ODFs and EAPs, by repre-
senting the square root of the PDF, called wavefunction based on quantum mechan-
ics, as a linear combination of some orthonormal basis functions. This formulation
avoids the Gaussian assumption in the DTI. The proposed Riemannian framework is
the natural extension of previous Riemannian framework for tensors.

Organization of this chapter:

In Section 6.1, we present the general formulation of the Riemannian framework
for parametric family based on square root parametrization and orthonormal basis
representation in Section 6.1.1. The closed forms of the geodesic distance, exponen-
tial map and logarithmic map are presented in Section 6.1.2. We demonstrate how
to choose an appropriate basis for ODFs and EAPs in Section 6.1.3, analyze theo-
retically the properties of the statistical manifold which is a convex subset of a high
dimensional unit sphere in Section 6.1.4, and prove the existence and uniqueness of
weighted Riemannian mean and median in the manifold in Section 6.1.7. geodesic
anisotropy (GA), Rényi entropy, and Log-Euclidean framework, Affine-Euclidean
framework are also proposed in Section 6.1.5 and Section 6.1.6. The Riemannian
metric is proved to be diffeomorphism invariant in Section 6.1.8, and is compared
with Euclidean metric in Section 6.1.9. Section 6.2.1 proposes to estimate wavefunc-
tion from pre-estimated ODFs/EAPs, and Section 6.2.1 proposes a novel nonnegative
definite ODF and EAP estimation method, named as Square Root Parameterized Es-
timation (SRPE). Section 6.2 also lists some potential applications. e.g. nonnegative
definite ODF/EAP estimation, interpolation, PGA, filtering, atlas estimation. The
experimental results in Section 6.3 validates the proposed frameworks.

6 1 GENERAL RIEMANNIAN FRAMEWORK BASED ON
° SQUARE ROOT PARAMETRIZATION AND ORTHONOR-
MAL BASIS REPRESENTATION

In this section, we introduce a general Riemannian framework for arbitrary PDF's
whose square root, called wavefunction, can be represented by arbitrary orthonor-
mal basis, and we apply it to ODFs/EAPs in dMRI.
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6.1.1 Parametric Family, Wavefunction

In quantum mechanics, the square root of the probability of finding the subject
at a certain time and position is called as wavefunction. Analogously, we call the
square root of the PDF p(x) defined in % as the wavefunction denoted by y(x), i.e.
Y(x) = y/p(x). Let {B;(x)}?, be a given orthonormal basis in L*(y, 1) which can sparsely
represent (x), then (x) can be represented by finite linear combination of {B;(x)}, i.e.

Y(xle) = +/px)

¢iB;i(x)

K
i=1
Please note that the assumption here is very weak, because in practice we always
can choose a large enough K to represent y(x). The Parametric Family (PF) is given
in Eq. (6.1), where PFx means PF with the K parameters. All PDF's will be contained

in PF if K is large enough thanks to the orthonormal basis representation.

_vK _..n.
Y(xle) = TE, ciBi) > 0, } 6.1)

[ pixle)dx = 35, 2 =1

PFg in Eq. (6.1) shows that the Parameter Space (PS) denoted by PS; is a subset of
sk-1,

PFg = {p(xIC) = Y(xle)* :

K K
PSk = {c el = Zc? =1, Zc;Bi(x) >0, Vx € x} (6.2)

i=1 i=1
Normally we need to choose a good basis to sparsely represent continuous function
W(x) so that K can be as small as possible.

If {A,-}l.’i1 are K given disjoint subsets with the areas of {§;} in y and Ui’il A; =y, we
have the orthonormal basis defined by {A;} in Eq. (6.3), where 6(x € A;) is 1 if x € A;
and 0 otherwise. This basis is called as the piecewise constant basis.

{B,-(x) - \/1_5—,-5(“" c Ai)} 6.3)

Then if we assume the PDF p(x) is piecewise constant in each A;, i.e.
LS
pla) = Z] pig-0x € A) (6.4)
then PFg represented by this basis is given in Eq. (6.5), where p; = cl.2 and

_vk .1 .
v@le) = T, cige ol € A, } (6.5)

¢ 20, ZK 2 =1

PFy = {p(xlc) = y(xle)” :
i=1"i
Eq. (6.5) is equivalent to the multinomial distribution family shown in Eq. (3.55).
Although PFg and PSk in Eq. (6.1) are similar with the multinomial distribution
in Eq. (3.55), there exist some important differences.

1. We consider p(x) as a continuous PDF in Eq. (6.1), while multinomial distri-
bution is a discrete PDF in Eq. (3.55) (or piecewise constant in the continuous
space y in Eq. (6.5)).
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2. Our formulation is more general, because the multinomial distribution can be
seen as the specific case of our formulation when the orthonormal basis is chosen
as the piecewise constant basis in Eq. (6.3).

PSk in Eq. (6.2) is in a high dimensional space for large K, so it is impossible to
visualize it. Fig. 3.3 shows the statistical manifold of multinomial distribution family
PS3; c R3, where p(x) can be represented by three piecewise constant orthonormal
basis functions, i.e. p(x) = Z?Zl pisiici(x € A;). The left side of Fig. 3.3 shows the PS;
parameterized by {p;}, which is an equilateral triangle with vertices (1,0, 0), (0,1,0)
and (0,0, 1), and the right side shows the PS3; parameterized by {c;} which is the posi-
tive orthant of S%. In order to better understand the material in this chapter, we put
Fig. 3.3 into Fig. 6.1(A) and (B).

Please note that [Goh et al., 2009a, 2011] directly used the results of multino-
mial distribution in Section 3.3.2 for ODFs, while we consider a different orthonor-
mal basis representation in Eq. (6.1). If we define {Ai}fi , as K disjoint subsets of S2,
then Eq. (6.5) is the PF formulation for ODF's used in [Goh et al., 2009a, 2011], which
used the histogram (multinomial distribution shown in Example 3.11) with many
samples to approximate continuous ODFs. Fig. 3.3 (or Fig. 6.1(A,B)) is the simplified
case K = 3 for PFx. Thus we have shown here that our formulation is more general
than [Goh et al., 2009a, 2011].

6.1.2 Riemannian Metric, Exponential Map and Logarithmic Map

Based on PFg in Eq. (6.1) and the definition in Eq. (3.40), we have the Fisher infor-
mation metric as

gij(e) =4 f 9i \/p@&le) 9, \pxle) i
X

6Ci écj
ai K— mBm o K— mBm
. f (2K cmBu@)) 0;(ZE_, c <x))dx
X aCi (’3c.,-
:4fBi(x)Bj(x)dx:46ij (66)
X

which is the same as the metric of multinomial distributions in Eq. (3.57). The
constant 4 in the metric can be ignored because a constant proportion change on
metric does not affect the final results of the computational methods based on met-
ric. Thus we can set g;; = 6;;. Then PSk is a subset of the unit sphere sk-1 and
the Fisher information metric is the Euclidean metric induced from RX by the con-
straint on SX~!. The geodesic connecting two points p(x|c) and p(x|¢’) is p(x|e(r)) where
c(?) is in the great circle connecting ¢ and ¢’ in S¥~!, based on Example 3.7 on the
geodesic of sphere. Then the geodesic distance is the angle between ¢ and ¢/, i.e.
arccos(e’e’) = arccos( fx y(xle)y(xle’)dx), where fx w(xle)(xle’)dx is the so called Bhat-
tacharyya coefficient [Bhattacharyya, 1943] that describes the amount of overlap
between two distributions. Let v, denote the tangent vector at e towards ¢’, then
the geodesic, exponential map, logarithmic map all have closed forms based on the
geometry of sphere shown in Example 3.5, 3.7, 3.8. See Fig. 3.3 for the sketch map of
PSs.

Geodesic: y(1) : p(xle(r)), where e(t) = Expe(tLoge(e”)) (6.7)
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* uniform
points
— RMM
— EUM

Figure 6.1: Parameter space PSg, its properties, and comparisons between Riemannian met-
ric and Euclidean metric. (A) and (B): PS; represented by {p;} and {c;}; (C): properties of
PSk; (D) and (F): isolines of Riemannian metric for given red point; (E) and (G): isolines of
Euclidean metric for given red point; (H): geodesics of Riemannian metric (RMM, red) and
Euclidean metric (EUM, blue) for given two green points.

Exp: Expe(ve) =€’ =ccosp+ ” ” sin g, where ¢ = |[v¢|| (6.8)
C
c -c
Log: Loge(e) =ve = ﬂtp, where ¢ = arccos(e’ ¢’) (6.9)
lle” — ¢ cos ¢

In Eq. (6.1), we do not assume a specific orthonormal basis {Bi(x)},. For a given
function, it may be represented by two orthonormal basis. We have the following
theorem for different basis.

Theorem 6.1 (Invariance Under Different Basis). For different orthonormal ba-
sis, the geodesic y(t) in Eq. (6.7) is invariant and the exponential map in Eq. (6.8) and
logarithmic map in Eq. (6.9) are invariant under a change of basis matrix.

Proof. Let’s assume there is another orthonormal basis {W,(x)} | in y and the wave-
function we focus can be represented as y(x|b) = Zgzl b,W,(x) as well as y(xlc) =
K, ciBi(x). Also assume B;(x) = Y,¥_, M, W,(x), where M = [M]yxx is the change of

basis orthogonal matrix. Then we have

b = Me, 5,~,=fB(x)B,(x)dx ZMle

a=1
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So MTM = Ixxk, where Ig.k is the K x K identity matrix. For the given two PDFs p(x)
and p’(x), they have two kinds of coordinates, i.e. ¢ and ¢’, b and b’. Then we obtain

b'b’=c"M"Mc' = "¢’
The geodesic distance does not change under the different bases, i.e. d(p(x), p’(x)) =
arccos( fx \p@)p'(x)dx) = arccos(e’e’) = arccos(b’ b"). Considering vy = Mv, which is

a tangent vector at b towards b’, for the coordinate of b we have the new forms for
geodesic, exponential map and logarithmic map as

Geodesic: y(7) : p(x|b(t)), where b(f) = Expy(tLogp(b"))

Ue

sing = Me’ =b’, where ¢ = |[vg]| = ||Vl
IMugl] ¢

Exp: Expp(vp) = Mccosp +

Mc’' — Mecos ¢

= Mv, = vy, where ¢ = arccos(b’ b’) = arccos(e’ ¢’
Me’ — Mecos g’ c=Up ¢ (b°b) (c'c)

Log: Logp(b’) =

O

So different orthonormal basis obtain equivalent Riemannian framework. The
final results of the following Riemannian operations are numerically similar and the-
oretically the same if the representation error is negligible, i.e. ¥(x) is in both spaces
spanned by these two bases. That is why here we consider the general formulation
using orthonormal basis in Eq. (6.1), instead of the specific formulation using piece-
wise constant basis in [Goh et al., 2009a, 2011].

6.1.3 Orthonormal Basis Chosen for ODFs and EAPs

As we have shown, different orthonormal basis obtains equivalent Riemannian
framework. However choosing a good orthonormal basis to sparsely represent
ODFs/EAPs can largely reduce the approximation error and accelerate the following
Riemannian operations.

For ODFs defined in the unite sphere of R-space, i.e. ¥ = S?, we choose
the orthonormal basis as the Spherical Harmonics (SHs) which has been used
in many works on ODF estimation [Tuch, 2004; Hess et al., 2006; Descoteaux
et al., 2007; Canales-Rodriguez et al., 2009; Aganj et al., 2010b; Tristan-Vega et al.,
2010]. Eq. (2.27) is the complex SH of order / and degree m. We use its real version
with even order in Eq. (2.28) for real antipodally symmetric ODFs/EAPs.

For EAPs defined in R-space, i.e. ¥ = R, we have chosen the orthonormal basis
as Fourier dual Spherical Polar Fourier (dSPF) basis in Chapter 5 and [Cheng et al.,
2011c]. SPFI actually provides two orthonormal bases, i.e. SPF basis denoted by {B,,;,,}
and dSPF basis denoted by {D,;,} [Assemlal et al., 2009a; Cheng et al., 2010a,b; Mer-
let et al., 2011]. Recall the notation q = gu in q-space and R = Rr in R-space. These two
bases are related by Fourier transform in Eq. (6.13), where L,l/ 2() is generalized La-
guerre polynomial shown in Eq. (2.63), 1 F1(-;-; ) is confluent hypergeometric function
shown in Eq. (2.71), I'(:) is the Gamma function shown in 2.75, and ¢ is the given scale
value. If EAP P(R) in R-space is represented by one basis, DWI signal E(q) in q-space
is analytically represented by the other basis. In this chapter, we choose SPF basis
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for P(R) in Eq. (6.10) because it is convenient for nonnegative definite EAP/ODF esti-
mation, which will be discussed later in 6.2.1 in details. In Eq. (6.10), the coordinate
is e = (coo0, ...,cnrr)’ . Another feasible option is to use Simple Harmonic Oscillator
(SHO) basis [Ozarslan et al., 2009; Cheng et al., 2011b].

N L I 2
P(Rr) = ((Rr))* = (Z >, cnz,anlm(R)) (6.10)
n=0 =0 m=-1
Bum(R) = R,(R)Y]"(r) (6.11)
R2 1/2 R2 _ 2 n! 12
Ry(R) = ku({) exp( 24)14 (?)’ Kn({) = [ml“(n+—3/2)] (6.12)
Dnlm(q) = f Bnl;n(R)e_iqTRdR = Fnl(‘])Ylm(u) (613)
R3
B (0.5[+1.5 I+1.5 K (é«) n+05 ( 1)1 +1/2 05141415
Fulg) = r(1+15) Z(n—l) 2
(0.5 +i + 1.5)@(#; [+ %; —27%4%8) (6.14)

Please note that piecewise constant basis used in [Goh et al., 2009a, 2011] is not
appropriate since it needs many samples to represent ODFs/EAPs that are not piece-
wise constant. It is also worth mentioning that [Goh et al., 2009a, 2011] do not con-
sider the area {S;} for spherical bins. [Goh et al., 2009a, 2011] use samples of the
wavefunction {y; = %}, not the coefficient {c¢;} in Eq. (6.5). However for two PDFs
pP(x) and p¥(x), we have

d(pVx), p?(x)) = arccos(fz,l/(l)(x)tjl(z)(x)dx) o~ arccos(Z (//El)t//EZ)S,-) * arccos(z 1//51)1,052))
% ; -

So the formulation in [Goh et al., 2009a, 2011] needs a dense uniform sampling on
X

e The sampling needs to be dense enough such that the integration can be ap-
proximated by a weighted summation.

¢ The sampling needs to be uniform with the same area S; for each bin, such
that the weights are the same and the constant weight can be ignored in the
Riemannian framework.

The dense uniform sampling may be possible for ODFs, but impossible for EAPs de-
fined in unbounded R3. Compared to [Goh et al., 2009a, 2011], we do not need a
specific sampling because when ¢V (x) and y®(x) can be represented by linear com-
bination of some orthonormal basis with coefficient ¢ and ¢®, we have

d(pV (), pP(x)) = arccos(fw(l)(x)w(z)(x)dx) = arccos(z cl(.l)cl(.z))
X i

For ODFs, [Goh et al., 2009a, 2011] use 162 discrete evenly distributed samples to
represent the ODF, which is still a tradeoff between computational overhead and
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accuracy. We use SH basis with order 4, 6 or 8 (15, 28 or 45 coefficients) which was
shown to be enough for ODF representation [Descoteaux et al., 2007]. For EAPs, [Goh
et al., 2009a, 2011] may need thousands of bins in R3 to approximate EAPs, while
SPF, dSPF or SHO bases only need dozens of coefficients to represent EAPs. Besides
orthonormal basis representation has been widely used in dMRI community, our for-

mulation using orthonormal basis can take advantage of previous works like QBI,
SPFI and SHORE.

6.1.4 Properties of Parameter Space

Based on PFx in Eq. (6.1), the Parameter Space PS; is a subset of S¥~!. If we choose
the specific piecewise constant basis defined from disjoint subsets, PSg in Eq. (6.5)
is the positive orthant of the unit sphere SX~! as discussed in Section 6.1.1. Here we
explore the properties of general PS g in Eq. (6.1) without assuming a specific basis.

Property-1: PSg is closed. Eq. (6.1) shows the boundary of PS is {c | Zfi 1 cl.2 =1,
AC c y, s.t. ¥Yx € C, Z[ | ¢iBi(x) =0, Vx ¢ C, Z[ , ¢iBi(x) > 0}. Therefore, PS is closed
by definition. Please note that the boundary of PS x in coordinate ¢ is dependent on
the chosen basis.

Property-2: PSk is a geodesically convex subset of sphere SX~!. For given c,
¢’ € PSg, let ¢(¥) be the geodesic between them, ¢ € [0,1]. Then V¢ € [0,1], 1 € [0, 1],
s.t.e(r) = %, because ¢(r) is on the great circle (geodesic) and Ae + (1 — A)¢’ is
on the chord between ¢ and ¢’. So we have

Ay/pxle) + (1 — Dp(xle) .
e + (1 = e’

K
p@le(t) = ) ci()B@) =
i=1

which means PS g is geodesically convex.

Property-3: PS g is contained in a convex cone with angle 90°. Ye,¢’ € PSk,
we have

K
f Vp&le) v/ plxle’)dx = Z cic; = cos(<(e,e”) € [0,1]
% i=1
where /(e,¢’) is the angle between ¢ and ¢’. That means the angle between any two
points in PS  is no more than 90°. See Fig. 6.1(C).

Property-4: If y is bounded and p(x) < 1,¥x €y, the projection of any ¢ € PSg

on the coordinate u of the uniform PDF should be more than ﬁ, ie.c’u >
A
ﬁ, where |y| = fx dx is the volume of y. If ¥ is bounded, the uniform PDF denoted
%
by U(x) is Ix\’ and VU(x) = ﬁ = X u;Bi(x), then Ve € PS, if p(x) < 1, we have
c'u= cos(e,u) = f\/p(xlc fp( le)dx = —
NI x/M
That means the projection of ¢ on u should be more than % if p(x) < 1. See
"

Fig. 6.1(C). Please note that although fx p(x)dx = 1, p(x) may be more than 1 in some
areas since p(x) is a continuous PDF defined in .

Please note two differences between ODF's and EAPs for Property-4.
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e The first one is about the uniform distribution. For ODFs, % = S? is a bounded

space and x| = 47. The uniform distribution in PS is U(r) = ﬁ, which is
also the unique isotropic ODF. When SH basis is used, the coordinate u =
(1,0,...,0)", considering Y(r) = \/#47. For EAPs, y = R? is a unbounded space.
Thus the uniform distribution U(R) actually does not exist. Of course we can
choose a support big enough to define U(R) only in the support, However this

kind of uniform distribution is much far from normal EAPs in brain.

e The second difference is about the probability values. Normally the typical
ODFs are always less than 1. So the projection of ¢ on u is less than \/+T How-

T
ever, EAPs are normally much larger than 1 in the area R < 30um that we focus,
because the diffusion time 7 is very small.

6.1.5 Geodesic Anisotropy, Rényi Entropy

Geodesic Anisotropy (GA) ! [Batchelor et al., 2005; Fletcher, 2004] based on Rieman-
nian metric for tensors is an alternative anisotropy measurement to the well known
Fractional Anisotropy (FA). GA for tensors is defined as the Riemannian distance
from the given tensor to its nearest isotropic tensor [Fletcher, 2004; Batchelor et al.,
2005]. Please note that the isotropic tensor is not unique because every tensor whose
eigenvalues are the same is isotropic. Analogously we define GA for ODFs/EAPs as
the Riemannian distance from the given ODF/EAP with the coordinate ¢ to its near-
est isotropic ODF/EAP with the coordinate s, i.e. GA(e) = arccos(c”s.). Please note
an important difference between ODFs and EAPs. The isotropic ODF is the uniform
ODF uniquely defined by v(r) = ﬁ and it has the coordinate s, = u = (1,0, ...,0)” under
SH basis. cos(GA(e)) = ¢’ u is the projection of ¢ onto u in above Property-4. However,
the uniform EAP has no definition, and the isotropic EAP is not unique because P(Rr)
is isotropic if P(Rr) = F(R), Vr € S?. The following theoretical result can be used to
obtain analytic closed form of the isotropic EAP.

Theorem 6.2 (Wavefunction of the Nearest Isotropic EAP). For any EAP P(R) =
¥(R)?, its nearest isotropic EAP is P;s,(R) = (s, (R))%, where ys, (R) is the normalized
version of the isotropic part of ¢(R), i.e.

l//L,' 50 (R)

Ry = DD
V5w R = 1 R

Y, (R) = ( fS i w(R)Yg(r)dr)Yg(r) (6.15)

and W, R = 4 fRS w1, (R)2dR is the standard ¢, norm in function space L.>(R?, 1).

See Appendix 6.5 for the proof which is independent of the basis. When SPF
basis is used, the isotropic part of the coordinate of P(R|{c.;}) has analytical form as
{cam6)0}, then the nearest EAP has the coordinate as

00
Cnim0

Seaim = ————2 (6.16)
N
2in=0 Cioo

IWe call GA as Geometric Anisotropy in [Cheng et al., 2009a]. Here we follow the original name
in [Batchelor et al., 2005; Fletcher, 2004].
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GA for EAPs is the Riemannian counterpart of GFA for EAPs defined based on Eu-
clidean distance in Eq. (5.27). Please note that GA based on SPF basis is rotational
invariant, because of the rotation property of Spherical Harmonics.

Rényi entropy with order ] is defined as [A. Rényi, 1960]

H,(e) = 2log (f \/p(xlc)dx) (6.17)
1

If v is bounded, the uniform distribution exists and it is U(x) = -, we have

1
[x?
Hi(e) = log(Ixl(c" w)*) = 21log(cos(GA(e))) + log(Ixl) (6.18)

For ODF's, H(c) = log(4nm(e"u)?) € (0,1og(4n)], because normally ¢’ u > \/+Tn as we have
discussed in Property-4 in Section 6.1.4. However, the experiment in our previous
paper [Cheng et al., 2009a] showed that the Rényi entropy for ODFs do not have good
contrast, which actually demonstrates again that ODF's we focus in practice are only
in a small space inside general PDF function space shown in 3.35. For EAPs, the
uniform EAP has no definition, but by substituting Eq. (6.10) into the definition of
H 1 in Eq. (6.17) and considering the result in Eq. (5.22) or directly Eq. (2.83), we can

still obtain the analytical closed form as

N L /
Hy(e) = 210g( fR 3 X c,,;mRn(R)Yl’"(r)dR)

n=0 [=0 m=-1

= 2log (4 Vagt Sy wcwg) (6.19)
n=0 :

However this analytical form has nothing related with GA, and H ! for EAPs is always
negative in practice because P(R|e) is much more than 1. For example, let’s consider
Gaussian distribution in R!, i.e. N(0, o). Its Rényi entropy is

H, = 210g( f " NG, o')dx) = 2log (23711 \/E)

Thus if & < 2777, H <0.

So considering the drawbacks of Rényi entropy, it seems that GA is more useful
than Rényi entropy for both ODFs and EAPs.

6.1.6 Log-Euclidean Framework and Affine-Euclidean Framework

Log-Euclidean framework for tensors is proposed to work in Euclidean space by
projecting every tensor onto the tangent space of a fixed isotropic tensor (identity
matrix) using logarithmic map [Arsigny et al., 2006]. It is an approximation of the
Riemannian framework for tensors. Analogously, we can fix an isotropic ODF/EAP
with coordinate s and project all ODFs/EAPs onto its tangent space using a given
diffeomorphism, i.e.

F: PSxkc S 5 F(PSk) c T
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Then the metric, exponential map and logarithmic map for PS can be induced from
the Euclidean space by F, so that we can work in an Euclidean space, which will ap-
proximate the above Riemannian framework. Recall in Section 3.1 the pushforward
and pullback maps denoted by F, and F* respectively, then

Distance : dps(p(-le), p(le") = dpuc(F(e), F(¢")) = |IF(e) — F(e)| (6.20)
Geodesic : Expe(tve) = F-'(F(e) + tF.ve), t€[0,1] (6.21)

Exp : Expe(ve) = ¢’ = F7Y(F(e) + F.ve) (6.22)

Log : Loge(e’) = ve = F*(F(¢') — F(e)) (6.23)

If F(e) = Logs(c), then we have the Log-Euclidean framework like the one for
tensors. If F(e) = _7. — s, we have the Affine-Euclidean framework, which is very
popular in Statistical Shape Analysis [Dryden and Mardia, 1998; Fletcher, 2004]. See
Fig. 6.1(C) for a sketch map.

For ODF's, {s;, = 522} represents the unique isotropic ODF when SH is used. For
EAPs, we choose {su, = 6%} since it represents a typical isotropic Gaussian distri-
bution based on Eq. (6.10). Thus the Log-Euclidean framework and Affine-Euclidean
framework can be obtained analytically based on SH and SPF basis representation
for ODF's and EAPs.

6.1.7 Weighted Mean, Weighted Median and Principal Geodesic
Analysis (PGA)

Given N PDFs {p(xlc”)}Y, with the coordinates {¢"}Y in PSk and the weight vector
w = (w,wa,...,wy)! with Zf\il w; = 1, w; € [0,1], the weighted Riemannian mean
(Fréchet mean) p,, is defined as the minimizer of the weighted sum of squared
distances [Fréchet, 1948; Buss and Fillmore, 2001; Karcher, 1977; Kendall, 1990;
Batchelor et al., 2005; Pennec et al., 2006; Lenglet et al., 2006b; Fletcher, 2004; Cheng
et al., 2009a]. The weighted Riemannian median m,, is defined as the minimizer
of the weighted sum of distances [Fletcher et al., 2009; Cheng et al., 2010c]. They
are generalized versions of Euclidean mean and median. Please see Eq. (6.24) or see
Section 3.2 for more details. Riemannian median was shown to be more robust than
Riemannian mean, which makes it more appropriate for atlas estimation [Fletcher
et al., 2009].

N N
def . ; def . -
u,, = argmin Z wid(e,e™?  my, = argmin Z wid(e,e®) (6.24)
cePSx 4 cePSk T

For Log-Euclidean and Affine-Euclidean frameworks, the mean has closed form as
N -
M = F (D wiF () (6.25)
i=1

The following theorems show the existence, uniqueness of weighted Riemannian
mean and median and show that the probability values of weighted mean and me-
dian are not less than the N PDF's used in the mean and median estimation. Please
see Appendix 6.6 for the proofs.
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Algorithm 6.1: Weighted Riemannian Mean

Input: ¢, ....e™) e PSg, w = (wy, ..,wy)"
Output: the Weighted Mean n,,.
begin
N e
initialization: pn,, «— Hé’;l—‘:;'z(l)” ;// normalized Euclidean mean
i=1 Wi

repeat

vy, — 2N, wiLogy, (¢?) ;

W, < Expy, (vy,);// step size is 1
until [jv, || > &;
end

Theorem 6.3 (Existence and Uniqueness of Riemannian mean and median).
Weighted Riemannian mean and weighted Riemannian median uniquely exist in PSg,
and they can be efficiently estimated from Algorithm 6.1 and Algorithm 6.2.

Theorem 6.4 (Reasonable Riemannian mean and median of PDF's). Weighted
Riemannian mean p(x|w,) and median pximy) in Eq. (6.24) satisfies p(xlw,) >

min{ple)}Y, and pxlmy) > min{pxle)}Y,, ¥x €.

Please note that the weighted Riemannian mean/median may be greater than the
PDF's in some measurable set of y. See Lemma 6.3 in Appendix 6.6 for the theoretical
analysis on the maximum of the projection. Let’s take PF in 3D space in Eq. (3.53)
as an example, the Riemannian mean of two discrete PDFs p! = (1, 1,0)” and p® =
(3.0, D7 is (3, 1, T, while the Euclidean mean is (3,1, 1)". See Fig. 6.1(A,B,H) for
the sketch map. Riemannian mean considers the probability vector as a whole unity,
while Euclidean mean considers the each dimension independently.

We think the Riemannian mean is more reasonable. Let’s imagine we are guess-
ing the color of a ball which may be red, yellow or blue. p = (p1, p2, p3)! is the prob-
ability for the three colors. Two consultants gave us two different forecasts p("’ and
p?. These two consultants reach agreement on red which is more trustable, but they
have very different opinions on yellow and blue. Considering the error of forecast
may be larger in the other two colors, it is reasonable to give more weighting to red
color. Another example in Example 3.10 is that the mean Gaussian PDF of two 1D
Gaussian PDFs with different expectations and the same variance as N(-1,1) and
N(1,1) 1s N(0, 1) based on Mahalanobis distance [Atkinson and Mitchell, 1981], which
has larger probability value around origin point. This is different from the Gaus-
sian distributions with the same expectation but different covariances. See Theo-
rem 6.6 in Section 6.2.2 on tensor interpolation for the details. Furthermore the
experiments in [Mio et al., 2005; Read, 1999] also showed larger values in weighted
mean of PDF's are reasonable, although [Mio et al., 2005] considered a different com-
putational framework in information geometry theory and [Read, 1999] proposed a
total different method from information geometry theory.

Principal Geodesic Analysis (PGA) was proposed to generalize the PCA from Eu-
clidean space to Riemannian manifold [Fletcher et al., 2004]. After obtaining the
Riemannian mean u, PGA can find some principal components by performing eigen-
decomposition of covariance matrix in tangent space. See Section 3.2.2 for the details
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Algorithm 6.2: Weighted Riemannian Median

Input: ¢, ....e™) e PSg, w = (wy, ..,wy)"
Output: the Weighted Median my,.
begin
o ege 1e . >N wie® . .
initialization: m,, < m ;// normalized Euclidean mean
i=1 Wi

repeat

N wi/d(my,e™) @y -
Umiy, < iz by Wj/d(mw,c(j))LOgmw(c )5

my, — Expm,(Om,);// step size is 1
until |[v,, || >
end

on PGA. PGA has been used for shape analysis [Fletcher et al., 2004], tensor pro-
cessing [Fletcher and Joshi, 2007] and ODF processing [Goh et al., 2009a, 2011].
However, [Goh et al., 2009a, 2011] performed PGA in a high dimensional space based
on piecewise constant basis. By considering a better basis like SH or SPF basis, PGA
can be done efficiently in a low dimensional space and obtain the same final results
as we have shown in Theorem 6.1.

6.1.8 Diffeomorphism Invariance

The Riemannian metric for tensors is affine-invariant. The proposed Riemannian
metric and the metric for tensors are both Fisher information metric, so it is possible
to explore the connection between them.

Theorem 6.5 (Diffeomorphism Invariant Metric). Fisher information metric is
diffeomorphism invariant by definition.

Proof. Let py(x|c) denote a PDF on domain y, & : 3 — y is a diffeomorphism. py(yle) is
the PDF under 4, i.e. y = h(x). Then

Py@) = VA~ @) px(h ™ ()

By considering dy = |Vi(y)|dx, we have

¢ = f d+\/py®@le) 0 +/py(yle) dy = f 9 +/px®le) d+/px(xle) "
x 6c,~ aCj x aci aCj

which proves the metric g;; is diffeomorphism invariant. The Riemannian distance
between any given two PDF's p.(x|c) and py(x|c’) is also diffeomorphism invariant.

d(py(yle), py(yle”)) = arccos( f \/Py@le)py(yle’)dy)
x
= arccos( f Vpx(xle) px(xle’)dx) = d(px(xlc), px(xlc’))
x
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This proof does not need any orthonormal basis representation. If (py(xlec) =
(3, ciBi(x))? and {B;(x)} is an orthonormal basis set, then based on change of variable
it can be proved that {/|VA~!(y)|Bi(h~'(y))} is another orthonormal basis set, and Py(®)
can be presented under the new basis with the same coefficients ¢ as p,(x). Then the
distance between two distributions is invariant because the coefficients are invariant.
Diffeomorphism invariance may be useful in registration between PDF data.

Moreover, if py(x|Y) is constrained as a Gaussian distribution parameterized by
tensor X, py(y|X) is still a Gaussian distribution if and only if # is an affine transform,
i.e. h(x) = Ax, A is a nonsingular matrix. So the proposed diffeomorphism invariant
metric reduces to previous Affine-invariant metric if constraining the PDF's as Gaus-
sian distributions. In this sense, the proposed diffeomorphism invariant metric for
ODFSs/EAPs is indeed a natural extension of previous affine-invariant metric for
tensors.

It will be interesting to see the Riemannian distance between Gaussian distribu-
tions under the proposed metric. For two Gaussian distributions N(x|Z;) and N(x|Z,)
where x € R?, the affine-invariant distance is \/Lill log(EI‘IEZ)II. See Example 3.10 for

details. The diffeomorphism invariant distance is

d(N(#x|Z1), N(x[X,)) = arccos( f VN@[Z)N(x[X2)dx)
R4

1
R+ 2712
= arccos ! 1 2 1 (6.26)
PEDYIE

Please note that the distributions on the geodesic between N(x|Z;) and N(x|X,) are
no longer Gaussian, which is different from the affine-invariant framework. See the
interpolation in 1 dimension in Section 6.3.1.

6.1.9 Theoretical Comparison Between Riemannian Metric and Eu-
clidean Metric

Since ODF and EAP are both PDFs, the convex combination of PDF's are still a PDF.
That means the Euclidean metric could be used for ODFs and EAPs, which is analo-
gous to the Euclidean metric for tensors. The Euclidean distance between two distri-

butions p(x) and p’(x) is
\/ f (p(x) — p'(x))*dx
X

Then the Euclidean mean is given as wp(x) + w’p(x), where w and w’ are weights.
More efficiently, we can represent ODF and EAP directly by a linear combination of
orthonormal basis [Descoteaux et al., 2007; Aganj et al., 2010b; Cheng et al., 2010a,b;
Merlet et al., 2011], then the Euclidean framework can be constructed on the coeffi-
cients, which has been used in ODF estimation, interpolation, segmentation, regis-
tration etc. [Descoteaux et al., 2008a; Wassermann et al., 2008; Lenglet et al., 2009],
just like Euclidean framework for tensors. Based on Euclidean metric, the original
PCA can be used directly to analyze ODF/EAP field, instead of PGA based on Rie-
mannian metric. Then what is the difference between the Euclidean framework and
Riemannian framework for ODFs and EAPs?
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First, we have proved that the proposed Riemannian metric is diffeomorphism
invariant, it is easy to show in the same way that Euclidean metric is not. Second we
give a visual comparison based on the example in 3D case in Eq. (6.5). In this case,
the PS; is demonstrated as an equilateral triangle in Fig. 6.1(A) by coordinate p, as
well as the positive orthant of S? by coordinate e. The uniform distribution U(x|u)
could be represented by p = (%, %, %) in Fig. 6.1(A) and ¢ = (\/lg, \/Lg, \%) in Fig. 6.1(B),
where c is the coordinate in Riemannian framework. For any given point py(x), we
calculate the distances between py(x) and other points in this triangle and display the
isolines of distances in Fig. 6.1(D,F) using Riemannian metric and in Fig. 6.1(E,G)
using Euclidean metric. We conclude that the isolines based on Riemannian metric
more consider the boundary of PS;, while the isolines based on Euclidean metric do
not. For ODF's, the uniform distribution, i.e. the red point in Fig. 6.1(D,E), is the same
as the isotropic distribution. So the isolines of distances in Fig. 6.1(D) are actually
isolines of the GA for ODFs. The isolines in Fig. 6.1(E) are the isolines of generalized
FA for ODF's [Tuch, 2004]. For EAPs, that is not true because the uniform distribution
is not the isotropic EAP as we discussed above. For any given points p(x) and p’(x), the
geodesics based on Riemannian metric and Euclidean metric are shown in Fig. 6.1(H).
We conclude that if these two points are close to the uniform distribution, then two
geodesics from Riemannian metric and Euclidean metric will be close.

6 2 APPLICATIONS
[ J

6.2.1 Riemannian Coordinate Estimation and Nonnegative Definite
EAP/ODF estimation

In Section 6.1, we always assume the Riemannian coordinate ¢ for ODFs and EAPs
is already known. However, existing works only focus on ODF/EAP estimation and
there is no work on how to estimate the wavefunction. Here we propose the following
two methods to estimate the wavefunction represented by orthonormal basis.

Wavefunction estimation from given ODFs/EAPs

Assume we obtain the precomputed ODF or EAP denoted by p(x) from some meth-
ods, e.g. SPFI in Chapter 5 [Cheng et al., 2010a,b] or ¢;-SPFI in [Cheng et al., 2011c].
Then we have the continuous expression of wavefunction, ¥(x) = +/p(x), and the coef-
ficients {c;} are the inner products between y(x) and {B;(x)}. What we do is to estimate
the inner products by numerical integration. Discrete samples are generated for the
numerical integration such that the numerical integration of fx Bij(x)B(x)dx is close

to (5,'/' ie.

0ij = fBi(x)Bj(x)dx > Z Bi(x1)B j(%1)S «
X k

where S is the area (or volume) element for sample x;. Our previous works on Rie-
mannian framework [Cheng et al., 2009a, 2011a] considered least square fitting with
the generated samples, which is equivalent to numerical inner product if we have
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exhaustive samples and incorporate the area element into the least square. In the
following we will given some specific details for ODFs and EAPs.

For ODFs, the sampling gradients {r;} are chosen from icosahedral tessellation
with order 2 (or 3) in hemisphere, considering ODF is antipodally symmetric. We
use SH basis with order 8 in practice to represent wavefunctions. An important is-
sue for ODF's is that the estimated ODF by Tuch ®,(r) needs to be normalized so
that the integration in S? is 1 [Tuch, 2004; Descoteaux et al., 2007]. Please note
that the normalization is NOT to let the summation of ODF samples be 1. See Ap-
pendix 4.6 for the reason and the correct ODF normalization. Because many works in
HARDI represent ODF using SHs, we use continuous ODF normalization shown in
Appendix 4.6. If we can ensure that the estimated ODF is correctly normalized and
the estimated ODF is nonnegative, the estimated coefficient ¢ from the least square
fitting automatically satisfy ||| = 1, because

ohm = f YY) ) = ) Y)Yy )s,

J

and

1 = LZ lﬁ(r)zdl’ = LZ(Z Cb11Ylm(r))2dl’ ~ Z Z CimCl'm’ Z Ylm(r])Y;/nl(r])S] - ||C”
Im

Im UI'm’ Jj
Numerically |e|| is in [0.99, 1.01] in practice.

For EAPs, the inner product between ¥(R) and SPF basis are approximated by
numerical integration within [0, 50]um in spherical coordinate system. We use SPF
basis with N = 4 and L = 8 in Eq. (6.11) in practice to represent wavefunctions.

Please note some important issues for EAPs. First, although any EAP estima-
tion can be used to estimate the EAP, we need to choose the methods which can
ensure that the integration of the EAP is 1, i.e. E(0) = 1. Here we use SPFI in Chap-
ter 5 [Cheng et al., 2010b,a] which considers E(0) = 1 into estimation process. Second,
we need to choose an appropriate scale ¢ in SPF basis such that the basis can repre-
sent the EAP with as limited coefficients as possible. We propose to set / based on
the typical isotropic Gaussian distribution

1 ( R? )
(4tDy)> 4tDo

with typical diffusivity (variance) in human brain as

N(R[]27Dy) =

Do = 0.7 X 10 mm/ s>

e In Chapter 5 [Cheng et al., 2010a,b, 2011c], we use SPF basis to represent E(q)

and set ¢ by two ways. One is based on the typical ADC Dy, i.e. ¢ = 87r2]—TD0’
such that SPF basis can sparsely represent E(q) = exp(—4n°tg°Dy) only using
Booo(q) = Ro(q)Yg(u). The other one is based on fitting the signal with GHOT

model in Eq. (5.36).

e In [Merlet et al., 2011], we use SPF basis to represent P(R) and set ¢ such that
N(R|27Dy) can be sparsely represented by only Byy(R) = RO(R)Yg(r), i.e. ¢ =2tDy.
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e In this chapter, we use SPF basis to represent vVP(R) and we set ¢ such that
VN(R]2tDy) « exp(—<£~) can be sparsely represented by only By (R), i.e.

8t Do

¢ = 41Dy (6.27)

Note that different scale { means different orthonormal basis set {R,(R|{)Y]"(r)}.
Actually we can adaptively set ¢ for different voxels when estimating
ODFs/EAPs in the subsection 6.2.1. We can adaptively estimate the isotropic
tensor with ADC D;,, from signal {Ei}ﬁ\fl in each voxel, which can be done by a
standard least square estimation in DTI. Then we adaptively set ¢ = 4tD;,,. The
isotropic EAP N(R|27D;,,) may better approximate the signal samples than the
EAP N(R[]27Dy) provided by Dy. In this way ¢/ is adaptively set for each voxel.
However, if we want to work on the estimated coefficients for the following op-
erations on EAP field, we need to force each voxel to share the scale / such that
the EAP in every voxel is represented by the same basis. If different / is used in
different voxel, the Fisher information metric in Eq. (6.6) will no longer be 49;;.

Please note that the results in the Riemannian framework are robust to the param-
eter 7, because different ¢ results in different orthonormal basis sets and we have
proved that the final results of the Riemannian framework are invariant under dif-
ferent orthonormal basis, if the wavefunction can be represented by both basis sets.
However, for an inappropriate /, we may need a large number of basis functions to
represent the wavefunction, which is inefficient for the following Riemannian opera-
tions.

Please note that compared to [Goh et al., 2009a, 2011] which directly uses the
N, samples of wavefunction, our method needs an extra numerical inner product (or
least square fitting) to obtain the coefficients of the wavefunction. However, the addi-
tional computation load can be ignored compared to the computational time it saves
in the following Riemannian operation working in lower dimensional space. More-
over, the histogram formulation in [Goh et al., 2009a, 2011] cannot be generalized
to EAPs using these Ny multiple shell samples, because these samples contained in
different bins have different areas, while [Goh et al., 2009a, 2011] implicitly assumes
the same area for the bins as discussed in 6.1.3.

The drawback of our method is that the wavefunction estimation is totally based
on the precomputed ODFs/EAPs, which is also a drawback of [Goh et al., 2009a,
2011] If the estimated ODFs/EAPs have some negative values, the square root of
these negative values do not exist. In practice, normally ODF values estimated from
QBI (or exact QBI) and SPFI are positive in most of time. However, the EAP values
estimated from SPFI always has some negative values for large R. In practice, we
need to force the negative values as 0 for ODF/EAP samples.

Square Root Parameterized Estimation (SRPE): a nonnegative definite
EAP/ODF estimation method

We propose a novel Square Root Parameterized Estimation (SRPE) method to esti-
mate the wavefunction ¥(R|e) of EAP directly from the DWI signals. When ¢(R) is
estimated, the EAP P(R) is given as ¢(R)? in Eq. (6.10) which is nonnegative definite
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in R3. Because ODF is defined as the radial integration of EAP, the ODF is also non-
negative definite. Thus any wavefunction estimation method like the proposed SRPE
is also a nonnegative definite ODF and EAP estimation method. Please note that
standard QBI and SPFI in Chapter 5 and [Cheng et al., 2011c] do not consider non-
negative properties of ODF and EAP [Descoteaux et al., 2007; Cheng et al., 2010b].
Some existing works add nonnegative constraint in some discrete samples in S? for
ODFs [Goh et al., 2009b] or in R? for EAPs [Ozarslan et al., 2009]. However, the
discrete constraint only can ensure the ODF/EAP is nonnegative at the given sam-
ples, while the ODF/EAP may be negative in other samples. Since the ODF is smooth
enough and S? is bounded [Goh et al., 2009b], in practice the estimated ODF is non-
negative when adding nonnegative constraint in a small number of discrete samples.
However, it is impractical for EAPs to add the constraint in exhaustive samples in
unbounded R?. SRPE naturally ensures ODF and EAP are nonnegative in whole S?
and R3.

SRPE maximizes the posteriori probability in Eq. (6.28), where {E,-}?f1 is the given
DWI signal samples for given q values {qi}ﬁ‘l, LU{E} ¥ (Rle)) is the likelihood prob-
ability function, LE}y(Rle) = 1Y, LEIW(RIe)) and pi(¥(Rle)) is the prior for the
wavefunction.

c = argmax p(Y(R|e){E;})

= argmax In LUE} Y (Rle)) + In p1(¥(Rle))
N.Y
= arg max Z In L(Ed¥(Rle)) + In p1 (W(Rle)) (6.28)
¢ i=1

Please note that for given e, the expected signal E(qle) can be analytically obtained
from Fourier transform. See next paragraph for more details. Thus L(E;y(R|e)) =
L(E;|[E(q;lc)) is a measurement of the similarity between E; and E(q;lc). If we consider
L(E;|E(q;le)) as a Gaussian distribution, i.e.

In L(E/|E(qile)) = —(E(qile) — E;)*

which results in a least square cost function. It is also possible to consider the
L(E;|E(q;lc)) as Rician distribution as [Assemlal et al., 2009a] did in SPFI. In this
chapter we just consider L(E;|E(q;lc)) as a Gaussian distribution to demonstrate our
method, because the comparison between different likelihood functions is not our fo-
cus in this chapter. The prior p;(¥(Rl|e)) can be considered as a regularization. We
consider the prior used in SPFI in Chapter 5 that y(R|e) is smooth both in radial and
spherical part [Assemlal et al., 2009a; Cheng et al., 2010a,b].

Pi(Rie) = exp(—¢’ Ac)
where A is diagonal matrix with two parts of regularization weights
Anim = a*(n+ 12 + L1+ 1)

Thus the SRPE method reduces to the minimization problem

Ny

1 1
¢ = arg min M(c) = arg min — Z(E((MC) —E)? +=¢c"Ac (6.29)
¢ c 2 i=1 2
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Eq. (6.29) is similar with the least square estimation in SPFI [Assemlal et al., 2009a;
Cheng et al., 2010a,b], where E(q) is assumed to be represented linearly by SPF basis
and the minimization can be done through matrix multiplication. But in Eq. (6.29)
E(qle) is determined by e in a quadratic way, not linearly.

We now show how to obtain E(qlc) from given ¢ in details. Let y(Rle) =
SN kS cumBum(R), then P(R) = ¢(R)? in Eq. (6.10) which is parameterized
by its square root, and the expected signal E(q) determined by y(R) is expressed

in Eq. (6.30).
N L /
E(gle) = fR (D0 comBun(®) > RaR (6.30)

n=0 [=0 m=-1
Consider the plane wave equation in Eq. (6.31) shown in Theorem 2.8 and Ap-
pendix 5.7,

2R 4nZ Z () joQrgR)YP () Y2 (1), (6.31)
a=0fB=—a
where j,(x) is the a-th order spherical Bessel function, then we have

E@le) = >° 3" " 4n(=1) cumCurm b @) Oy Yo(w) = " K(ql))e (6.32)

nlm n'l'm’ of

2L«
K@) = > )" 4n(=1D)? Lura(@) QP Ya(u) (6.33)
a=0 B=—a

where the integration in R? in Eq. (6.30) can be separated into radial integration
in Eq. (6.34) and spherical integration in Eq. (6.35).

L) = f Ru(R)Ry(R) jo(27qR)R*AR (6.34)
0
= [ vy ormar (635
S2

Both the radial integration and the spherical integration are independent of data and
can be analytically obtained.

The spherical integration Qmmlﬁ in Eq. (6.35) is the integration of three real SHs,

'
which has been shown in Eq. (2.35) in Section 2.5.2. It can be computed from Wl’;'sﬁ

in Eq. (2.34) which is the integration of product of three complex SHs. Please refer
Section 2.5.2 for more details. Please note that in Eq. (6.32), ¥ ,5 means ZiL:o Zg:_a,
because if @ > 2L, @ > 2L > [ + I’ violates the triangle inequality and Q’l’;”;ﬁ =0.

The radial integration in Eq. (6.34) can be also analytically solved. Put Eq. (6.12)

into Eq. (6.34), then we obtain Eq. (6.36), where J,.05(x) = \/% Jjo(x) is the Bessel

function of the first kind.

1.25 00

Inn/(,(q):Kn@)an(g)g—@ | expLy (L (P asosCrgx JDdx - (6.36)

Similarly with our previous works on SPFI in [Cheng et al., 2010a,b], we consider
LOSx) =30 Ix [ = (—l)i(”:l?;.S)% shown in Eq. (2.63), then

i=0"n" > "n
n+n’ min(n,i) o
L3CADLY () = > KL, x¥, where KL, = > Bl - j<n) (6.37)
i=0 =0
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Then the radial integration becomes

] 25 n+n’

hal@) = K OK0 05— I [ e serg D 6.38)

Based on the property of Bessel function given in Eq. (2.82) [Gradshteyn and Ryzhik,
2007], we have the final result as

0.5(2+1.57T(I+0.5q(l n+n’ 2i+a+3

Inn’a(CI) = Kn(g)Kn’(g)g 4T(a + 1.5) Z nn’ F( a+i+ )lFl(
’ i=0

3
e+ )

(6.39)

The final quadratic relation E(qle) = ¢’K(q|{)e is quite compact, where the kernel
K(q|?) is a N(L + 1)(L + 2)/2 dimensional symmetric matrix for each fixed q and 7, and
K(q|¢) is independent of data E(q).

Let’s back to the question in Section 6.1.3 why we choose SPF basis {B,;,} instead
of dSPF basis in R-space to represent EAP. That is because it is easy to obtain the
analytic form of the radial integration in Eq. (6.34) from SPF basis. If we use dSPF
basis {D,;,} to represent EAP like our previous work in Chapter 5, [Cheng et al.,
2011c] and [Cheng et al., 2011a], the analytic form is hard to deduce, although a
numerical integration is also possible.

For the minimization of M(c) in Eq. (6.29), we can first set the initial ¢© as
(1,0, ...,0)", which is a typical isotropic Gaussian as we discussed above, then perform
gradient descent on PS. For a given e, let v be a tangent vector in the tangent space

of ¢ and ¢(¢) is the geodesic determined by ¢ and v. Then ¢(0) = ¢, v = de(l)lt: 0, and
dM(C‘(t))|

= (VM(e), v). based on the definition of directional derivative on manifold in
Sectlon 3.1.2. On the other hand, because v’ ¢ = 0, we have

= Tae oc oe

dM(c(1)) aM(c) rde(t) (6M(c) ( TaM(c)) )T
_— ) = = (4 c|l v
dt =0 dt =0

Thus we have the gradient of M(e) in Eq. (6.40), where Mgf) is given in Eq. (6.41).

VM(e) = Mgf) - (cT 6?20))c (6.40)
oM(e) >
e = 2, 2(c"K@ie - E)Kgild)e + A (6.41)

i=1

The gradient descent method is given in Eq. (6.42), where ¢® means ¢ in k-th step,
and dr is the step size estimated from standard line search method. See Algorithm 6.3
for the details, where dfy = 0.1 experimentally, considering ¢ is in the unit sphere.

o+ _ VM(e®)

; (k)
= Expow(— d[||VM(c(k))||)’ if [VM(@e'")| > ¢ (6.42)

After we obtain ¢ from DWI samples {E;}, the EAP P(R) = ®W®R))?> =
(S pim CnimBuim(R))? is nonnegative definite in R?, and the integration of P(R) in R? is
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Algorithm 6.3: Wavefunction Estimation
Input: DWI samples {E;}.
Output: Coefficient ¢ of ¢y(R|e).
begin
initialization: ¢© = (1,0,..,0)7,k=0; // typical isotropic
Gaussian
repeat
calculate v = VM(c?) in Eq. (6.40) ;
if ||v|| < 1 then break;
choose step size dr € (0, dty] via line search;
e+ = ExPc(/o(—dlﬁ);

ke—k+1;
M(c* 1) M(e®
until % &2,

end

naturally one because ¢ is in PS. For given radius Ry, the EAP profile which normally
is used to detect fiber directions is given as

P(Ror) = > > CumCurm Ru(RO)Ry (RO)Y}"(0)Y (1) (6.43)
nlm n'l'm’

It also can be linearly represented by SHs.

2L«
P(Ror) = > > (Z D CumCurm Ra(R)Ry (R) QP | YA () (6.44)
a=0pB=—a * nim w’'lI'm’

The two kinds of ODFs @,(r) and ®,,(r) are also nonnegative definite in S? since they
are radial integration of P(R). ®,(r) and ®,,(r) can be analytically obtained from wave-
function. For ODF by Tuch ®,(r), we have

(1) = fo O CatmBum(R)dR

nlm

=7 Z Z ( ‘gm Ry(R)R,y (R)dR) CnimCn’ 'm’ Ylm(r)Yl’?, (r) (6.45)

nlm n’'l'm’

(0)
I)m’

19 = f R,(R)R, (R)dR
0

n+n’

Kn( O (g)i f exp(— x)Zh’ 03 dx (6.46)
0

n+n

Kn b (D)= Z TG+ %) (6.47)

In Eq. (6.46), we use LI (L% (x) = Y= hi x' in Eq. (6.37). Then put Eq. (6.47)
into Eq. (6.45), we have

n+n’

,(r) = 2—‘/ZZ DD KOk Q) CtmCrme YO} (F) Z Ty TG + > (6.48)

nlm n’'l'm’
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®,(r) now is represented by products of SHs. It is also possible to represent ¢(r)
linearly by SHs.

(r) = Z Z (Z D ko Q) Cuimnrme Oy ’*Z B, TG + ))Y’%r) (6.49)

a=0p=—a * nim n'l'm’

For ODF by Wedeen ®,,(r), we have

®,,(r) = ) i Buim(R))?R2dR
®= [ cunbun®)

nlm

= Z Z (Lm Rn(R)Rn’(R)deR)Cnlanr[rml Ylm(l‘)er,n,(l‘) (650)
nlm n'l'm’

= Z Z CnlmCnl'm’ Y[m(r)Yllr,(r) (651)

nlm I'm’

2L «a
= Z Z (Z Z CnlmCnl' m’ Q’l%/ﬁ)yfj(r) (6.52)

a=0pB=—a  nlm I'm’

From Eq. (6.50) to Eq. (6.51), we use the orthogonality of radial part basis i.e.
f R,(R)R,y(R)R*dR = 6,,y. From Eq. (6.51), it is clear that jéz ®,,(r)dr = 3, 2 Com = 1>
considering orthogonality of SHs. So the proposed estimator of @, (r) is indeed the
marginal EAP.

In the proposed method, we choose ¢ = 4tD as we discussed above, which makes
typical isotropic P(R) and E(q) are represented only by By (R) and Dgy(q) respectively.
Please note that sometimes for real data we do not know the diffusion time 7, and
only {b;} values and gradients {u;} are known. Thus we cannot calculate accurately
{gi} from {b;}.

Considering b = 47°t¢*, Eq. (6.39) can be represented by b as

Sa+1.5,05,050 3 Yita+3 3
4/02 G him,l“(—a/ +1+ —)1F1(— a+ = __§)
20050 (@ + 1.5) A 2 2 2 27 4t

Liwa(b) = Ky (DK (0)

Considering b = 47%t¢*> and «,(¢) in Eq. (6.12), if we set { = 47D, as discussed in
Section 6.2.1, Eq. (6.39) can be represented by 4 in Eq. (6.53).

n'n’!

C(n + 3/2)C(n +3/2)

1/2 n0.52.,,0.550.5
Dy b
Inn’a(b) =

2C(a + 1.5)

n+n’

; 1 3
g him,l“(—a/ +i+=)1F(
i=0 2 2

M; a+ E; -bDy) (6.53)

2 2
It is clear to see that I,,,(b) only depends on Dy and is independent with r when
¢ = 4tDy. Based on the above analysis, I,,,,(g) in Eq. (6.34) only depends on D if we
choose ¢ = 47Dy, so different v obtains the same ¢ when Dy is fixed. But different
7 will give different scale ¢ in R-axis for P(R) in Eq. (6.10). Two kinds of ODF's are
invariant for different r based on Eq. (6.49) and Eq. (6.52). Thus if we do not know 7
for real data, we always assume 47°7 = 1, i.e. 7 = 0.02533s, which is also used in the
following experiments.

197



CHAP. 6: RIEMANNIAN FRAMEWORK FOR ODFsS AND EAPS

We have proposed a method to estimate wavefunction for EAPs. However it is
impossible to estimate the wavefunction for ODFs directly from DWI signals, if we
do not add some assumptions on E(q). That is because different £(q) may obtain the
same ODF, which means we cannot represent E(q) using wavefunction of ODFs as
what we did for EAPs in Eq. (6.32). Of course we can make some assumptions on
E(q) such that there is one to one map between E(q) and ODF. In details, ®,(r) in QBI
uniquely determines signal shell DWI signal [Descoteaux et al., 2007] by Funk-Radon
transform. @, (r) in exact QBI uniquely determines the SH coefficients with L > 2
of signal shell DWI signal by assuming mono-exponential decay on E(q) [Canales-
Rodriguez et al., 2009; Aganj et al., 2010b]. However we prefer model-free method
without assumptions. So we suggest to first estimate the nonnegative definite ODF
using the proposed SRPE method, then estimate the wavefunction of ODF from pre-
computed ODF's using numerical integration (or least square fitting) shown in Sec-
tion 6.2.1.

6.2.2 ODF/EAP Interpolation

Like Riemannian framework for tensors, a straightforward application of weighted
Riemannian mean is ODF/EAP interpolation, which is an important step in fiber
tracking and registration. On a regular lattice in R¢, the interpolated scalar valued
function f(s) at spatial position s is normally a linear combination of N; samples in
its neighborhood, i.e.

£i8) = wils)f(s?)

The weighting function {w;(s)} are normally determined by the spatial distance be-
tween s and s, and
wi(s) = &/

such that f(s”) is invariant under interpolation operation. Moreover, the weighting
functions are normally positive and normalized such that }; w;(s) = 1 and the linear
combination is weighted mean. This kind of interpolation is called as mean value
interpolation. When {f(s;)} are samples of manifold valued function, the weighted
mean is

N
fls) = argmin ) wi(s)d(f(s), )’
o=

which has no closed form and needs to be solved using Algorithm 6.1. Borrowing from
the notation in [Buss and Fillmore, 2001], we denote the weighted Riemannian mean

by
—~ N .
> w6 E wis)f) @ wa(s)f(8P) @ -+ @ wi(s) f(s™)
While weighted Euclidean mean is 3. | wi(s)£(s;) = wi(8)f(81) + -+ + wy(s) f(s™)).

In this chapter, we just demonstrate a simple Lagrange interpolation which is
normally used in MRI data processing. In 1 dimension (1D) case, w;(s) = ]—[;\Z | ji Sf%(:(),),
where N, samples are used in s-axis. If Ny = 2, f(s) = tfsV) @ (1 - Hf(s?)
is the weighted mean, where r = s(‘z%:()l) When ¢ changes in [0,1], f(s) shows

the geodesic connecting f(s'") and f(s®), which has the analytical closed form as

198



f(5) = Exp sy (tLog y(s)(f(s9))). There is no closed form for Ny > 2 in 1D or in high di-
mension. It is straightforward to generalize interpolation from 1D to high dimension.
For example, f(s) in 2 dimension where s = (s1, 52)” is shown in Eq. (6.54).

—Ns1 = Ngo
_ (1) (2) @@)) o
ORI SR C T GV D (6.54)
N_;] (l) NSZ (m)
My _ S5 @y 527 %
wlen= || G5 o= || 55 (6.55)
=11 51 T 5 m=1m#j S5 — 5

Lagrange interpolation is a polynomial interpolation method whose weighting func-
tions are normally not normalized. When 2 samples are used in each dimension, it
reduces to linear interpolation which is a kind of mean value interpolation with
normalized weighting functions. Linear interpolation is closely related to geodesics
and was used to compare different metric for tensors [Pennec et al., 2006].

An important issue on linear interpolation which is concerned in dMRI field is the
so called swelling effect. In linear interpolation of tensors with Euclidean metric,
the interpolated tensors sometimes have larger determinant than the fixed tensors in
endpoints. This phenomenon is called as swelling effect [Pennec et al., 2006]. How-
ever, to our knowledge there is no definition of swelling effect for general PDF valued
data interpolation so far. [Goh et al., 2011] discussed the swelling effect for ODF in-
terpolation via Shannon entropy which is %1n((27re)3|2|) for Gaussian distribution
N(R|Z), and concluded the swelling effect occurs in both Riemannian and Euclidean
interpolation of ODFs. However we think the increase of Shannon entropy may be
necessary for PDF data interpolation in some cases. For example, when interpolating
two discrete PDFs p(" = (1,0,0)” and p® = (0, 1,0)” which have the Shannon entropy
of zero, it is reasonable that the interpolated mean PDF is p = (%, % 0)" which is the
common result from both Riemannian and Euclidean interpolation in PDF space and
has larger Shannon entropy than p and p®. See Fig. 6.1(A,B,H) for the sketch
map. When interpolating two Gaussian EAPs with the same tensor shape but dif-
ferent directions, the interpolated Gaussian distributions from Riemannian tensor
interpolation in tensor space have the same Shannon entropy but no crossing glyph,
while the interpolated EAPs from both Riemannian and Euclidean interpolation have
larger entropy but crossing glyphs, which is more reasonable.

In this chapter we propose the definition of reasonable mean value interpola-
tion of the spatial interpolation on PDF valued function p(s,x). The so called swelling
effect for tensor interpolation can be considered as a specific phenomenon in unrea-
sonable mean value interpolation of Gaussian PDFs. Generally a PDF field can
be considered as a PDF valued function defined in spatial space as well as a scalar
function defined in both spatial and probability space, i.e. p(s,x) : R¢ x y — R, where
R¢ is the d dimensional spatial space and y is the measure space for PDFs which is S?

for ODFs and R? for EAPs. pg(x) def p(s,x) is the PDF defined at spatial position s.

Definition 6.1. For a PDF valued function p(s,x), a mean value interpolation based
on Ny samples {pgn(®)}Y, at position {s?}Y' is reasonable if the interpolated PDF
ps(x) at position s satisfies

ps(®) > min{pgo @)Y, Yx ey (6.56)
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It is straightforward that the mean value interpolation of scalar valued func-
tion f(s) is reasonable because Zf\;‘l wi(8) f(s®) > min f(s(’.))}ﬁ\i1 when Y; w;(s) = 1 and
w; = 0. For the Euclidean interpolation on Gaussian distribution parameterized
by tensors Ns(R|Y), £ = Zf\i‘l w;Z; where {Zi}ﬁ\fl are covariance tensors of given sam-
ples {Nsm(RlZ,-)}?fl. The return-to-origin probability (RTO) [Wu and Alexander, 2007,
Cheng et al., 2010b] is

Po = N(OZ) = L

Va3

where X = 27D. Thus the larger determinant of the tensor X (or D) is, the smaller
RTO of EAP. When swelling effect occurs, [X| > max{lZil}ﬁ\i‘l [Pennec et al., 2006], which
means Ng(02) < min{Ns@(OlZ,»)}ﬁYl. So Euclidean interpolation on tensors is unreason-
able. It is actually interpolation on matrices, not EAPs. On the other hand, if the
mean value interpolation is reasonable, i.e. Ng(R|X) > min{Ny» (RlE,-)}?i‘l, VR € R3, then
there is no swelling effect. So swelling effect is actually a specific phenomenon of
unreasonable mean value interpolation of Gaussian PDF field. For Riemannian
interpolation on tensors, Riemannian and Euclidean interpolation on general EAPs,
we have the theorem 6.6 whose proof is given in Appendix 6.6.

Theorem 6.6 (Reasonable Interpolations). Riemannian and Euclidean mean
value interpolations on general EAPs/ODFs are both reasonable. Riemannian mean
value interpolation on tensors is reasonable, and more precisely

max{Nyo (RIZ)}Y, > Ns(RIZ) > min{N,o(RIZ)}Y,, VR eR? (6.57)

Please note two important differences between tensor based interpolation and
interpolation on EAP space.

¢ EAP mean value interpolation with Euclidean metric is totally different from
tensor interpolation with Euclidean metric. For given Gaussian distributions
{Ngo (RIZ)}Y,, the interpolated EAP is P(R) = ' wiNgo (RIZ;) which is no longer
Gaussian.

e EAP mean value interpolation with Riemannian metric may have larger prob-
ability values than EAPs in the endpoints, which is reasonable as discussed
in Section 6.1.7. However, EAP mean value interpolation with Euclidean met-
ric always obtain the EAPs whose probability values are between the values of
EAPs in endpoints. The EAPs from Riemannian interpolation on tensors, called
tensor-EAPs, also always have the probability values between the EAPs in the
endpoints.

6.2.3 ODF/EAP filtering

Another straightforward application of Riemannian metric is the filtering in
ODF/EAP field, which can improve the ODF/EAP estimation by considering the in-
formation in a spatial neighborhood. Since weighted mean/median could be calcu-
lated efficiently, it is possible to develop some filtering algorithms on ODF/EAP field.
Actually all filtering algorithms in [Pennec et al., 2006; Fillard et al., 2007] for ten-
sor field can be generalized into ODF/EAP field. For example, [Goh et al., 2009a,
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2011] proposed anisotropic filtering for ODF field. Here we just demonstrate a sim-
ple Gaussian smoothing method since it is widely used in MRI field and does not need
an iterative process. In this method the filtered EAP ps(x|c) in each position s is the
weighted mean ps(x|u,,) or median ps(x|m,,) of the ODFs/EAPs in a given neighbor-
hood {ps(xlc?)}ien(s), where N(s) is in the spatial neighborhood of s. The weighting

. , . . @y, . o
functions w;(s”’) can be chosen as spatial Gaussian kernel exp(— d(s’s d¢57)y in traditional

Gaussian filtering, or Gaussian kernel exp(— d(s s0) dps@ie)p s(’)(xlc())) dependent on both
spatial distance and ODF/EAP distance in bllateral ﬁlterlng [Tomasi and Man-
duchi, 1998], where o and o are standard deviation in spatial and PDF domain and
need to be chosen by users.

6.2.4 ODF/EAP Atlas Estimation

The weighted Riemannian mean and median can be used in atlas estimation. The
measure of robustness of an estimator is the breakdown point which is the fraction
of the data that can be completely corrupted without affecting the boundedness of the
estimator. Compared with the mean, the median whose breakdown point is larger is a
much more robust estimator which was shown in [Fletcher et al., 2009]. This property
makes the median more appropriate than the mean in atlas estimation.

6 3 EXPERIMENTS
[ J

In this section, we validate the Riemannian framework and its applications in
synthetic data, phantom data and real monkey data.

6.3.1 Synthetic Data
Demonstration for Diffeomorphism Invariance

We have proved in Section 6.1.8 that the proposed Riemannian metric for ODFs/EAPs
is diffeomorphism invariant. In this section we give an example to demonstrate this
property via an affine transform. See Fig. 6.2. Mixture of tensor model

PR) = wiNR|27D) + woN(R|27Dy)

was used to generate the synthetic data. See Appendix A. D; and D, have the same
eigenvalues [1.7,0.3,0.3] x 1073 mm? /s but different directions. Based on this model, we
can analytically obtain many samples of ODFs by Wedeen [Wedeen et al., 2005] and
EAPs. Then the SH coefficients and SPF coefficients for the wavefunctions of ODF's
and EAPs can be obtained via numerical inner product with L = 8, N = 4. Please
note that we did not estimate ODF/EAP from limited number of DWI signal samples
with noise because we would like to avoid the estimation error which is not our focus
in this experiment. We compute the Riemannian distance and Euclidean distances
between the EAP/ODF in the center where w; = 1, w, = 0 and the EAPs/ODFs in other
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Figure 6.2: (A,C): original EAP profiles colored by Euclidean and Riemannian distances;
(B,D): transformed EAP profiles colored by Euclidean and Riemannian distances; (E,G): orig-
inal ODF colored by Euclidean and Riemannian distances; (F,H): transformed ODF colored
by Euclidean and Riemannian distances.

voxels where w; = w, = 0.5. Afterwards a given affine transform A was performed on
the mixture model, i.e.

(A o P)(R) = wiN(R]27ATD; A) + waN(R]27ATD,A)

With this transformed model, we again estimated the Riemannian coordinates for
ODFs and EAPs via numerical inner product, calculated the distance maps and vi-
sualized glyphs colored by distances. In Fig. 6.2, (A,C) are the original EAP profiles
at 15um colored by Euclidean distance and Riemannian distance respectively, and
(E,G) are the original ODF fields colored by Euclidean and Riemannian distance.
The transformed EAPs are shown in Fig. 6.2(B,D) and transformed ODFs in (F,H).
The distance maps were used to color the glyphs and were set as the background. It
is clear that the Riemannian distance is invariant under the transform. As we know,
the Riemannian distance between two Gaussian distributions is invariant under an
affine transformation, while Euclidean distance is not. However, Riemannian frame-
work for tensors does not work for non-Gaussian distributions, e.g. mixture of Gaus-
sian model. This experiment demonstrates that Riemannian metric for EAPs and
ODFs is diffeomorphism invariant, which is a natural extension of affine-invariant
metric for tensors, while Euclidean metric is not.

Nonnegative ODF and EAP estimation via SRPE

In practice we found that the ODFs estimated by many HARDI methods normally
have only a small number of negative values close to zero when the SNR is very low,
however even with high SNR, the negative values are serious for the estimated EAPs
especially for large radius R. Thus we focus on EAP estimation in this subsection.
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Figure 6.3: Al: ground truth EAP and estimated EAPs from two methods, where the EAP by
SPFI has negative values in the blue square. The long thin sticks and short thick sticks are
the ground truth directions and the detected maxima respectively. A2, A3: NMSE in noise
free experiment for two tensor configurations 7, 7,. B1, B2, B3: success ratio, MDA and the
mean of NMSE in the experiments with S NR = 10, 30.
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The synthetic data were generated from mixture of tensor model [Descoteaux
et al., 2007] where two tensors cross with a given angle in [45°,90°]. Three shells
(b=500,1500,3000 s/mm?*) were used, 60 samples per shell. EAP profiles with radius
Ry = 15um were estimated by SPFI and SRPE. The Normalized Mean Square Error
(NMSE) between the ground truth EAP profile P(Ryr) and the estimated EAP profile
P(Ror) is defined in Eq. (A.8). In the noise-free experiment, the signal was generated
from two tensor configurations with eigenvalues 7; = (1.7,0.3,0.3) x 103 mm?/s and
T> = (0.9,0.3,0.3) x 10 3mm?/s. We set N =2, L =4, ; = A, = 0 and considered both
typical scale and adaptive scale for SPFI and SRPE . Fig. 6.3(A2,A3) recorded the
NMSE when two maxima were detected. SRPE generally obtains lower NMSE and
has better angular resolution than SPFI. The adaptive scale obtains lower NMSE in
two methods when T, is used, which is because the ADC in tensor T; is much close to
the typical Dy, while the ADC in T, is not. Note that when T is used, the NMSE ob-
tained from SRPE with typical scale is just slightly higher than the NMSE obtained
from SRPE with adaptive scale, which means the typical scale is acceptable in SRPE.
Fig. 6.3(A1l) shows the ground truth EAP and the estimated EAPs by two methods
when T and crossing angle of 55° are used. SRPE has better angular resolution and
avoids the negative values around the original point in the EAP by SPFI. Note that
the EAP profile estimated by SPFI in (A1) has more than 20% negative values showed
in the blue square, although only 1% points are negative and have absolute values
larger than one tenth of the maximal value of the EAP profile. In the experiment
with Rician noise, 7| and adaptive scale were used. We set 4; = 1, = 108 for SPFI
suggested in [Cheng et al., 2010b]. Since the coefficient ¢ in SRPE has different range
(llell = 1) from coefficients in SPFI, in order to perform a fair comparison, we still set
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A = A, = 0 for SRPE without any regularization. The estimation was performed for
1000 trials with S NR = 10, 30, where the success ratio was recored when two maxima
were detected, the Mean Difference of Angle (MDA) was calculated in the successful
trials, and the mean of NMSE was calculated over all trials. See Fig. 6.3(B1,B2,B3).
It is clear that SRPE generally has higher success ratio, lower MDA and lower NMSE
than SPFI.

Interpolation and PGA

We demonstrate the Lagrange interpolation of ODFs/EAPs in 1D and 2D field, and
compare the results from Riemannian metric and Euclidean metric.

Fig. 6.4 shows the 1D interpolated ODF's and EAP profiles at 15um from given two
Gaussian distributions parameterized by different configurations of tensors. We have
two ways to interpolate ODFs/EAPs between Gaussian distributions.

1. The first way is to first interpolate tensors between these two tensors in
endpoints with Riemannian metric or Euclidean metric, then obtain the
ODFs/EAPs analytically from the interpolated tensors based on the analyti-
cal solution of Gaussian distribution. We call them tensor-ODFs and tensor-
EAPs.

2. The second way is to generate the ODFs/EAPs analytically from two fixed ten-
sors, then interpolate ODFs/EAPs using the weighted mean of ODFs/EAPs with
Euclidean, Riemannian and Log-Euclidean metrics respectively.

The coefficients of SH basis and SPF basis were estimated with L = 8 for ODFs and
L = 8, N = 4 for EAPs. The first column in Fig. 6.4 shows the results between one
isotropic Gaussian with eigenvalues of [0.4,0.4,0.4] x 10>mm?/s and one anisotropic
Gaussian with the eigenvalues of [1.7,0.3,0.3] x 10 mm?/s. The ODFs/EAPs from
Euclidean and Riemannian interpolations are similar with the interpolated tensor-
ODFs/EAPs from Euclidean and Riemannian interpolations respectively. The second
and third columns give the results from two anisotropic Gaussian distributions with
the eigenvalues of [1.7,0.3,0.3] x 103 mm?/s, [0.6,0.2,0.2] x 103mm? /s and with angular
difference of 45°, 90°. Fig. 6.5 also shows EAP glyphs at 15um and the change of RTO
values for the interpolation of two Gaussian distributions which have the eigenvalues
of [1.7,0.3,0.3] x 10 3mm?/s, [1.2,0.3,0.3] x 10> mm?/s and crossing angle of 90°.

In 2D case, ODFs/EAPs were interpolated from 4 given ODFs/EAPs in 4 corners
in Fig. 6.6. Tensor model with eigenvalues of [0.6,0.2,0.2] x 103mm?/s was used to
generate ODFs and EAPs in top right and bottom left voxels. The same eigenvalues
were used in mixture of two tensors to generate the ODF and EAP in top left voxel.
The ODF and EAP in the bottom right voxel were generated from the tensor with
eigenvalues of [1.7,0.3,0.3] x 10 3mm?/s. Fig. 6.6 visualizes the interpolated ODFs and
EAP profiles at 15um from Riemannian and Euclidean interpolations. The glyphs
were colored by GA values which were also set as the background grey intensity.
Fig. 6.6 also shows the first two principal components (PCs) from PGA for the ODF
and EAP fields from Riemannian interpolation, and the first two PCs from original
PCA for the results from Euclidean interpolation.
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Figure 6.4: Three configurations of tensors in endpoints were used in 1D interpolations of
tensors/ODFs/EAPs with different metrics. Tensors and tensor-ODFs/EAPs were colored by
GA of tensors, and ODF/EAP glyphs were colored by GA of ODFs/EAPs.
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It can be seen in Fig. 6.4 that tensor-ODFs/EAPs cannot generate crossing glyphs,
while ODF/EAP interpolation can. It is interesting that the first column in Fig. 6.4
shows that the tensor-EAPs from Riemannian interpolation of tensors are similar
with EAPs from Riemannian interpolation of EAPs, and tensor-EAPs from Euclidean
interpolation are similar with EAPs from Euclidean interpolation. However, please
note the interpolated tensor-EAPs are still Gaussian, while the interpolated EAPs
are no longer Gaussian. Fig. 6.5 shows the change of RTO probability in 1D in-
terpolation. The swelling effect occurs in tensor-EAPs from Euclidean interpolation
which is unreasonable. EAPs from Riemannian and Log-Euclidean interpolations ob-
tain larger RTO than the EAPs in endpoints, which is possible as we have shown in
Section 6.1.7 and 6.2.2. Although EAPs from Riemannian and Log-Euclidean inter-
polations are very similar when R = 15um, they are slightly different for RTO values.
EAPs from Euclidean interpolation and tensor-EAPs from Riemannian interpolation
on tensors have similar RTO values, although EAP interpolation has crossing glyphs
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Figure 6.5: The interpolation results and the change of RTO probability for 1D interpolation
of two Gaussian EAPs.
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when R = 15um, which is totally different from tensor-EAPs. In the top left area
of Fig. 6.6, the EAP interpolation with Euclidean metric gives some unreasonable
glyphs with many local maxima, while Riemannian metric gives more reasonable
results. The PCs of EAPs from Riemannian interpolation show clearly the 3 types
of EAPs in 4 corners, while the PCs of EAPs from Euclidean interpolation miss the
EAP type in the top left voxel. Euclidean and Riemannian interpolation give simi-
lar results for ODF interpolation. PCA and PGA also give similar results for ODFs.
Fig. 6.4, 6.5 and 6.6 demonstrate the three important phenomena.

e First, the ODF interpolation results with Riemannian and Euclidean metrics
have only a little difference, while the EAP interpolation results with two met-
rics are quite different.

e Second, ODF/EAP and tensor-ODF/EAP interpolation with Euclidean metric
give more weighting for the distribution with large values than the interpolation
with Riemannian metric. The phenomenon is more evident in tensor-EAP and
EAP interpolation.

e Third, ODFs/EAPs from Riemannian interpolation are very similar with
ODFs/EAPs from Log-Euclidean interpolation. Although We did not show the
results from Affine-Euclidean interpolation, it is also very similar with Rieman-
nian interpolation.

We would like to explain why the Riemannian metric and Euclidean metric give
more different results for EAPs than for ODFs. Please remind the previous dis-
cussions in Section 6.1.9 that if two points are near the uniform distribution, the
geodesics of Riemannian metric and Euclidean metric will be close. For ODFs, the
uniform distribution is also the isotropic ODF. The ODFs in gray matter and CSF
are normally close to isotropic ODF. Moreover we find in practice that even in white
matter the two kinds of ODF's with or without solid angle defined in [Tuch, 2004; De-
scoteaux et al., 2007] and [Wedeen et al., 2005; Aganj et al., 2010b] are also very close
to the isotropic ODF. If we use SH to represent y(r), r € S? for ODFs, the isotropic
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Figure 6.6: Comparison between Riemannian and Euclidean metrics in 2D ODF/EAP inter-
polation. Comparison between PGA and PCA in 2D ODF/EAP field. PGA and PCA were used
in the ODF/EAP results from Riemannian and Euclidean interpolations respectively. GA was
used to color the glyphs and was set in the background.
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ODF is (1,0,..,0), i.e. ¢c; = 1. For a given ODF with the coefficients ¢, c; is the

projection onto isotropic ODF, which is more than —— theoretically as shown in Sec-

Van
tion 6.1.4. However experimentally ¢; from a typical tensor in our brain is always

close to 1, normally more than 0.95. That means the ODFs we focus in human brain
are actually always in a small space around the uniform distribution, compared to
the large function space in Eq. (6.1). However, that is different for EAPs because the
EAPs we study are far from the uniform distribution as we have discussed in Sec-
tion 6.1.4. This can explain why significant difference occurs between two metrics in
interpolation of tensors and EAPs, but only a little difference in ODF interpolation.

Filtering

In this subsection, we would like to compare different metrics in Gaussian filtering.
Section 6.2.3 shows some potential filtering methods in ODF/EAP field. The weight-
ing functions in the given neighborhood N(s) at spatial position s may be dependent
on both spatial distance and PDF distance in bilateral filtering. However, it is diffi-
cult to set o for PDF distance in a fair comparison, because different metrics have
different range of distances. Thus we just compare different metrics in traditional
Gaussian filtering where the weighting functions are only dependent on spatial dis-
tance and the same o5 can be used in all metrics.

The ground truth signals at » = 1500s/mm> were generated from a tensor field
where tensors in two regions have the same eigenvalues [1.7,0.3,0.3] x 10> mm?/s but
orthogonal principal directions. The signals were corrupted by Rician noise with
SNR = 5, where SNR is defined as é and o is the deviation of complex Gaussian
noise [Descoteaux et al., 2007]. Then the single shell noise corrupted signals were
used to estimate tensors, ODFs and EAP profiles at R = 15um. The tensors were
estimated via standard least square fitting [Basser et al., 1994], and the ODFs/EAPs
were estimated from the proposed SRPE in 6.2.1 with L =4, N =2, 1, = 1, = 0. Please
note two issues.

e First, we just used limited samples and did not add any regularization in
ODF/EAP estimation because we would like to obtain noisy estimation results
for filtering experiments.

e Second, the noisy results in raw estimation come from estimation error of lim-
ited samples and Rician noise, not the Gaussian noise in tangent space used
in [Pennec et al., 2006; Fillard et al., 2007; Goh et al., 2011] which cannot be
found in practical estimation.

The noisy tensor, ODF and EAP fields were listed in the first row of Fig. 6.7. Then
Riemannian median, Riemannian mean and Euclidean mean were used in spatial
Gaussian filtering, where the common spatial deviation was chosen as o5 = 0.8.

All three metrics work well inside the regions, and the differences are mainly in
the boundary of these two regions. Compared to Riemannian median and mean, the
Euclidean mean filtering on tensor field obtain swelling glyphs with less anisotropy
around the boundary, which agrees the results in [Pennec et al., 2006; Fillard et al.,
2007]. As we discussed above in 6.2.2, the swelling of tensors means decrease of
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Figure 6.7: Filtering on tensor, ODF and EAP fields. The first row is the noisy glyphs of
raw estimation. The following three rows are filtering results based on Riemannian median,
Riemannian mean and Euclidean mean respectively. The glyphs were colored by directions.
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probability values. It agrees that the Euclidean mean filtering on EAP field obtains
smaller glyphs around the boundary. Euclidean mean filtering on EAP field also
gives more interchange for the two regions, and the glyphs around the boundary have
more obvious crossing, which decrease the anisotropy. Riemannian median filtering
gives the least interchange for the two regions which preserve the discontinuity. The
Euclidean mean and Riemannian mean obtain similar results in ODF field, which
agrees the discussion above on interpolation.

Robustness of Riemannian Median

In this subsection, we would like to compare the robustness of different estimators,
i.e. Riemannian median, mean and Euclidean mean. With the data generation shown
in last experiment, we generate tensor, ODF and EAP data with 10 samples from ten-
sor model with eigenvalues [1.7,0.3,0.3] x 10 3mm?/s and SNR = 5 at b = 1500s/mm?>.
Then some outliers with different directions were also generated from the same ten-
sor model with SNR = 5 but different direction at » = 1500s/mm?. The first row in
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Figure 6.8: Test the robustness of Riemannian median, Riemannian mean and Euclidean
mean. First row: 5 of the data from raw estimation. Second row: 5 of outliers. From the
third to the fifth row: estimated results from Riemannian median, Riemannian mean and
Euclidean mean. Sixth row: the number of outliers in 10 samples.
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Fig. 6.8 shows the 5 samples of tensors, ODFs and EAPs. The second row shows 5
of the outliers. Then Riemannian median, Riemannian mean and Euclidean mean
were estimated from the 10 samples, some of which were replaced by outliers. The
results from three estimators were shown from the third to fifth rows in Fig. 6.8,
and the number of outliers were listed in the last row. We can see that the Rie-
mannian median is more robust than Riemannian mean and Euclidean mean, which
agrees [Fletcher et al., 2009].

6.3.2 Phantom Data

We performed the proposed SRPE method and Gaussian filtering in a public phantom
data (http:/Inao.lixium.fr/spip.php?rubrique79). See Appendix B.1 for the details of
the data information and preprocessing.

Nonnegative Definite ODF/EAP Estimation

We first obtained the mean DWI data from two repetitions. Then we estimated ODF's
and EAPs from the proposed SRPE and SPFI in our previous work [Cheng et al.,
2010a,b]. It is possible to consider adaptive scale in SRPE for better estimation,
however it will bring troubles in the following Riemannian operations on EAP field
because the coefficients in different voxels are under different basis set. Thus we first
estimate the mean diffusivity of all voxels in white matter, which is about D = 1.6 x
1073mm?/s. Then we use this mean diffusivity value to set the scale 4D = 1.6211x10™*
in SRPE and the scale (m = 312.5) in SPFI for all voxels. We set L = 4, N = 1 for
both SRPE and SPFI, and 4, = 1, = 0 in order to evaluate the robustness to noise.
Fig. 6.9 shows in the first row the ground truth of fiber directions and the estimated

210


http://lnao.lixium.fr/spip.php?rubrique79

Figure 6.9: Phantom data results. Comparison between SRPE and SPFI. Comparison be-
tween different metric in filtering of ODF/EAP field. The reference DWI data without diffu-
sion gradient (b = 0) was set as the background in all subfigures. First row: the estimated
EAP and ODF glyphs. Second row: the results from two methods in two enlarged regions.
Third row: Gaussian filtering results of EAP and ODF fields, where RMM means Riemannian
metric and EUM means Euclidean metric. The glyphs in all subfigures were colored by the
GFA values of the spherical functions, i.e. EAP profiles and ODF's.

ground truth of fibers ODF field
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filtering in EAP field (15 um) filtering in ODF field

EAP field at 15 um and ODF field. The reference DWI data without diffusion gradient
(b = 0) was set as the background color. Since the anisotropy of the phantom data is
much low compared to the normal human brains [Fillard et al., 2011], we performed
min-max normalization in visualization of all glyphs. The second row visualizes the
results by SRPE and SPFI in two enlarged regions. Please note that normally people
only visualize the EAPs at 15 um, because a large R value results in noisy results with
many peaks [Ozarslan et al., 2006; Cheng et al., 2010b]. However, we found that the
proposed SRPE works well even with a large R value. Compared to SPFI which has
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very different results for R = 15um and R = 25um, SRPE is not very sensitive to R. See
the second row for the glyphs of EAPs at 25 um. It is probably because SRPE naturally
considers the nonnegative definite constraint. Note that in Chapter 5, we consider
adaptive scale to improve the results, while here we consider the nonnegative definite
constraint to improve the results.

ODF/EAP Filtering

We then perform Gaussian filtering on the estimated EAP field at 15 um and ODF
field with three different strategies, i.e. Riemannian median, Riemannian mean and
Euclidean mean. The standard deviation of spatial Gaussian kernel was set as 0.8
of the voxel size. Fig. 6.9 shows the smoothed EAP and ODF fields using different
strategies. It can be seen that all filtering methods can obtain clearer results com-
pared to the raw estimation both for ODFs and EAPs. For EAPs, Riemannian mean
and Euclidean mean obtain similar results where the boundary of the light areas with
fibers are more contaminated by glyphs in the dark areas, compared to the result by
Riemannian median. See the regions marked in red. For ODFs, Riemannian mean
and Euclidean mean obtain visually the same results, which agrees with previous
discussions and results in synthetic data. The Riemannian median has better results
than Riemannian and Euclidean mean. This experiment shows that Riemannian me-
dian is more appropriate in ODF/EAP filtering which can preserve the discontinuity
of different regions.

6.3.3 Real Monkey Data

Finally we apply the proposed Riemannian framework methods to a real monkey
data. Please refer Appendix B.2 for the data description and preprocessing.

Nonnegative Definite ODF/EAP Estimation

For the first subject of the data, We first estimated the EAPs and ODFs from the
DWI data using the proposed SRPE method. In practice, we set L = 4, N = 2 and
we found the results in SRPE almost do not change when 4; and A, range in [0, le —
6], which agrees the results in the above phantom data. So we set 4, = 4, = 0.
The first row of Fig. 6.10 shows the estimated EAP and ODF fields, as well as the
GA map calculated from the EAP field. Similarly with FA for tensors and GFA for
ODFs, the GA map for EAPs has large values in white matter and low values in grey
matter and Cerebrospinal fluid (CSF). It may be useful in clinical study. Then we
compared the results from SRPE to the results from SPFI in [Cheng et al., 2010a,b].
L=4, N=2and 4, = 5¢-9, 1, = le — 9 were set in SPFI which were also used
in [Cheng et al., 2010a,b]. Note that we set scale parameter in SPFI shared in each
voxel based on the typical ADC Dy in Eq. (5.32). Fig. 6.10 lists in the second row
the estimated EAP fields at 15um and 25um and ODF fields in an enlarged region.
Both SRPE and SPFI obtain anisotropic glyphs in white matter and isotropic glyphs
in grey matter and CSF. So they normally do not need an min-max normalization
like QBI [Tuch, 2004; Descoteaux et al., 2007] to artificially make anisotropic glyphs.
Please note that artificial normalization on glyphs will obtain noisy glyphs in the
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Figure 6.10: Monkey data results. First row: estimated EAP, ODF fields and GA map from
the first subject. Second row: estimated EAPs and ODF's from two methods in a enlarged
region. Third row: original EAP and ODF atlases from 5 subjects via three ways. Fourth
row: re-estimated EAP and ODF atlases from 4 original subjects and 1 noisy subject. RMM
means Riemannian metric and EUM means Euclidean metric. The glyphs in all subfigures
were colored by the GFA values of the spherical functions, i.e. EAP profiles and ODF's.
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area with isotropic diffusion like grey matter and CSF, which brings some troubles in
the following tractography. Compared to the noisy EAP glyphs at 25um in SPFI, the
results in SRPE are much cleaner and the CSF area remains isotropic. It is probably
because we naturally add the nonnegative constrain.

Atlas Estimation

Registration is crucial in atlas estimation. Since so far there is no common regis-
tration method for ODF/EAP data and it is also not our focus here, we just perform
a naive way to align the ODF/EAP data using FSL. All DWIs from 5 subjects were
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aligned via affine registration to a template made by non-diffusion weighted images.
The affine transform was used to re-orientate the gradients for each subject via Finite
Strain method [Alexander et al., 2001]. Then we estimated EAPs and ODFs for all
five subjects respectively, and calculate the ODF/EAP atlas from the five estimated
ODF/EAP fields. The original EAP and ODF atlases are obtained as the Riemannian
median, Riemannian mean and Euclidean mean of five EAP and ODF fields, which
are shown in the third row of Fig. 6.10. Then we would like to test the robustness of
the atlases using different metrics. Rician noise was added with S NR = 10 to the DWI
data of two subjects, and the noise corrupted ODF/EAP field was re-estimated. The
ODF/EAP atlas from three metrics were also re-estimated from the two noisy fields
and the other three original ODF/EAP fields. The fourth row of Fig. 6.10 shows that
the re-estimated ODF/EAP atlas from three metrics. Riemannian median results in
the best atlases similar with the original atlas for both ODFs and EAPs, which val-
idated its robustness. While Riemannian mean and Euclidean mean obtained noisy
ODF/EAP atlases. Please note that for ODFs, Riemannian mean and Euclidean mean
obtain very similar results. For EAPs, the atlases from Riemannian mean and Eu-
clidean mean are slightly different in the data set.

6 4 SUMMARY
[ J

In this chapter, we proposed an intrinsic diffeomorphism invariant Riemannian
framework as a mathematical tool for both ODFs and EAPs processing in dMRI,
which is a natural extension of previous affine invariant Riemannian framework for
tensors. It is based on orthonormal basis representation of the wavefunction. We
almost generalized all concepts in the Riemannian framework from tensors to ODF's
and EAPs, such as Geodesic Anisotropy (GA), Log-Euclidean framework, affine in-
variance, swelling effect, etc. Based on this Riemannian framework, we proposed
some potential applications, such as nonnegative ODF/EAP estimation via SRPE,
ODF/EAP interpolation, filtering, atlas estimation. It can also be used in other ap-
plications, not just limited to the applications we have demonstrated in this chapter.
Like the Riemannian framework for tensors, the Riemannian framework for ODFs
and EAPs is a set of the general mathematical tools which can be used for design of
general algorithms.

Compared to the mixture model formulation of Riemannian framework in [Mc-
Graw et al., 2006], our formulation is model-free and needs very weak assumption
that the wavefunction of the ODF/EAP we focus is contained in the linear span of
chosen basis. Compared to the histogram formulation in [Goh et al., 2009a, 2011],
our formulation considers orthonormal basis representation which is more efficient
for the following Riemannian operations, because we work in the space of limited
number of coefficients which has low dimension compared to the histogram. The
analysis on piecewise constant basis in Section 6.1.1 and Theorem 6.1 demonstrate
that the formulation in [Goh et al., 2009a, 2011] can be seen as a specific case of our
formulation when the orthonormal basis is chosen as the piecewise constant basis.
As we have shown in this chapter as well as chapter 5 and [Cheng et al., 2011c], the
EAPs and ODF's we study in human brains are only in a small space, compared to the
general PDF function space shown in 3.35. We have some priors that the DWI signals
and ODFs/EAPs are smooth enough such that they can be sparsely represented by
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some orthonormal bases.

We now summarize the contributions of this chapter.

1. We proposed the intrinsic model-free Riemannian framework based on wave-
function representation by orthonormal basis. This Riemannian framework can
be used in arbitrary PDFs under arbitrary orthonormal basis representation.
Theorem 6.1 shows that the Riemannian framework under different orthonor-
mal basis representation obtains theoretically the same and numerically similar
final results. In dMRI, this Riemannian framework avoids Gaussian assump-
tion in DTI and can be used to process both ODF and EAP data.

2. In this framework, the geodesic, exponential map and logarithmic map have
closed forms. We proposed four properties of the parameter space PS, and no-
ticed the similarities and differences between the space of EAPs and the space
of ODF's.

3. The weighted Riemannian mean and median were proved to uniquely exist in
the parameter space PS and can be estimated efficiently by gradient descent
method.

4. Two efficient frameworks, Affine-Euclidean framework and Log-Euclidean
framework, are proposed to approximate the original Riemannian framework
and fast process data.

5. We generalize Geodesic Anisotropy from tensors to general ODFs/EAPs, which
is defined as the geodesic distance from the given ODF/EAP to its nearest
ODF/EAP. Theorem 6.2 showed that GA can be calculated analytically from the
given Riemannian coordinate. We also showed how to calculate Rényi entropy
from given wavefunction. However, Rényi entropy seems less useful for ODF's
and EAPs based on the experiments in [Cheng et al., 2009a] and the analysis in
Section 6.1.5.

6. We proposed a nonnegative definite ODF/EAP estimation called Square Root
Parameterized Estimation (SRPE), which can guarantee the estimated ODF's
and EAPs are nonnegative definite in their domains, i.e. S> for ODFs and R> for
EAPs. While the previous methods [Goh et al., 2009b; Ozarslan et al., 2009] only
add nonnegative constraint in some given samples. The experiments showed
that SRPE works well even in large R value, compared to SPFI in Chapter 5.
However, compared to SPFI, SRPE has no closed form solution, which needs a
gradient descent method. Compared to £;-SPFI [Cheng et al., 2011c], the cost
function in SRPE is not convex, which means the solution of SRPE is a local
minimum. But, when we choose the typical isotropic EAP as the initialization,
the estimated local minimum from SRPE normally gives a good result. It once
again demonstrates that the EAPs we study in practice are in a small space
inside the general probability space.

7. We theoretically analyzed the property of weighted Riemannian mean and me-
dian. We proved in Theorem 6.4 that the probability value of the weighted
mean/median PDF is not less than the probability value of at least one sam-
pled PDF (ODF, EAP, or Gaussian distribution in DTI) which is used to gener-
ate the weighted mean/median. This property directly generalize the so called
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swelling effect to unreasonable mean value interpolation for general PDFs like
ODFs and EAPs. For Gaussian distributions parameterized by tensors, The-
orem 6.6 shows the probability value of the weighted mean/median Gaussian
distribution is between the minimal value and maximal value of the sampled
Gaussian distributions which are used to generate the weighted mean/median.

8. We analyzed theoretically and experimentally the differences between Rieman-
nian framework for tensors and for ODFs and EAPs, the differences between
Riemannian metric and Euclidean metric. The Riemannian metric and Eu-
clidean metric seem to obtain similar results for ODFs, but different results for
tensors and EAPs.

9. We proposed to use Riemannian median in ODF/EAP atlas estimation. The
experiments showed that the Riemannian median is more robust than Rieman-
nian mean and Euclidean mean.

10. The filtering experiments demonstrated that the Riemannian median is more
appropriate in filtering.

6 5 APPENDIX A: PROOF ON THE WAVEFUNCTION OF THE
° NEAREST ISOTROPIC EAP

Proof of Theorem 6.2 on the Wavefunction of the Nearest Isotropic EAP.
The wavefunction of an isotropic EAP can be represented as

Yiso(RY) = F(R)YJ(r), where F(R) >0,YR > 0.

It is in the linear function space fsz Y(R)Y"(r)dr = 0, Y1 > 0, denoted by L;s,. Please see
Fig. 6.11 for the sketch map. It is also in the nonnegative half-plane fR3 Y(R)dR > 0,

denoted by P*. Let S p denote the high dimensional sphere fR3 Y(R)?’dR = 1. Then the
space of the wavefunctions of isotropic EAPs, denoted by P;;,, is

Piso=P+nLisomSP

For any wavefunction y(R), its projection onto L;,,, denoted by ¢, (R), is
R RZRE
The normalized version of ¥, (R) is ¥, (R) = %. Since ¢(R) > 0 and Y| = \/#4? >

0, we have y5, (R) € P;5,. The Riemannian distance, i.e. the length of the arc, between
Y(R) and s, (R) is

darc((R), Y5, (R)) = arccos( I& YR, (R)AR)

and the distance of the chord between two wavefunctions is

denora@W(R), ¥s,,,(R)) = W(R) = s, Rl = 2 = 2 cos(durc (@ (R), ¥s,,,(R)))
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which is a monotonic function of d,.((R),ys, (R)). For any isotropic wavefunction
W' (R) € Pis, and ¢/ (R) # ys. (R), because of triangle inequality we have

iso

[l (R) = i, RN > 1 = [, RN = s, (R) = ¢, (R

Then
dehora@W’ (R), y(R))* = [/ R) = yr,, BRI + ¥(R) — yr,, BRI
> 1Ws,.,(R) = v, R + [[W(R) — vz, R
= dehoraWs ., R), P(R))?
S0 dyre (' (R), Y(R)) > dyre (s, (R), Y(R)). o

Figure 6.11: Sketch map for the wavefunction of the nearest EAP.

6 6 APPENDIX B: PROOFS ON WEIGHTED RIEMANNIAN
° MEAN AND MEDIAN

Proof of Theorem 6.3. Theorem 3.2 [Buss and Fillmore, 2001] proved that the
weighted Riemannian mean on a hemisphere exists uniquely if at least one point
in the interior of the hemisphere, which also can be proved directly based on The-
orem 3.1. [Buss and Fillmore, 2001] also proposed Algorithm 6.1 to estimate the
weighted mean. So the weighted Riemannian mean uniquely exists in our parameter
space because PS g is contained in a convex cone with angle 90° as we have shown in
Section 6.1.4. Please note normally for gradient descent method, we need to choose a
step size y; in each step k for convergence. However based on the theoretical results
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in [Buss and Fillmore, 2001], y; = 1 ensures the convergence of Algorithm 6.1. Nor-
malized Euclidean mean is chosen as the initialization, which makes the methods
converge fast.

Because PS i is a convex set in S¥~! and contained in a convex cone with angle 90°,
the sectional curvature of the PSk is 1 and diam(U) < 7. So Theorem 3.3 with A = 1
proves the uniqueness and existence of Riemannian median. [Fletcher et al., 2009]
used a gradient descent method to calculate the Riemannian median as listed in Algo-
rithm 6.2. Theorem 3.5 [Fletcher et al., 2009] also proved that the step size y; € [0, 2]
can ensure convergence when sectional curvatures of the manifold are nonnegative
and diam(U) - VA < 5. Thus y, = 1 is fixed in in Algorithm 6.2. Normalized Euclidean
mean is chosen as the initialization for acceleration, considering Euclidean mean is
an approximation of Riemannian median. In practice, Algorithm 6.1 and 6.2 converge
in about 10 steps, if the normalized Euclidean mean is set as the initialization. O

Lemma 6.1. If the Riemannian distance function in Eq. (6.24) is convex, the following
two statements are equivalent:

(@) Wy, (or my) is the weighted Riemannian mean (or median) estimated from {¢V}Y
and w;

1

(b) 0 is the weighted Euclidean mean (or median) estimated from {Logy, (¢} (or
{Logm, (€YY ) and w in Euclidean space.

Proof. Consider the following two distance function
N _ N _
frie@) = ) wid(e,ePY,  fru(®) =) willLogy, () - #’
i=1 i=1

When d(c, c?) is convex with respect to ¢, w,, uniquely exists such that V. fri.(n,,) =
-2 3 wiLogy,(¢?) = 0, which is equivalent to V¢fz.(0) = -2 ¥ w;Logy, (¢?) = 0.
The same proof can be used in Riemannian median. Thus (a) and (b) are equivalent.

m]

Lemma 6.2. For given N points {¢?}Y in PSg in Eq. (6.2) and weighting vector w,
weighted Riemannian mean pn,, and median my, defined in Eq. (6.24) are contained
in the convex hull C of (¢}, where C is the intersection of all the hemispheres that
contain {c(")}?i , and is equivalent to the set of all weighted Riemannian mean with all
possible w.

Proof. Theorem 7 in [Buss and Fillmore, 2001] proved that the convex hull C of {¢®}¥,
is equivalent to the set of all weighted Riemannian mean with all possible w. Thus
C contains w,,. We would like to prove that C also contains m,,. By projecting {¢""}
onto the tangent space of m,, denoted by 75,,. Let C’ denote the convex hull which
contains all {Logy, (¢)}Y | in Tp,. Please note C’ is not the image of C. If my, is not
in C, there exists a hemisphere H with m,, in its boundary which does not contain
any ¢, Then the closed half-plane in Ty, with the image of the boundary of H as its
boundary contains 0 in its boundary while it does not contain any Log,,w(c(i)). That
means 0 is not in the convex hull of {Log,, (¢”)}Y . Then let # be the projection
of 0 onto the convex hull. It is clear that |[#g — Log,, (¢™)|| < 10 — Log, (™), for
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i €{1,2,...,, N}, which contradicts with the result in Lemma 6.1 that 0 is the weighted

Euclidean median which minimizes the function Y\ [l — Logm,, (¢?)I. O

Lemma 6.3. Let b be any given vector in RX. Let b* denote the plane b’ ¢ = 0, and b*
denote the half-plane b' ¢ > 0. For any given geometrically convex hull C c S¥-' nb",
the function f(c) = b' ¢ is strictly concave in C. For any given geodesic C,. € C, let ¢*
be the projection of b onto the great circle S' which contains Cq., where the arc from
b to c¢* is orthogonal to the great circle at ¢*. Then f(e) takes its maximum at c¢* if
c* € Cye, or at one of the endpoints of Cyye if ¢* ¢ Cype.

Proof. Let cE},{ and cfr)c be two endpoints of C,,.. The geodesic C,,. can be represented
as

2
M _ L08051Ir>‘(02r)c) @
c(t) = ¢'’ cos(r) + vsin(t) where v = —L(Z), t € [0, [ILog ) (€ge)ll]
”Logcélr)( (€arll o

Thus we have

fe@®) = b e cos(r) + b vsin(r)

af(e(®) _ .1 1 r T T
= =b'e cos(t+2)+b vs1n(t+2)

2
% =-b" e cos(r) - b vsin(r) = -b" e() < 0

Note % = -ble(r) < 0 because Cye € S5 N b*. That means f(e(?) is strictly
concave in Cg.. Since C,. is any given geodesic in C, f(c(¢)) is strictly concave in C.
Assume f(c(7)) has the maximum at ¢* = ¢(r*) in the great circle S' that contains C,,.,
then
df(e(n)
ot

So e(t* + 7) is orthogonal to b. Then ¢(r* + 3) is orthogonal to the plane determined
by b and ¢(¢*). Let v be the tangent vector for S! at e(r*) and let vg* be the tangent
vector for the arc from b to ¢* at ¢(t*). Then ¢(z + 7) is parallel to v{° and orthogonal
to vg*. So ¢* is the projection of b onto the submanifold S'. Then the maximum value
is at ¢* if e* € C,, or at one of the endpoints of C,,. if ¢* ¢ C,,. since f(c) is concave in

Care- O

ler = b eV cos(s* + g) + b vsin(* + g) =0

Proof of Theorem 6.4. Let C be the intersection of all the hemispheres that contain
¢} . Then ,, and m,, are in C based on Lemma 6.2. For any given x €y,

A pale®) = Z cg")Bj(x) =b"¢? >0, where b= (B(x),.... Bx(x))"
J

Thus C is in the closed half-plane b’¢ > 0, i.e. b* U b*. Then based on Lemma 6.3,
Vpxle) = blecis strictly concave with respect to ¢ in CNb*, and /p(xle) =0in CNd™,

which means p@le) = b'e¢ > min{ Vp@leO)}Y, . So p@im,) > min{p@le®)}Y,, and

p@lmy) > min{pxic®)}Y,. O
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Proof of Theorem 6.6. Riemannian mean value interpolation on general
EAPs/ODFs is reasonable, which is straightforward based on Theorem 6.4. Eu-
clidean mean value interpolation on general EAPs/ODFs is also reasonable because

ps@le) = X wipgo(xle?) > min{pgo ()} .

We will prove the result for Riemannian mean value interpolation for given Gaus-
sian EAPs {Ny (RIZ,-)}]\S1 and weighting vector w, where N(R|Y) is the Gaussian distri-

i
bution with zero mean and covariance X = 27D in Eq. (4.27). Let C be the geodesically
convex hull of {Zi}ﬁsl, then pn,, € C. Let Xy € C and X(¢) be a geodesic, (0) = X, then

In N(RIZ(7)) = —% In(27) — %m 1=(1)| — %RTZ(t)_lR

and

w = —% Trace(Z() ™' 2(1)') + %Trace(E(t)_1RRTE(t)_1E(t)’)
Considering the inner product (A, B)s(, = Trace(X(t)"!AZ(#)"! B) shown in Eq. (3.46), we
have

1. 1
Vs In N(R[Z) = 5T+ ERRT

and |
VZInN(R[Z) = —EI

which is negative definite. So In N(R[Y) is concave in Sym]. So the minima of In N(R[Z)
in C are in the boundary. That is

N(Rlu,) > min{N(Rle®)}Y

We also have |
N(R|w,,) < max{NRle)}¥,

because the global maximum satisfying Vs In N(R|Z) = 0 is obtained when ¥ = RR”
that is in the boundary of Sym7, not in C. O
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CHAPTER 7

CONCLUSION

“Every end is just a new beginning. ”

Contributions

In this thesis, after introduction of some background knowledge on dMRI and neces-
sary mathematical materials, we have first proposed the analytical solution for EAP,
ODF's and several scalar indices in SPFI. SPFI considers complete 3D basis with SH
basis in spherical part and Gaussian-Laguerre function in radial part, which can be
seen as a generalization of QBI with only SH basis in spherical part. Then we pro-
posed a novel AFT-SC framework to incorporate and compare sHARDI and mHARDI
methods. We proposed some useful criteria for evaluating different basis functions in
different methods. Next, we proposed an intrinsic diffeomorphism invariant Rieman-
nian framework for both ODF and EAP computing in dMRI, which is a natural ex-
tension of previous Riemannian framework for tensors. The Riemannian framework
was implemented for ODF's using SH basis and was implemented for EAPs using SPF
basis. We generalized previous Log-Euclidean framework, GA from tensors to ODF's
and EAPs. We also proposed several possible applications based on the Riemannian
framework. In the interpolation of ODF/EAP field, we proposed the definition of rea-
sonable mean value interpolation of general PDF data, which is a generalization of
previous concept of swelling effect when interpolating tensor data.

Throughout the thesis, we have enumerated our major contributions at the end of
chapters. In summary, the important and original contributions of the thesis are:

1. Analytical linear transforms for EAP, ODFs, GFA, MSD, RTO, from the esti-
mated SPF coefficients of the signal. This is the main contribution we have
done for SPFI.

(a) Proposition 5.1 and 5.2 demonstrated that when the signal is represented
by SPF basis, the EAP can be analytically represented by the same coef-
ficients under dSPF basis. dSPF basis was proved to be an orthonormal
basis.

(b) Proposition 5.3 and 5.4 showed that when the signal is represented by SPF
basis, the two kinds of ODF's can be analytically represented by SH basis
and the coefficients of SH basis can be obtained from a linear transform.
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(c)

Subsection 5.1.2 proposed the analytical form for RTO, MSD and GFA. The
proposed GFA for EAPs is defined as the normalized ¢, norm from the EAP
to its nearest EAP, which is a generalization of previous FA for tensors and
GFA for spherical functions like ODFs and EAP profiles.

2. Implementation of SPFI with scalar estimation and consideration of the prior
E0) = 1.

(a)

(b)

(c)
(d

(e)

An appropriate scale is needed in SPF basis in estimation. We proposed
two ways for scale estimation. One is to set scale based on the typical ADC,
which makes every voxel share the same scale. It makes the following
operations on estimated EAP field more computable. The other one is to
set scale by fitting the GHOT model, which was proved in Theorem 5.1 to
be the optimal if the signal is represented by GHOT model. It has better
performance in EAP/ODF estimation, but the following operations on the
estimated EAP field need to consider the basis effect because different voxel
use different basis with different scale.

We proposed to consider E(0) = 1 in the estimation, which can largely im-
prove the estimation results. It removes some coefficients in estimation
because they are dependent on other coefficients. Thus it can accelerate
the estimation.

The least square estimation can be seen in Table 5.1.

We analyzed the effect of diffusion time 7 in proposition 5.5. The estimated
ODF's and scalar indices are independent of 7, and the estimated EAP is
scaled by .

We proposed parameter selection via the scalar maps in subsection 5.1.3.

3. We proposed the general AFT-SC framework for analytical ODF and EAP esti-
mation.

(a)

(b)

(c)

(d)

Many existing methods can be seen as a method in AFT-SC framework by
considering different basis in spherical part or radial part. We demonstrate
it is possible and easy to propose a number of analytical ODF and EAP
estimation methods in AFT-SC framework. See Table 5.2.

With AFT-SC framework, EAP can be derived in QBI. We proposed a new
way for analytical ®,(r) estimation in QBI, which is based on plane wave
expansion theorem. We theoretically analyzed why EAP and ®,,(r) are im-
practical in QBI model. In Appendix 5.7, we demonstrated the relation
between plane wave expansion theorem and the previous theorems used in
analytical QBI derivation, i.e. addition theorem and Funk-Hecke theorem.

In Proposition 5.6 and 5.7 we proposed analytical forms for EAP and ODF's
in SHORE.

We theoretically analyzed the limitations of DPI and DOT, and proposed
several possible variants to overcome the limitations. These variants also
can be seen as bridges between methods. For example, DPI; uses a part
of SHO-3D basis, and DOT, uses the SPNP basis which is proved to be

equivalent with SPF basis.
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4. Since we have shown that with AFT-SC framework we can propose as many
bases as we want for analytical ODF and EAP estimation, we would like to
know which basis is the best one. Thus we theoretically and experimentally
compared many existing HARDI methods in AFT-SC framework, including QBI,
exact QBI, DOT, DPI, SHORE, SPFI and several DPI and DOT variants. We
proposed some criteria for theoretical comparisons. See Table 5.3.

(a) We proposed three priors for evaluating the basis functions. The basis is
better to have a Gaussian term such that it satisfies these priors.

(b) The basis function set used in HARDI methods is better to be an orthonor-
mal and complete basis.

(c) mHARDI methods are unstable in single shell data. Thus a little regular-
ization is needed for mHARDI methods applied in single shell data. Only
SPFI with N = 1 in radial part is stable in single shell data, which works
without regularization.

(d) The basis is better to separate spherical part and radial part, such that we
can give different order in different part. The experiments showed that it is
better to give lower order in radial part if limited number of noisy samples
are given.

(e) We theoretically analyzed the SHO-3D, SHO-1D3, SPNP, SPP, and SPF
basis.

5. We proposed a diffeomorphism invariant Riemannian framework for ODF and
EAP processing based on the wavefunction representation by orthonormal ba-
sis.

(a) The proposed Riemannian framework can be used in arbitrary PDFs under
arbitrary orthonormal basis representation. This framework was proved to
be invariant under different basis in Theorem 6.1.

(b) The Riemannian metric was proved to be diffeomorphism invariant. When
constraining PDFs as Gaussian distributions, the proposed Riemannian
metric becomes affine-invariant metric, which means the proposed diffeo-
morphism invariant metric is a natural generalization of previous affine-
invariant metric.

(c) The geodesic, exponential map and logarithmic map have closed form.

(d) We proposed several properties of the parameter space PS and discussed
the similarities and differences between ODF space and EAP space.

(e) The weighted Riemannian mean and median were proved to uniquely exist
in the manifold, and they can be estimated efficiently via a gradient descent
method.

(f) We generalized the previous Log-Euclidean framework from tensors to
ODFs and EAPs, which was demonstrated in experiments as an approx-
imation of original Riemannian framework. We also proposed the Affine-
Euclidean framework.

(g) We generalized the GA from tensors to ODFs/EAPs, which is the Rie-
mannian distance from the given ODF/EAP to its nearest ODF/EAP. GA
for tensors/ODFs/EAPs is the Riemannian counterpart of GFA for ten-
sors/ODFs/EAPs. We proposed the closed form of GA under SPF basis.
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(h) We proposed a novel Square Root Parameterized Estimation (SRPE) for
nonnegative definite ODF and EAP estimation and wavefuntion estima-
tion. SRPE can guarantee the estimated ODFs and EAPs are nonnegative
definite in their domains, i.e. S? for ODFs and R? for EAPs.

(i) We analyzed the property of the weighted Riemannian mean and median
in Theorem 6.4. The probability value of the weighted mean/median PDF
is not less than the probability value of at least one sampled PDF. This
general property is applicable in Gaussian distributions in DTI, and gen-
eral ODF's and EAPs in HARDI. We defined the concept of reasonable mean
value interpolation on general PDFs. The swelling effect when interpolat-
ing tensor field can be seen as specific case of unreasonable mean value
interpolation of Gaussian distributions.

() We theoretically and experimentally analyzed the similarities and differ-
ences between Riemannian frameworks for tensors and for ODFs and
EAPs, between Riemannian metric and Euclidean metric. Riemannian
metric and Euclidean metric seem to obtain similar results for ODFs, but
different results for tensors and EAPs. That is because the ODFs in human
brain are all contained in a small subset in the general PDF space, which
can be seen from that the first SH coefficient of wavefunction of ODF is
experimentally in [0.95, 1].

(k) The experiments showed that Riemannian median is more robust and ob-
tains better performance in smoothing and atlas estimation than Rieman-
nian mean and Euclidean mean.

Perspectives

During my study for this thesis, I first proposed the Riemannian framework for ODF's
in [Cheng et al., 2009a, 2010c] based on my previous work in mean shift functional
detection in fMRI [Cheng et al., 2009b]. Since the Riemannian framework can be
used in arbitrary PDFs under arbitrary orthonormal basis, I was looking for a good
orthonormal basis in R? for EAPs. Fortunately, I met Dr. Assemlal in MICCAI 2009,
who introduced me his work on SPF basis. I was very happy that the basis was
just there when I was looking for it. However, when I tried to implement the SPFI
described in [Assemlal et al., 2009a], I found the numerical inner product has many
limitations. Then I proposed analytical ODF and EAP estimation in [Cheng et al.,
2010b,al, where I set the scale using the typical ADC and I introduced the artificial
shell for the prior E(0) = 1. Next, I proposed the Riemannian framework for EAPs
in [Cheng et al., 2011a] by applying the SPF basis in the Riemannian framework.
Based on my experiences in SPFI, I found there exist many basis functions which can
be used in analytical ODF and EAP estimation. Thus I proposed AFT-SC framework
and some criteria in [Cheng et al., 2011b] to incorporate these basis and find their
relations, limitations and advantages. Since I have two bases in SPFI, i.e. SPF basis
and dSPF basis, I applied the duality of these two bases in compressive sensing EAP
estimation [Cheng et al., 2011c; Merlet et al., 2011], which largely accelerate the
estimation by avoiding the numerical Fourier transform. I also collaborate with my
colleague Dr. Caruyer for the sampling scheme used in mHARDI methods [Caruyer
et al., 2011].
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Figure 7.1: Sparsity of diffusion signal under SPF basis representation. The signal is gener-
ated by mixture of tensor model with [1;, 15, 23] = [1.7,0.3,0.3] X 10~3mm?/s and crossing angle
of 90°. It shows the coefficients of each basis with N = 4,L = 8. The glyph is the EAP profile
at 15um.
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Although SPFI can be used in single shell data with 30 gradients, it has better
performance in multiple shell data with about 100 gradients. Although most data
only has single b value, I believe the data with multiple » value will be more practical
and popular as the development of scanners and acquisition methods. Compressive
sensing (CS) technique can be used to reduce the number of measurements. Although
we did not list the CS related methods in the thesis, we have already had some early
results on CS EAP estimation in [Cheng et al., 2011c; Merlet et al., 2011], where
we have shown the sparsity of the diffusion signal and EAP under SPF and dSPF
bases, the difference between CS EAP estimation and CS ODF estimation, and the
advantages of ¢;-SPFI over £,-SPFI . See Fig. 7.1 for the sparse representation of the
diffusion signal generated by mixture of tensor model with [11, 22, 3] = [1.7,0.3,0.3] x
1073mm?/s and crossing angle of 90°. We will continue working on this topic.

sHARDI methods normally need the samples evenly distributed in S?. mHARDI
methods give more freedom for sampling scheme. We now agree multiple shell sam-
pling has better reconstruction than single shell sampling. However we still do not
know what is a good multiple shell sampling scheme. SPFI can be used to evaluation
different sampling scheme [Assemlal et al., 2009b; Caruyer et al., 2011]. Although
during this thesis we used the same evenly distributed samples for each shell, our
work in [Caruyer et al., 2011] showed that it is better to consider interlaced sam-
pling for different shells. So far different sampling schemes are evaluated based on
synthetic experiments and SPFI reconstruction. However, there is still no theoretical
result on what is the best sampling scheme under a certain condition.

SHO-1D basis has been used to characterize the compartment size distribution
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and apparent axon diameters in [Ozarslan et al., 2011, 2012]. It is possible to es-
timate the axon diameters based on SPF basis or SHO-3D basis for signals in 3D
space.

In the Riemannian framework for EAPs, we used SPF basis or dSPF basis to rep-
resent the wavefunctions, where we needed to set the scale for the basis. It showed
that the adaptive scale based on fitting GHOT model has better reconstruction re-
sults. However, different scale for different voxel means different basis is used in
different voxel, which brings troubles in the following Riemannian operations. Thus
a new Riemannian framework which considers different scale is needed for EAPs. A
possible way is to represent the basis with different scale using the basis with the
same scale, then the methods in Chapter 6 can be used.

The Riemannian metric is diffeomorphism invariant, which may be useful in reg-
istration of PDF valued images. Thus registration of ODF/EAP images using Rie-
mannian metric can be another possible topic [Du et al., 2011].

Segmentation with Riemannian metric is also a topic [Descoteaux and Deriche,
2009]. We can test the differences between Riemannian metric and Euclidean metric
on tensor/ODF/EAP segmentation.

Since the EAP and ODF fields estimated by SPFI and SRPE have good quality,
we can test existing tractography methods in the estimated EAP and ODF field [De-
scoteaux et al., 2008a], or we can propose some new tractography methods.

In clinical part, CCM group has performed anatomical network analysis through
DTI tractography to study different neuroscience problems [Li et al., 2009, 2012;
Wang et al., 2011]. We believe the ODF/EAP estimation proposed in this thesis can be
used to generate better anatomical network through ODF/EAP tractography for neu-
roscience study. For a long term perspective, based on the advanced ODF/EAP esti-
mation methods, we would like to devise novel registration and tractography methods
and other related methods to analyze the complex anatomical information in human
brain.
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APPENDIX A

SYNTHETIC DATA GENERATION
AND EVALUATION OF ESTIMATION
METHODS

Mixture of tensor model and mixture of cylinder model. In order to evaluate
the performance of the ODF and EAP estimation methods in dMRI domain, we need
to apply these methods to some synthetic data sets with known ground truths. In this
thesis, we generate synthetic diffusion data E(q) from the mixture of a given model,
ie.

K
E(@ = ) wiE"(q) (A1)
k=1

where 5, w; = 1, w; > 0 and E?(q) is the diffusion signal of the i-th fiber, K is the
number of fibers. Based on some biological priors, K = 1,2,3 for at most 3 fibers in
one voxel, and normally K = 2 is used to generate the data for crossing fibers. In this
thesis, each term of this mixture model, i.e. E?(q), is generated from the following
two models.

¢ Tensor model with the assumption of free diffusion, where the signal for each
fiber direction E)(q) is assumed to be represented by a tensor D;, i.e.

ED(q) = exp(—4n*rq*u’ D;u) (A.2)
See subsection 4.3.1 and Appendix 5.8 for more details on the mixture of tensor

model. In this model, we choose 7 = # = 0.02533s such that b = ¢°.

e Soderman cylinder model with the assumption of restricted diffusion inside a
cylinder. Based on [Séderman and Jonsson, 1995] the signal for each fiber E?(q)
is represented as

- O S & 2Kump? (2rgp)t sin®(2v)y?
E9(q) = kom
; ; mZ:() [(nmp/L)? — 2nrgp cos v)2]
y [1 — (=1)" cos(2ngL cos V[ J.,(2rgp sin v)]?

. 2

12|72, - @rgpsinv?| (72, - m?)

2 nmy2

p( {(m) «()
Jo
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where J,, is the m-th order Bessel function, y;,, is the k-th solution of equation
J! (y) = 0 with the convention y;g = 0, and K, = 6260 + 2[(1 = &%) + (1 —6%)], v
is the angle between the cylinder direction and the applied diffusion gradient
u. In this thesis, we fix the parameters as the same as [Ozarslan et al., 2006],
i.e. cylinder length L = 5mm, radius p = 5um, free diffusion coefficient Dy =

2.02 x 103 mm? /s, A/ = 20.8/2.4ms, and the diffusion time 7 = A — 16, b = 4n’14’.

Mixture of tensor model is widely used to generate synthetic data for evaluation
in dMRI domain, because it has a clear relation with tensor model in DTI and the
EAP and its features all have closed form. See Appendix 5.8. The isotropic signal is
generated from this model with K = 1 and D = D,I, where

Do = 0.7 x 10 mm?/s (A.4)

is a typical ADC value in human brain, and I is the identity matrix. The signal for
crossing fibers is normally generated with K = 2, w; = w, = 0.5, and D, is chosen as a
typical anisotropic tensor with eigenvalues [A;, 15, 23] = [1.7,0.3,0.3] x 10~ 3mm?/s.

Although many papers use mixture of tensor in synthetic data experiments, this
model actually favors the methods which assume mixture of Gaussian propagator
implicitly. For example, when comparing mixture of tensor method in subsection 4.3.1
with other methods like QBI, it is biased to generate synthetic data using mixture of
tensor model.

Compared to the mixture of tensor model, mixture of Soderman cylinder model
does not assume Gaussian prior for single fiber, which makes the evaluation more fair.
However, there are no closed forms for EAP and ODF's in this model, which means the
ground truths of EAP and ODF's are needed to be calculated from numerical Fourier
transform and numerical integration. Thus it takes more time when using Soderman
cylinder model. Fortunately the ground truths of fiber directions are always known
in this model, which can be used for evaluation.

Signal-to-Noise Ratio. The evaluation process can be done with noise or without
noise. Normally the noise is assumed to be Rician noise in DWI data. After we
generate the ground truth signal E(q) from the mixture of tensor model or mixture
of Séderman cylinder model described above, Signal-to-Noise Ratio (SNR) is defined
as the ratio of maximal signal intensity of £(0) = 1 to the standard deviation o of
complex Gaussian noise, i.e.

SNR = 1 (A.5)

o

Then the Rician noise corrupted signal is

E@) = E@+ 5 +5 (A.6)
where s; and s, are random number generated from Gaussian distribution N(0|c2).

Note that since E(qu) decays as ¢ increase and E(0) = 1, the real SNR, i.e. @ de-
creases as g increase. See Fig. 4.3 for DWIs with different ¢ values.
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Evaluation of estimation results. There are two ways to evaluate the difference
between the estimated EAPs/ODFs and the ground truths. One is to compare the
local maxima of ODF/EAP profiles with the real fiber directions used to generate the
DWI data. See Fig. 4.8 for the fiber directions and the local maxima of ODF/EAP
profiles. The other one is to compare the estimated ODF/EAP values with the true
values.

In the first way, assume the true fiber directions are {d,-}fi |» and the detected direc-
tions with local maximal values of ODF/EAP profiles are {ui}f\i .- How to detect max-
ima from spherical functions, e.g. ODF/EAP profiles, will be discussed later. There
are two possibilities between these two direction sets, i.e. N = K and N # K. In this
thesis, we think that N # K means a unsuccessful estimation, and N = K means a suc-
cessful estimation. If we perform the estimation N; times from the signal corrupted
by the Rician noise, and there are N; successful estimat]\ilon, then the success ratio

1

is defined as the frequency of successful estimation, i.e. -

In a successful experiment with true fiber directions {di}fi , and detected directions
{u,-}l.’i , for local maximal values, we need to reorder {u,-}l.’i , such that u; is the nearest
direction from d; in {ui}fi - Then the Difference of Angle (DA) can be calculated as

1 & r
DA = X Z arccos(d; ;) (A7)

i=1

In noise-free experiments, DA is enough for evaluation. In experiments with Rician
noise and total N, times, the Mean Difference of Angle (MDA) is defined as the mean
of DA over only the N; successful estimations.

Note that some papers do not consider the success ratio. After obtaining the true
directions {d;}X  and the estimated directions {u;}Y , K nearest directions {u;}X, to
{d;}X | are extracted from {u;}Y , where uj, is the nearest direction to d; in {u;} |. Then
DA and MDA are calculated based on the extracted K directions. This evaluation
process is actually biased. It favors the estimation methods which can detect more
directions. For example, the estimated EAP profile with N = 10 maxima has lower
DA and MDA with higher probability than the estimated EAP profile with the same

number of maxima, say N = 2, as the ground truth of EAP profile.

The second way for evaluation is to compare the estimated ODF/EAP values with
the true values. The estimated ODFs and EAP profiles are spherical functions. Thus
we define the Normalized Mean Squared Error (NMSE) for EAP profile as

[z (P@Ror) = PRop))’ dr

NMSE =
Ji2 P(Ror)2dr

(A.8)

NMSE for ODFs can be defined in the same way. The integration in S can be approx-
imated by numerical integration using a summation of the values at a given direction
set. NMSE was used in the evaluation of ¢;-SPFI [Cheng et al., 2011c].

Note that some papers define NMSE as

~ 2
NMSE J ¥ (E(q)) - Eq))
Zj E(‘lj)2
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where {q;} are the given DWI samples in g-space. Actually this definition of NMSE is
biased, because our goal is to reconstruct DWI signal in whole g-space to estimate the
ODFs or EAP profiles, not to fit the given samples. The above definition of NMSE can
be used as a cost function in estimation. But it is not enough for evaluation, because
the Fourier transform is a global transform, and fitting the given samples well does
not mean a good estimation as we have discussed in subsection 5.3.1. Actually, NMSE
represented by E(q) should be defined as

L (E@ - E@) dq
Jos E(@)?%dgq

Please note the above integration is over whole q space, not just in the limited given
DWI samples. Thus Eq. (A.9) is impractical, and Eq. (A.8) is preferred.

NMSE = (A.9)

Maxima detection of spherical functions. The maxima of ODFs and EAP pro-
files are normally used as fiber directions. How to detect the maxima from these
spherical functions with good accuracy and efficiency are very important for evalua-
tion of estimation methods and for the fiber tracking.

Many papers detect the maxima of spherical function through a discrete mesh
search [Ozarslan et al., 2006; Descoteaux, 2008]. With a given mesh in a hemisphere,
e.g. a set of evenly distributed vertices from a tessellated icosahedron, the local max-
ima are detected from the values at these vertices. However this method does not
search the maxima in continuous S?, and the minimal angle between adjacent ver-
tices is the resolution of this method. Thus normally the detected maxima need to be
refined by a finer mesh, which is time consuming.

Because of the equivalence between polynomial basis, homogeneous polynomial
basis and SH basis shown in Theorem 4.1, we can represent these spherical function
using homogeneous polynomial basis, i.e. HOT basis. Then the maxima detection
becomes the problem of finding the solution of polynomial equations. One may think
it will be better to find the analytical solution directly from the coefficients under
the given basis. Unfortunately even in 1D space, the polynomial equation with order
more than 5 has no analytical form of solution'. Thus numerical optimization is
necessarily needed in maxima detection. For the spherical function represented by
HOT basis or SH basis with order no more than 4, the maxima detection was proved to
be an 1D search problem by using the analytical forms of solution for the polynomial
with order no more than 4 [Aganj et al., 2010a]. [Ghosh et al., 2008b, 2011; Ghosh,
2011] proposed to analytically break the possible regions for extrema and find them
numerically. It actually solves much harder problem than maxima detection, since
it finds all extrema. Moreover some useful scalar indices can be derived from the
detected extrema.

In this thesis, we use a hybrid way to find the maxima, which is very fast. The
process is as follows.

1. First, we perform a mesh search on the spherical function to find some local
maxima, by using a coarse mesh, e.g. 321 directions in a hemisphere from an
icosahedral tessellation.

Thttp://en.wikipedia.org/wiki/Polynomial#Solving_polynomial_equations
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2. Second, perform a threshold to remove the local maxima whose values are less
than a half of the maximal value among these 321 values.

3. Third, set the remaining maxima as initialization points, and perform gradient
ascent method to update the maxima in continuous space. When the spherical
function is represented by SH basis, the derivatives of the function with respect
to 6 and ¢ are obtained by the derivatives of SH basis.

m_.m — 'F(l l=m)l (2+1+m) m :
ﬁy’zn(@, $) = a7 (@ 9) + e r(;r_’”)r(”;:“) y"e.9) ifml (A.10)
00 m_rllgy;ﬂ(g’ ) ifm=1
9
9¢
The above formulae are derivatives of complex SH basis, which directly result
in the derivations of the symmetric real SH basis based on Definition 2.4.

V"0, ¢) = imy}" (6, ¢) (A.11)
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APPENDIX B

REAL DATA SETS

In this thesis, we use the following two real data sets.

e Public phantom data from LNAO.
e Monkey data from Xuanwu Hospital, Capital Medical University.

We express our great gratitudes towards the people who provide us the data sets.

B 1 PUBLIC PHANTOM DATA
(]

Source: The public phantom data from LNAO has different configurations of
fibers and was used to evaluate fiber tracking algorithms in Fiber Cup of MICCAI
2009 [Poupon et al., 2008; Fillard et al., 2011].

Data Descriptions: It has two data sets with spatial resolution of 3mm and 6mm,
which can be downloaded from http:/Inao.lixium.fr/spip.php?article112. We choose
the data set with spatial resolution of 3mm, which was also used by 9 works among
10 candidates in Fiber Cup [Fillard et al., 2011]. The data set with the 3mm isotropic
acquisition has three slices, three b values, b = 650/1500/2000s/mm?, with repetition
time TR=5s and TE=77/94/102ms. In each b value, the data has two repetitions of one
image without diffusion sensitization and 64 diffusion weighted images with 64 uni-
formly distributed gradient directions. Other parameters: field of view FOV=19.2cm,
matrix 64 x 64, slice thickness TH=3mm. The diffusion time 7 is unknown for this data,
sowe setitast = # such that b = ¢°. The relation of estimation results and different
7 can be seen in the analysis in Proposition 5.5 and subsection 6.2.1 The ground truth
of fiber directions can be seen in Fig. B.1. Please refer [Fillard et al., 2011] for more
parameters about this data and refer [Poupon et al., 2008] for the technique used to
generate the data.

Preprocessing: Throughout this thesis, we calculate the mean of DWI images from
twice acquisitions in each fixed b value and direction. Thus we obtain 64 DWI images
for each b value, total 192 DWI images for three b values b = 650/1500/2000s/mm?. No
further preprocessing was performed.
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Figure B.1: The ground truth of fiber directions in phantom data.

Challenges: This phantom data has two main challenges for reconstruction meth-
ods and the following fiber tracking algorithms.

e First, the maximal b value of this data is 2000s/mm?, while many methods may
need higher b values. However we think it is an advantage if a reconstruction
method can detect the fiber directions well only using small b values. Note that
for real data, larger b value means lower SNR. It is still impractical for clinical
study to obtain data with b value larger than 3000s/mm?>.

e Second, this phantom data is known to be more isotropic than real human data.
The estimated ODFs, EAP profiles in many papers were performed min-max
normalization for visualization. Otherwise, the anisotropy is not very clear in
visualization.

B 2 REAL MONKEY DATA
(]

Source: The real monkey data is obtained with the help of Dr. Wen Qin and Prof.
Chunshui Yu from Xuanwu Hospital, Capital Medical University, and Dr. Yonghui Li
from CCM, LIAMA, CASIA. Many thanks for providing us the data.
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Data Descriptions: The data was acquired from 3T Siemens MR scanner using a
twice-refocused spin echo (TRSE) sequence, where TE/TR/matrix=120ms/6000ms/128x
128. The data has five subjects with three b values, b = 500/1500/3000s/mm?, the same
30 diffusion gradients in each b value. Note that we do not know exact diffusion time

7 for this data, so we set it as 7 = # such that b = ¢°.

Preprocessing: We preformed eddy current correction on all DWI images using
FSL (http:/www.fmrib.ox.ac.uk/fsl/).

239


http://www.fmrib.ox.ac.uk/fsl/

CHAP. B: REAL DATA SETS

240



APPENDIX C

PUBLICATIONS OF THE AUTHOR

Journal Papers

Jian Cheng, Aurobrata Ghosh, Rachid Deriche, Tianzi Jiang, “An Intrinsic Dif-
feomorphism Invariant Riemannian Framework for Probability Density Func-
tion Computing in diffusion MRI”, IEEE Transaction on Medical Imaging (in
revision)

Jian Cheng, Aurobrata Ghosh, Tianzi Jiang, Rachid Deriche, “Spherical Polar
Fourier Imaging”, IEEE transaction on Medical Imaging (to be submitted)

Nianming Zuo, Jian Cheng, Tianzi Jiang, “Diffusion Magnetic Resonance
Imaging for Brainnetome: A Critical Review”, Neuroscience Bulletin, 2012 (ac-
cepted).

Conference Papers

Jian Cheng, Tianzi Jiang, Rachid Deriche, “Nonnegative Definite EAP and
ODF Estimation via a Unified Multi-Shell HARDI Reconstruction”, in Proceed-
ings of 15th International Conference on Medical Image Computing and Com-
puter Assisted Intervention (MICCAI’12), Nice, October 1-5, 2012. (MICCAI
Student Travel Award)

Jian Cheng, Aurobrata Ghosh, Tianzi Jiang, Rachid Deriche, “Diffeomorphism
Invariant Riemannian Framework for Ensemble Average Propagator Comput-
ing”, in Proceedings of 14th International Conference on Medical Image Com-
puting and Computer Assisted Intervention (MICCAI’11), Toronto, September
18-22, 2011. (MICCAI Student Travel Award)

Jian Cheng, Tianzi Jiang, Rachid Deriche, “Theoretical Analysis and Prac-
tical Insights on EAP Estimation via a Unified HARDI Framework”, Compu-
tational Diffusion MRI workshop (CDMRI’11), in conjunction with the MIC-
CAT’11, Toronto, September 18-22, 2011. (Oral)

Jian Cheng, Sylvain Merlet, Aurobrata Ghosh, Emmanuel Caruyer, Tianzi
Jiang, Rachid Deriche, “Compressive Sensing Ensemble Average Propagator
Estimation via L1 Spherical Polar Fourier Imaging”, Computational Diffu-
sion MRI workshop (CDMRI’11), in conjunction with the MICCAI’11, Toronto,
September 18-22, 2011. (Oral)

241


http://hal.inria.fr/docs/00/61/54/31/PDF/RiemannianFramework4EAP_MICCAI2011.pdf
http://hal.inria.fr/docs/00/61/54/31/PDF/RiemannianFramework4EAP_MICCAI2011.pdf
http://hal.inria.fr/docs/00/61/54/31/PDF/RiemannianFramework4EAP_MICCAI2011.pdf
http://hal.inria.fr/docs/00/61/54/30/PDF/AFTSC_compare_CDMRI2011.pdf
http://hal.inria.fr/docs/00/61/54/30/PDF/AFTSC_compare_CDMRI2011.pdf
http://hal.inria.fr/docs/00/61/54/34/PDF/L1-SPFI_CDMRI2011.pdf
http://hal.inria.fr/docs/00/61/54/34/PDF/L1-SPFI_CDMRI2011.pdf

CHAP. C: PUBLICATIONS OF THE AUTHOR

e Emmanuel Caruyer, Jian Cheng, Christophe Lenglet, Guillermo Sapiro,
Tianzi Jiang, Rachid Deriche, “Optimal Design of Multiple Q-shells experiments
for Diffusion MRI”, Computational Diffusion MRI workshop (CDMRI’11), in
conjunction with the MICCATI’'11, Toronto, September 18-22, 2011. (Oral)

e Sylvain Merlet, Jian Cheng, Aurobrata Ghosh, Rachid Deriche, “Spherical Po-
lar Fourier EAP and ODF Reconstruction via Compressed Sensing in Diffusion
MRI”, in Proceedings of 2011 IEEE International Symposium on Biomedical
Imaging: From Nano to Macro (ISBI’11), Chicago, United States, March 30 -
April 2, 2011.

e Jian Cheng, Aurobrata Ghosh, Tianzi Jiang, Rachid Deriche, “Model-free and
Analytical EAP Reconstruction via Spherical Polar Fourier Diffusion MRI”, in

Proceedings of 13th International Conference on Medical Image Computing and
Computer Assisted Intervention (MICCAI’10), Beijing, September 20-24, 2010.

e Jian Cheng, Aurobrata Ghosh, Rachid Deriche, Tianzi Jiang, “Model-Free,
Regularized, Fast, and Robust Analytical Orientation Distribution Function Es-
timation”, in Proceedings of 13th International Conference on Medical Image
Computing and Computer Assisted Intervention (MICCAI’10), Beijing, Septem-
ber 20-24, 2010.

¢ Jian Cheng, Aurobrata Ghosh, Tianzi Jiang, Rachid Deriche, “A Riemannian
Framework for Orientation Distribution Function Computing”, in Proceedings
of 12th International Conference on Medical Image Computing and Computer
Assisted Intervention (MICCAI’09), London, September 20-24, 2009.

e Jian Cheng, Feng Shi, Kun Wang, Ming Song, Jiefeng Jiang, Lijuan Xu, Tianzi
Jiang, “Nonparametric Mean Shift Functional Detection on Functional Space
for Task and Resting-state fMRI”, Workshop on fMRI data analysis: statisti-
cal modeling and detection issues in intra- and inter-subject functional MRI
data analysis, in conjunction with the MICCAI 2009, London, September 20-
24, 2009. (Oral)

e Xi Li, Weiming Hu, Zhongfei Zhang, Xiaoqin Zhang, Mingliang Zhu, Jian
Cheng, “Visual tracking via incremental Log-Euclidean Riemannian subspace
learning”, in Proceedings of IEEE International Conference on Computer Vision
and Pattern Recognition (CVPR’08), Anchorage, Alaska. June 24-26, 2008.

Conference Abstracts

e Jian Cheng, Aurobrata Ghosh, Tianzi Jiang, and Rachid Deriche, “A Rieman-
nian Framework for Ensemble Average Propagator Computing”, 19th Scientific
Meeting and Exhibition of the ISMRM, Montréal, Canada, May 7-13, 2011.

e Jian Cheng, Sylvain Merlet, Aurobrata Ghosh, Emmanuel Caruyer, Tianzi
Jiang, and Rachid Deriche, “Compressive Sensing Ensemble Average Propaga-
tor Estimation via L1 Spherical Polar Fourier Imaging”, 19th Scientific Meeting
and Exhibition of the ISMRM, Montréal, Canada, May 7-13, 2011.

242


http://hal.inria.fr/docs/00/61/76/63/PDF/article.pdf
http://hal.inria.fr/docs/00/61/76/63/PDF/article.pdf
http://hal.inria.fr/docs/00/58/56/94/PDF/ISBI_2011_paperReady.pdf
http://hal.inria.fr/docs/00/58/56/94/PDF/ISBI_2011_paperReady.pdf
http://hal.inria.fr/docs/00/58/56/94/PDF/ISBI_2011_paperReady.pdf
http://hal.inria.fr/docs/00/49/69/32/PDF/PDF_MICCAI2010.pdf
http://hal.inria.fr/docs/00/49/69/32/PDF/PDF_MICCAI2010.pdf
http://hal.inria.fr/docs/00/49/69/29/PDF/ODF_MICCAI2010.pdf
http://hal.inria.fr/docs/00/49/69/29/PDF/ODF_MICCAI2010.pdf
http://hal.inria.fr/docs/00/49/69/29/PDF/ODF_MICCAI2010.pdf
http://hal.inria.fr/docs/00/42/47/64/PDF/Riemannian_Framework_for_ODF_MICCAI2009_final.pdf
http://hal.inria.fr/docs/00/42/47/64/PDF/Riemannian_Framework_for_ODF_MICCAI2009_final.pdf
http://hal.inria.fr/docs/00/42/47/65/PDF/MeanShift_fMRI_MICCAI2009_workshop.pdf
http://hal.inria.fr/docs/00/42/47/65/PDF/MeanShift_fMRI_MICCAI2009_workshop.pdf
http://ieeexplore.ieee.org/xpl/freeabs_all.jsp?arnumber=4587516
http://ieeexplore.ieee.org/xpl/freeabs_all.jsp?arnumber=4587516
http://hal.inria.fr/docs/00/61/54/36/PDF/RiemannianEAP_ismrm_2011_final.pdf
http://hal.inria.fr/docs/00/61/54/36/PDF/RiemannianEAP_ismrm_2011_final.pdf
http://hal.inria.fr/docs/00/61/54/37/PDF/L1SPFI_CS_ISMRM_final.pdf
http://hal.inria.fr/docs/00/61/54/37/PDF/L1SPFI_CS_ISMRM_final.pdf

e Jian Cheng, Aurobrata Ghosh, Tianzi Jiang, Rachid Deriche, “Fast, model-
free, analytical diffusion PDF profile estimation from the DWI signals”, in Pro-
ceedings of the Sixteenth Annual Meeting of the Organization for Human Brain
Mapping (OHBM’10), Barcelona, Span, June 6-10, 2010

e Jian Cheng, Aurobrata Ghosh, Tianzi Jiang, Rachid Deriche, “Fast, Model-
Free, Analytical ODF Reconstruction from the Q-Space Signal”, in Proceedings

of the Sixteenth Annual Meeting of the Organization for Human Brain Mapping
(OHBM’10), Barcelona, Span, June 6-10, 2010.

¢ Jian Cheng, Aurobrata Ghosh, Tianzi Jiang, Rachid Deriche, “Riemannian
Median and Its Applications for Orientation Distribution Function Computing”,
in Proceedings of 18th Scientific Meeting and Exhibition of the ISMRM, Stock-
holm, Sweden, May 1-7, 2010.

243


http://hal.inria.fr/docs/00/49/72/44/PDF/PDF_OHBM2010.pdf
http://hal.inria.fr/docs/00/49/72/44/PDF/PDF_OHBM2010.pdf
http://hal.inria.fr/docs/00/49/72/43/PDF/ODF_OHBM2010.pdf
http://hal.inria.fr/docs/00/49/72/43/PDF/ODF_OHBM2010.pdf
http://hal.inria.fr/docs/00/49/72/46/PDF/Riemannian_Median_for_ODF_ISMRM2010.pdf
http://hal.inria.fr/docs/00/49/72/46/PDF/Riemannian_Median_for_ODF_ISMRM2010.pdf

CHAP. C: PUBLICATIONS OF THE AUTHOR

244



Bibliography

A. Rényi: 1960, ‘On Measures of Entropy and Information’. Proc. Fourth Berkeley
Symp. Math., Statistics, and Probability 15, 547-561. 185

Afsari, B.: 2011, ‘Riemannian Lp center of mass: Existence, uniqueness, and convex-
ity’. Proceedings of the American Mathematical Society 139(2), 655—-673. 52

Aganj, 1., C. Lenglet, and G. Sapiro: 2009, ‘ODF reconstruction in g-ball imaging with
solid angle consideration’. In: ISBI. 89

Aganj, 1., C. Lenglet, and G. Sapiro: 2010a, ‘ODF maxima extraction in spherical
harmonic representation via analytical search space reduction’. Medical Image
Computing and Computer-Assisted Intervention-MICCAI 2010 pp. 84-91. 234

Aganj, I., C. Lenglet, G. Sapiro, E. Yacoub, K. Ugurbil, and N. Harel: 2010b, ‘Recon-
struction of the orientation distribution function in single and multiple shell g-ball
imaging within constant solid angle’. Magnetic Resonance in Medicine 2, 554—-566.
12, 33, 77, 82, 87, 88, 89, 90, 91, 92, 103, 104, 105, 114, 118, 119, 151, 181, 189,
198, 206

Alexander, D. and G. Barker: 2005, ‘Optimal imaging parameters for fiber-orientation
estimation in diffusion MRI'. Neurolmage 27, 357-367. 72

Alexander, D., G. Barker, and S. Arridge: 2002, ‘detection and modeling of non-
Gaussian apparent diffusion coefficient profiles in human brain data’. Magnetic
Resonance in Medicine 48, 331-340. 113

Alexander, D. C., C. Pierpaoli, P. J. Basser, and J. C. Gee: 2001, ‘Spatial Transfor-
mations of Diffusion Tensor Magnetic Resonance Images’. IEEE Transactions On
Medical Imaging 20, 1131-1139. 214

Amari, S.: 1985, Differential-geometrical methods in statistic. Springer. 36, 53, 54, 57

Amari, S. and H. Nagaoka: 2000, Methods of Information Geometry. USA: American
Mathematical Society. 36, 53

Anderson, A.: 2005, ‘Measurement of fiber orientation distributions using high an-
gular resolution diffusion imaging’. Magnetic Resonance in Medicine 54(5), 1194—
1206. 2, 33, 83, 84, 103, 114

Andrews, G., R. Askey, and R. Roy: 1999, Special functions. Cambridge University
Press. 12, 25

Arfken, G., H. Weber, and H. Weber: 2005, Mathematical methods for physicists.
Academic press New York, 6th edition edition. 12, 13, 19, 21, 24, 25, 27, 30

245



BIBLIOGRAPHY

Arsigny, V., P. Fillard, X. Pennec, and N. Ayache: 2006, ‘Log-Euclidean metrics for
fast and simple calculus on diffusion tensors’. Magnetic Resonance in Medicine 56,
411-421. 99, 185

Askey, R. and J. Wilson: 1985, Some basic hypergeometric orthogonal polynomials
that generalize Jacobi polynomials, Vol. 319. Amer Mathematical Society. 12

Assaf, Y., R. Freidlin, G. Rohde, and P. Basser: 2004, ‘New modeling and experimental
framework to characterize hindered and restricted water diffusion in brain white
matter’. Magnetic Resonance in Medicine 52(5), 965-978. 74, 75

Assemlal, H., D. Tschumperlé, and L. Brun: 2008, ‘Efficient computation of pdf-based
characteristics from diffusion mr signal’. Medical Image Computing and Computer-
Assisted Intervention-MICCAI 2008 pp. 70-78. 97, 111, 122

Assemlal, H., D. Tschumperlé, L. Brun, and K. Siddiqi: 2011, ‘Recent advances in dif-
fusion MRI modeling: Angular and radial reconstruction’. Medical Image Analysis.
62

Assemlal, H.-E.: 2010, ‘Diffusion MR image analysis for the estimation of tissues
local architecture’. Ph.D. thesis, the University of Caen. 111, 114, 115, 123, 163,
166

Assemlal, H.-E., D. Tschumperlé, and L. Brun: 2009a, ‘Efficient and robust com-
putation of PDF features from diffusion MR signal’. Medical Image Analysis 13,
715-729. 74, 80, 92, 97, 111, 113, 114, 115, 122, 126, 133, 134, 135, 163, 166, 181,
193, 194, 226

Assemlal, H.-E., D. Tschumperlé, and L. Brun: 2009b, ‘Evaluation of q-Space Sam-
pling Strategies for the Diffusion Magnetic Resonance Imaging’. In: Medical Image
Computing and Computer Assisted Intervention (MICCAI). 123, 227

Atkinson, C. and A. Mitchell: 1981, ‘Rao’s distance measure’. Sankhya: The Indian
Journal of Statistics, Series A 43(3), 345-365. 55, 56, 58, 99, 187

Axler, S., P. Bourdon, and W. Ramey: 2001, Harmonic function theory, Vol. 137.
Springer Verlag. 12, 20

Bar-Shir, A., L. Avram, E. Ozarslan, P. Basser, and Y. Cohen: 2008, ‘The effect of
the diffusion time and pulse gradient duration ratio on the diffraction pattern and
the structural information estimated from g-space diffusion MR: experiments and
simulations’. Journal of Magnetic Resonance 194(2), 230-236. 70

Barmpoutis, A., M. Hwang, D. Howland, J. Forder, and B. Vemuri: 2009, ‘Regularized
positive-definite fourth order tensor field estimation from DW-MRI’. Neurolmage
45(1), S153-S162. 78

Barmpoutis, A., B. Jian, and B. C. Vemuri: 2007, ‘Symmetric Positive 4th Order
Tensor & Their Estimation from Diffusion Weighted MRI’. In: IPMI, Vol. 66. pp.
308-319. 78

Basser, P. J., J. Mattiello, and D. LeBihan: 1994, ‘MR Diffusion Tensor Spectroscropy
and Imaging’. Biophysical Journal 66, 259-267. 1, 67, 69, 70, 72, 208

246



BIBLIOGRAPHY

Batchelor, P., M. Moakher, D. Atkinson, F. Calamante, and A. Connelly: 2005, ‘A Rig-
orous Framework for Diffusion Tensor Calculus’. Magnetic Resonance in Medicine
pp. 221-225. 56, 58, 99, 100, 184, 186

Behrens, T., H. Berg, S. Jbabdi, M. Rushworth, and M. Woolrich: 2007, ‘Probabilistic
diffusion tractography with multiple fibre orientations: What can we gain?’. Neu-
roimage 34(1), 144-155. 2, 75

Bernstein, M. A., K. F. King, and X. J. Zhou (eds.): 2004, Handbook of MRI Pulse
Sequences. Elsevier Academic Press. 66, 67

Bhattacharyya, A.: 1943, ‘On a measure of divergence between two statistical popu-
lations defined by their probability distributions’. Bull. Calcutta Math. Soc 35(99-
109), 4. 179

Bihan, D. L., E. Breton, D. Lallemand, P. Grenier, E. Cabanis, and M. Laval-Jeantet:
1986, ‘MR imaging of intravoxel incoherent motions: application to diffusion and
perfusion in neurologic disorders’. Radiology 161, 401-407. 1, 67, 69

Blinnikov, S. and R. Moessner: 1998, ‘Expansions for nearly Gaussian distributions’.
Astronomy and Astrophysics Supplement Series 130(1), 193—-205. 77, 146

Boothby, W.: 1986, An introduction to differentiable manifolds and Riemannian ge-
ometry, Vol. 120. Academic Press. 36

Braunstein, S. and C. Caves: 1994, ‘Statistical distance and the geometry of quantum
states’. Physical review letters 72(22), 3439—-3443. 53

Brody, D. and L. Hughston: 1998, ‘Statistical geometry in quantum mechanics’. Pro-
ceedings of the Royal Society of London. Series A: Mathematical, Physical and En-
gineering Sciences 454(1977), 2445. 53

Buss, S. R. and J. P. Fillmore: 2001, ‘Spherical Averages and Applications to Spherical
Splines and Interpolation’. ACM Transactions on Graphics 20, 95-126. 48, 50, 186,
198, 217, 218

Byron, F. and R. Fuller: 1992, Mathematics of classical and quantum physics. Dover
Pubns. 12, 15, 23

Callaghan, P. T.: 1991, Principles of nuclear magnetic resonance microscopy. Oxford
University Press. 68, 80

Canales-Rodriguez, E. J., L. Melie-Garcia, and Y. Iturria-Medina: 2009, ‘Mathemati-
cal description of g-space in spherical coordinates: Exact q-ball imaging’. Magnetic
Resonance In Medicine 61, 1350-1367. 33, 77, 82, 87, 88, 89, 90, 92, 103, 104, 114,
118, 181, 198

Caruyer, E., J. Cheng, C. Lenglet, G. Sapiro, T. Jiang, R. Deriche, et al.: 2011, ‘Opti-
mal Design of Multiple Q-shells experiments for Diffusion MRI'. In: Computational
Diffusion MRI - MICCAI Workshop. 126, 226, 227

Chefd’hotel, C., D. Tschumperlé, R. Deriche, and O. Faugeras: 2004, ‘Regularizing
Flows for Constrained Matrix-Valued Images’. Journal of Mathematical Imaging
and Vision 20(1-2), 147-162. 72

247



BIBLIOGRAPHY

Chen, Y., W. Guo, Q. Zeng, X. Yan, F. Huang, H. Zhang, G. He, B. Vemuri, and Y.
Liu: 2004, ‘Estimation, smoothing, and characterization of apparent diffusion coef-
ficient profiles from high angular resolution dwi’. In: Computer Vision and Pattern
Recognition, 2004. CVPR 2004. Proceedings of the 2004 IEEE Computer Society
Conference on, Vol. 1. pp. I-588. 78, 79

Chen, Y., W. Guo, Q. Zeng, X. Yan, M. Rao, and Y. Liu: 2005, ‘Apparent diffusion
coefficient approximation and diffusion anisotropy characterization in DWI’. In:
Information Processing in Medical Imaging. pp. 246-257. 78, 79

Cheng, J., A. Ghosh, R. Deriche, and T. Jiang: 2010a, ‘Model-Free, Regularized, Fast,
and Robust Analytical Orientation Distribution Function Estimation’. In: Medical
Image Computing and Computer-Assisted Intervention - MICCAI, Vol. 6361. pp.
648-656. 88, 89, 90, 92, 97, 104, 123, 126, 152, 156, 181, 189, 190, 191, 193, 194,
210, 212, 226

Cheng, J., A. Ghosh, T. Jiang, and R. Deriche: 2009a, ‘A Riemannian Framework for
Orientation Distribution Function Computing’. In: Medical Image Computing and
Computer-Assisted Intervention - MICCAI, Vol. 5761. pp. 911-918. 47, 59, 101, 184,
185, 186, 190, 215, 226

Cheng, J., A. Ghosh, T. Jiang, and R. Deriche: 2010b, ‘Model-free and Analytical
EAP Reconstruction via Spherical Polar Fourier Diffusion MRI'. In: Medical Image
Computing and Computer-Assisted Intervention - MICCAI, Vol. 6361. pp. 590-597.
92, 97, 121, 123, 126, 152, 153, 154, 156, 181, 189, 190, 191, 193, 194, 200, 203,
210, 211, 212, 226

Cheng, J., A. Ghosh, T. Jiang, and R. Deriche: 2010c, ‘Riemannian Median and Its
Applications for Orientation Distribution Function Computing’. In: ISMRM. 186,
226

Cheng, J., A. Ghosh, T. Jiang, and R. Deriche: 2011a, ‘Diffeomorphism Invariant
Riemannian Framework for Ensemble Average Propagator Computing’. In: Med-
ical Image Computing and Computer-Assisted Intervention - MICCAI, Vol. 6892 of
LNCS. pp. 98-106, Springer Berlin / Heidelberg. 47, 59, 101, 190, 195, 226

Cheng, J., T. Jiang, and R. Deriche: 2011b, ‘Theoretical Analysis and Practical In-
sights on EAP Estimation via a Unified HARDI Framework’. In: Computational
Diffusion MRI - MICCAI Workshop. 126, 182, 226

Cheng, J., S. Merlet, E. Caruyer, A. Ghosh, T. Jiang, R. Deriche, et al.: 2011¢, ‘Com-
pressive Sensing Ensemble Average Propagator Estimation via L1 Spherical Polar
Fourier Imaging’. In: Computational Diffusion MRI - MICCAI Workshop. 103, 126,
128, 181, 190, 191, 193, 195, 214, 215, 226, 227, 233

Cheng, J., F. Shi, K. Wang, M. Song, J. Jiang, L. Xu, and T. Jiang: 2009b, ‘Non-
parametric Mean Shift Functional Detection in the Functional Space for Task and
Resting-state fMRI’. In: Workshop on fMRI data analysis: statistical modeling and

detection issues in intra- and inter-subject functional MRI data analysis in conjunc-
tion with the MICCAI. 47, 59, 226

Chikuse, Y.: 2003, Statistics on special manifolds, Vol. 174. Springer Verlag. 47

248



BIBLIOGRAPHY

Conway, J.: 1990, A course in functional analysis, Vol. 96. Springer. 12
Courant, R. and D. Hilbert: 1989, Methods of mathematical physics, Vol. 1. Wiley. 13

Descoteaux, M.: 2008, ‘High Angular Resolution Diffusion MRI: from Local Estima-
tion to Segmentation and Tractograpghy’. Ph.D. thesis, INRIA Sophia Antipolis. 3,
62, 69, 72, 101, 174, 234

Descoteaux, M., E. Angelino, S. Fitzgibbons, and R. Deriche: 2006, ‘Apparent Diffu-
sion Coefficients from High Angular Resolution Diffusion Images: Estimation and
Application’. Magnetic Resonance in Medicine 56, 395-410. 77, 113

Descoteaux, M., E. Angelino, S. Fitzgibbons, and R. Deriche: 2007, ‘Regularized, Fast
and Robust Analytical Q-ball Imaging’. Magnetic Resonance in Medicine 58, 497—
510. 3, 12, 26, 33, 83, 84, 85, 92, 101, 102, 103, 113, 114, 132, 133, 134, 149, 151,
165, 181, 183, 189, 191, 193, 198, 203, 206, 208, 212

Descoteaux, M. and R. Deriche: 2009, ‘High Angular Resolution Diffusion MRI Seg-
mentation Using Region-Based Statistical Surface Evolution’. Journal of Mathe-
matical Imaging in Vision 33, 239-252. 100, 228

Descoteaux, M., R. Deriche, D. Bihan, J. Mangin, and C. Poupon: 2010, ‘Multiple q-
Shell Diffusion Propagator Imaging’. Medical Image Analysis. 74, 80, 94, 103, 114,
138, 141, 142, 149, 151, 160

Descoteaux, M., R. Deriche, D. L. Bihan, J.-F. Mangin, and C. Poupon: 2009, ‘Diffusion
Propagator Imaging: Using Laplace’s Equation and Multiple Shell Acquisitions to
Reconstruct the Diffusion Propagator’. In: IPMI. 94, 114, 116, 138

Descoteaux, M., R. Deriche, T. R. Knosche, and A. Anwander: 2008a, ‘Deterministic
and Probabilistic Tractography Based on Complex Fiber Orientation Distributions’.
IEEE Transactions in Medical Imaging 28, 269-286. 3, 93, 101, 189, 228

Descoteaux, M., N. Wiest-Daessle, S. Prima, C. Barillot, and R. Deriche: 2008b, ‘Im-
pact of Rician Adapted Non-local Means Filtering on HARDI’. In: MICCAI. 114,
126

Do Carmo, M.: 1992, Riemannian geometry. Birkhauser. 36, 45

Douek, P., R. Turner, J. Pekar, N. Patronas, and D. LeBihan: 1991, ‘MR color mapping
of myelin fiber orientation’. Journal of Computer Assisted Tomography 15, 923-929.
67

Dryden, I. and K. Mardia: 1998, Statistical Shape Analysis, Vol. 4. John Wiley &
Sons Chichester, UK. 47, 186

Du, J., A. Goh, and A. Qiu: 2011, ‘Diffeomorphic Metric Mapping of High Angular
Resolution Diffusion Imaging based on Riemannian Structure of Orientation Dis-
tribution Functions’. Arxiv preprint arXiv:1107.4763. 228

Einstein, A.: 1956, Investigations on the Theory of the Brownian Movement. Dover
Pubns. 63

Fick, D.: 1855, V. On liquid diffusion’. The London, Edinburgh, and Dublin Philo-
sophical Magazine and Journal of Science 10(63), 30-39. 63

249



BIBLIOGRAPHY

Fillard, P., M. Descoteaux, A. Goh, S. Gouttard, B. Jeurissen, J. Malcolm, A. Ramirez-
Manzanares, M. Reisert, K. Sakaie, F. Tensaouti, et al.: 2011, ‘Quantitative eval-
uation of 10 tractography algorithms on a realistic diffusion MR phantom’. Neu-
rolmage. 130, 152, 211, 237

Fillard, P., X. Pennec, V. Arsigny, and N. Ayache: 2007, ‘Clinical DT-MRI Estimation,
Smoothing, and Fiber Tracking With Log-Euclidean Metrics’. IEEE Transactions
On Medical Imaging 26, 1472-1482. 1, 72, 99, 100, 200, 208

Fletcher, P. and S. Joshi: 2007, ‘Riemannian geometry for the statistical analysis of
diffusion tensor data’. Signal Processing 87, 250-262. 51, 56, 58, 99, 188

Fletcher, P., C. Lu, S. Pizer, and S. Joshi: 2004, ‘Principal geodesic analysis for the
study of nonlinear statistics of shape’. Medical Imaging, IEEE Transactions on
23(8), 995-1005. 1, 50, 51, 100, 187, 188

Fletcher, P. T.: 2004, ‘Statistical Variability in Nonlinear Spaces Application to Shape
Analysis and DT-MRTI’. Ph.D. thesis, University of North Carolina. 47, 48, 51, 99,
100, 184, 186

Fletcher, P. T., S. Venkatasubramanian, and S. Joshi: 2009, ‘The geometric median
on Riemannian manifolds with application to robust atlas estimation’. Neurolmage
45, S143-S152. 47, 51, 52, 186, 201, 210, 218

Frank, L. R.: 2002, ‘Characterization of Anisotropy in High Angular Resolution
Dffusion-Weighted MRI’. Magnetic Resonance in Medicine 47, 1083-1099. 33, 77,
78,79, 113

Fréchet, M.: 1948, ‘Les éléments aléatoires de nature quelconque dans un espace
distancié’. H. Poincaré,(10) pp. 215-310. 48, 186

Ghosh, A.: 2011, ‘High Order Models in Diffusion MRI and Applications’. Ph.D.
thesis, INRIA Sophia Antipolis. 62, 234

Ghosh, A., R. Deriche, and M. Moakher: 2009, ‘Ternary quartic approach for posi-
tive 4th order diffusion tensors revisited’. In: Biomedical Imaging: From Nano to
Macro, 2009. ISBI'09. IEEE International Symposium on. pp. 618—621. 78

Ghosh, A., M. Descoteaux, and R. Deriche: 2008a, ‘Riemannian Framework for Es-
timating Symmetric Positive Definite 4th Oder Diffusion Tensors’. In: MICCAI,
Vol. 66. pp. 308-319. 78

Ghosh, A., E. Ozarslan, R. Deriche, et al.: 2010, ‘Challenges in Reconstructing the
Propagator via a Cumulant Expansion of the One-Dimensional gspace MR Signal’.
In: ISMRM. 77, 146

Ghosh, A., E. Tsigaridas, M. Descoteaux, P. Comon, B. Mourrain, and R. Deriche:
2008b, ‘A polynomial based approach to extract the maxima of an antipodally sym-
metric spherical function and its application to extract fiber directions from the
orientation distribution function in diffusion MRI’. In: MICCAI, Vol. 66. pp. 308—
319. 234

Ghosh, A., D. Wassermann, and R. Deriche: 2011, ‘A polynomial approach for maxima
extraction and its application to tractography in HARDYT'. In: Information Process-
ing in Medical Imaging. pp. 723-734. 234

250



BIBLIOGRAPHY

Goh, A., C. Lenglet, P. Thompson, and R. Vidal: 2009a, ‘A nonparametric Riemannian
framework for processing high angular resolution diffusion images (HARDI)’. In:
CVPR. 101, 177, 179, 181, 182, 183, 188, 192, 200, 214

Goh, A., C. Lenglet, P. Thompson, and R. Vidal: 2009b, ‘Estimating orientation dis-
tribution functions with probability density constraints and spatial regularity’. In:
MICCALI. pp. 877-885, Springer. 193, 215

Goh, A., C. Lenglet, P. Thompson, and R. Vidal: 2011, ‘A nonparametric Riemannian
framework for processing high angular resolution diffusion images and its applica-
tions to ODF-based morphometry’. Neurolmage. 4, 57, 59, 101, 177, 179, 181, 182,
183, 188, 192, 199, 201, 208, 214

Gong, G., T. Jiang, C. Zhu, Y. Zang, Y. He, S. Xie, and J. Xiao: 2005, ‘Side and hand-
edness effects on the cingulum from diffusion tensor imaging’. Neuroreport 16(15),
1701. 1, 101

Gradshteyn, I. and I. Ryzhik: 2007, Table of Integrals, Series, and Products. Elsevier,
7th edition edition. 32, 120, 136, 140, 165, 166, 195

Haberman, R.: 1987, Elementary applied partial differential equations: with Fourier
series and boundary value problems. Prentice Hall, second edition edition. 12

Hagmann, P., L. Jonasson, P. Maeder, J.-P. Thiran, V. J. Wedeen, and R. Meuli:
2006, ‘Understanding Diffusion MR Imaging Techniques: From Scalar Diffusion-
weighted Imaging to Diffusion Tensor Imaging and Beyond’. RadioGraphics 26,
S205-S223. 62, 69, 81

Hess, C. P., P. Mukherjee, E. T. Han, D. Xu, and D. B. Vigneron: 2006, ‘Q-Ball Recon-
struction of Multimodal Fiber Orientations Using The Spherical Harmonic Basis’.
Magnetic Resonance In Medicine 56, 104-117. 2, 33, 83, 85, 103, 114, 133, 134, 181

Hosey, T., G. Williams, and R. Ansorge: 2005, ‘Inference of multiple fiber orientations
in high angular resolution diffusion imaging’. Magnetic Resonance in Medicine
54(6), 1480-1489. 74, 75

Huettel, S. A., A. W. Song, and G. Mcgarthy: 2009, Functional magnetic resonance
imaging. Sinauer Associates, second edition edition. 62, 65

Huzinaga, S.: 1965, ‘Gaussian-Type Functions for Polyatomic Systems. I'. The Jour-
nal of Chemical Physics 42, 1293. 96, 97, 135

Jian, B. and B. C. Vemuri: 2007, ‘A Unified Computational Framework for Deconvo-
lution to Reconstruct Multiple Fibers from Diffusion Weighted MRI’. IEEE Trans-
actions on Medical Imaging 26, 1464-1471. 93

Jian, B., B. C. Vemuri, E. Ozarslan, P. R. Carney, and T. H. Marecid: 2007, ‘A novel
tensor distribution model for the diffusion-weighted MR signal’. Neurolmage 37,
164-176. 93

Jiao, F., Y. Gur, C. Johnson, and S. Joshi: 2011, ‘Detection of crossing white matter
fibers with high-order tensors and rank-k decompositions’. In: Information Pro-
cessing in Medical Imaging. pp. 538-549. 78

251



BIBLIOGRAPHY

Johansen-Berg, H. and T. E. Behrens: 2009, Diffusion MRI: From quantitative mea-
surement to In vivo neuroanatomy. Elsevier. 62, 64, 73

Jones, D. K., M. A. Horsfield, and A. Simmons: 1999, ‘Optimal strategies for mea-
suring diffusion in anisotropic systems by magnetic resonance imaging’. Magnetic
Resonance in Medicine 42, 515-525. 72

Karcher, H.: 1977, ‘Riemannian center of mass and mollifier smoothing’. Communi-
cations on pure and applied mathematics 30(5), 509-541. 47, 48, 49, 51, 52, 186

Kendall, W.: 1990, ‘Probability, convexity, and harmonic maps with small image I:
uniqueness and fine existence’. Proceedings of the London Mathematical Society
3(2), 371. 47, 48, 49, 52, 186

Khachaturian, M. H., J. J. Wisco, and D. S. Tuch: 2007, ‘Boosting the Sampling Effi-
ciency of gq-Ball Imaging Using Multiple Wavevector Fusion’. Magnetic Resonance
in Medicine 57, 289-296. 87, 90

Koay, C. G., L.-C. Chang, J. D. Carew, C. Pierpaoli, and P. J. Basser: 2006, ‘a unifying
theoretical and algorithmic framework for least squares methods of estimation in
diffusion tensor imaging’. Journal of Magnetic Resonance 182, 115-125. 72

Kreher, B., J. Schneider, I. Mader, E. Martin, J. Hennig, and K. II'yasov: 2005, ‘Mul-
titensor approach for analysis and tracking of complex fiber configurations’. Mag-
netic Resonance in Medicine 54(5), 1216-1225. 74

Kuchel, P., A. Coy, and P. Stilbs: 1997, ‘NMR ”diffusion-diffraction” of water revealing
alignment of erythrocytes in a magnetic field and their dimensions and membrane
transport characteristics’. Magnetic Resonance in Medicine 37(5), 637-643. 77, 112

Lafferty, J. and G. Lebanon: 2006, ‘diffusion kernels on statistical manifolds’. Journal
of Machine Learning Research 6(1), 129. 53

Le Bihan, D. et al.: 2003, ‘Looking into the functional architecture of the brain with
diffusion MRI’. Nature Reviews Neuroscience 4(6), 469—480. 62

Lebanon, G.: 2006, ‘Metric Learning for Text Documents’. IEEE Transactions on
Pattern Analysis And Machine Intelligence 28, 497-508. 53, 57

LeBihan, D., E. Breton, D. Lallemand, P. Grenier, E. Cabanis, and M. L. Jeantet:
1986, ‘MR imaging of intravoxel incoherent motions: application to diffusion and
perfusion in neurologic disorders’. Radiology 61, 401-407. 67

Lenglet, C.: 2006, ‘Geometric and Variational Methods for Diffusion Tensor MRI Pro-
cessing’. Ph.D. thesis, INRIA Sophia Antipolis. 1, 62, 101

Lenglet, C., J. Campbell, M. Descoteaux, G. Haro, P. Savadjiev, D. Wassermann, A.
Anwander, R. Deriche, G. Pike, G. Sapiro, K. Siddiqi, and P. Thompson: 2009,
‘Mathematical Methods for Diffusion MRI Processing’. Neurolmage 45, S111-S122.
189

Lenglet, C., M. Rousson, and R. Deriche: 2006a, ‘DTI segmentation by statistical
surface evolution’. IEEE Transactions On Medical Imaging 25, 685-700. 1, 100,
101

252



BIBLIOGRAPHY

Lenglet, C., M. Rousson, and R. Deriche: 2006b, ‘Statistics on the Manifold of Mul-
tivariate Normal Distributions Theory and Application to Diffusion Tensor MRI
Processingy’. Journal of Mathematical Imaging and Vision 25(3), 423—444. 1, 56,
58, 99, 100, 101, 186

Li, J., Y. Liu, W. Qin, J. Jiang, Z. Qiu, J. Xu, C. Yu, and T. Jiang: 2012, ‘Age of Onset of
Blindness Affects Brain Anatomical Networks Constructed Using Diffusion Tensor
Tractography’. Cerebral Cortex. 1, 101, 228

Li, X., W. Hu, Z. Zhang, X. Zhang, M. Zhu, and J. Cheng: 2008, ‘Visual tracking via
incremental log-Euclidean Riemannian subspace learning’. In: Computer Vision
and Pattern Recognition, 2008. CVPR 2008. IEEE Conference on. pp. 1-8. 47, 100

Li, Y., Y. Liu, J. Li, W. Qin, K. Li, C. Yu, and T. Jiang: 2009, ‘Brain anatomical network
and intelligence’. PLoS computational biology 5(5), €e1000395. 1, 101, 228

Lin, F., C. Yu, T. Jiang, K. Li, C. Zhu, W. Zhu, W. Qin, Y. Duan, Y. Xuan, H. Sun, et al.:
2006, ‘Discriminative analysis of relapsing neuromyelitis optica and relapsing—
remitting multiple sclerosis based on two-dimensional histogram from diffusion
tensor imaging’. Neurolmage 31(2), 543-549. 1, 101

Liu, C., R. Bammer, B. Acar, and M. E. Moseley: 2004, ‘Characterizing Non-
Gaussian Diffusion by Using Generalized Diffusion Tensors’. Magnetic Resonance
In Medicine 51, 925-937. 74,75, 76, 77, 145

Liu, C., R. Bammer, and M. E. Moseley: 2003, ‘Generalized diffusion tensor imaging
(gdti): A method for characterizing and imaging diffusion anisotropy caused by
non-Gaussian diffusion’. Israel Journal of Chemistry 43, 145-154. 75, 77, 145

Mahalanobis, P.: 1936, ‘On the generalized distance in statistics’. In: Proceedings of
the National Institute of Science, Calcutta, Vol. 12. p. 49. 53

Mair, R., P. Sen, M. Hiirlimann, S. Patz, D. Cory, and R. Walsworth: 2002, “The narrow
pulse approximation and long length scale determination in xenon gas diffusion
NMR studies of model porous media’. Journal of Magnetic Resonance 156(2), 202—
212. 70

Marcinkiewicz, J.: 1939, ‘Sur une propriété de la loi de Gauss’. Mathematische
Zeitschrift 44(1), 612-618. 77, 146

Mardia, K. and P. Jupp: 2000, Directional statistics. John Wiley & Sons Inc. 47

Maybank, S.: 2004, ‘detection of image structures using the Fisher information and
the Rao metric’. IEEE transactions on pattern analysis and machine intelligence
pp. 1579-1589. 53

McGraw, T., B. Vemuri, R. Yezierski, and T. Mareci: 2006, ‘Segmentation of High An-
gular Resolution Diffusion MRI Modeled as a Field of von Mises-Fisher Mixtures’.
In: ECCV. 100, 177, 214

Merboldt, K., W. Hénicke, and J. Frahm: 1985, ‘Self-diffusion NMR imaging using
stimulated echoes’. Journal of magnetic resonance 64(3), 479-486. 1

253



BIBLIOGRAPHY

Merlet, S., J. Cheng, A. Ghosh, and R. Deriche: 2011, ‘Spherical Polar Fourier EAP
and ODF Reconstruction via Compressed Sensing in Diffusion MRI’. In: ISBI. 126,
181, 189, 191, 226, 227

Mio, W., D. Badlyans, and X. Liu: 2005, ‘A computational approach to Fisher infor-
mation geometry with applications to image analysis’. In: Energy Minimization
Methods in Computer Vision and Pattern Recognition. pp. 18-33. 187

Moakher, M.: 2005, ‘A differential geometric approach to the geometric mean of sym-
metric positive-definite matrices’. SIAM Journal on Matrix Analysis and Applica-
tions 26(3), 735-747. 56, 58, 99

Mori, S.: 2007, Introduction to Diffusion Tensor Imaging. Elsevier. 72

Moseley, M., Y. Cohen, J. Mintorovitch, J. Kucharczyk, J. Tsuruda, P. Weinstein, and
D. Norman: 1990, ‘Evidence of Anisotropic Self-Diffusion’. Radiology 176, 439-445.
67

Ozarslan, E., C. Koay, and P. Basser: 2008, ‘Simple harmonic oscillator based estima-
tion and reconstruction for one-dimensional g-space mr’. In: International Society
for Magnetic Resonance in Medicine (ISMRM). p. 35. 95

Ozarslan, E., C. Koay, T. Shepherd, S. Blackband, and P. Basser: 2009, ‘Simple har-
monic oscillator based reconstruction and estimation for three-dimensional g-space
mri’. In: International Society for Magnetic Resonance in Medicine (ISMRM). p.
1396. 74, 80, 92, 95, 96, 97, 135, 142, 149, 151, 182, 193, 215

Ozarslan, E. and T. H. Mareci: 2003, ‘Generalized diffusion tensor imaging and ana-
lytical relationships between diffusion tensor imaging and high angular resolution
diffusion imaging’. Magnetic Resonance in Medicine 50, 955-965. 74, 77, 78, 79,
113, 143

Ozarslan, E., N. Shemesh, C. Koay, Y. Cohen, and P. Basser: 2011, ‘Nuclear mag-
netic resonance characterization of general compartment size distributions’. New
Journal of Physics 13, 015010. 228

Ozarslan, E., T. Shepherd, C. Koay, S. Blackband, and P. Basser: 2012, ‘Temporal
scaling characteristics of diffusion as a new MRI contrast: Findings in rat hip-
pocampus’. Neurolmage. 228

Ozarslan, E., T M. Shepherd, B. C. Vemuri, S. J. Blackband, and T. H. Mareci:
2006, ‘Resolution of complex tissue microarchitecture using the diffusion orienta-
tion transform (DOT). Neurolmage 31, 1086-1103. 12, 33, 77, 78, 80, 91, 92, 114,
116, 117, 139, 149, 151, 154, 160, 211, 232, 234

Ozarslan, E., B. Vemuri, and T. Mareci: 2005, ‘Generalized scalar measures for dif-
fusion MRI using trace, variance, and entropy’. Magnetic Resonance in Medicine
53(4), 866-876. 77,78, 79

Pelletier, B.: 2005, ‘Kernel density estimation on Riemannian manifolds’. Statistics
& probability letters 73(3), 297-304. 48

Pennec, X.: 2006, ‘Intrinsic Statistics on Riemannian Manifolds: Basic Tools for Ge-
ometric Measurements’. Journal of Mathematical Imaging and Vision 25(1), 127—
154. 47, 48

254



BIBLIOGRAPHY

Pennec, X., P. Fillard, and N. Ayache: 2006, ‘A Riemannian Framework for Tensor
Computing’. International Journal of Computer Vision 66, 41-66. 1, 50, 56, 58, 99,
100, 186, 199, 200, 208

Pierpaoli, C. and P. Basser: 1996, ‘Toward a Quantitative Assessment of Diffusion
Anisotropy’. Magnetic Resonance in Medicine 36, 893-906. 1, 72

Poupon, C.: 1999, ‘Détection des faisceaux de fibres de la substance blanche pour
I'étude de la connectivité anatomique cérébrale.’. Ph.D. thesis, Ecole Nationale
Supérieure des Télécommunications. 72

Poupon, C., B. Rieul, I. Kezele, M. Perrin, F. Poupon, and J. Mangin: 2008, ‘New dif-
fusion phantoms dedicated to the study and validation of high-angular-resolution
diffusion imaging (HARDI) models’. Magnetic Resonance In Medicine 60(6), 1276—
1283. 130, 152, 237

Prckovska, V., A. Roebroeck, W. Pullens, A. Vilanova, and B. ter Haar Romeny: 2008,
‘Optimal acquisition schemes in high angular resolution diffusion weighted imag-
ing’. In: MICCAI, Vol. 5242. pp. 9-17. 113, 151

Qi, L., G. Yu, and E. Wu: 2010, ‘Higher order positive semi-definite diffusion tensor
imaging’. SIAM Journal on Imaging Sciences 3(3), 416—433. 78

Rao, C.: 1945, ‘Information and the accuracy attainable in the estimation of statistical
parameters’. Bull. Calcutta Math. Soc. 37, 81-91. 53, 54, 99

Read, A.: 1999, ‘Linear interpolation of histograms’. Nuclear Instruments and Meth-
ods in Physics Research Section A: Accelerators, Spectrometers, Detectors and Asso-
ciated Equipment 425(1-2), 357-360. 187

Ritchie, D. and G. Kemp: 2000, ‘Protein docking using spherical polar Fourier corre-
lations’. Proteins: Structure, Function, and Bioinformatics 39(2), 178-194. 96, 97,
135

Schwartzman, A.: 2006, ‘Random Ellipsoids And False Discovery Rates: Statistics
For Diffusion Tensor Imaging Data’. Ph.D. thesis, Stanford. 1, 100

Shu, N., J. Li, K. Li, C. Yu, and T. Jiang: 2009, ‘Abnormal diffusion of cerebral white
matter in early blindness’. Human brain mapping 30(1), 220-227. 1, 101

Skovgaard, L.: 1984, ‘A Riemannian geometry of the multivariate normal model’.
Scandinavian journal of statistics pp. 211-223. 55, 56, 58, 99

Séderman, O. and B. Jonsson: 1995, ‘Restricted diffusion in cylindrical geometry’.
Journal of magnetic resonance. Series A 117(1), 94-97. 91, 149, 231

Spivak, M.: 1999, A comprehensive introduction to differential geometry, Vol. 1. Pub-
lish or perish Berkeley, 3rd edition edition. 36, 43, 44

Srivastava, A., I. Jermyn, and S. Joshi: 2007, ‘Riemannian analysis of probability

density functions with applications in vision’. In: 2007 IEEE Conference on Com-
puter Vision and Pattern Recognition. pp. 1-8. 53, 57

255



BIBLIOGRAPHY

Stejskal, E. and J. Tanner: 1965, ‘Spin Diffusion Measurements: Spin Echoes in the
Presence of a Time-Dependent Field Gradient’. The Journal of Chemical Physics
42 288-292. 66, 67, 68

Subbarao, R. and P. Meer: 2009, ‘Nonlinear mean shift over riemannian manifolds’.
International journal of computer vision 84(1), 1-20. 47

Taylor, D. and M. Bushell: 1985, ‘The spatial mapping of translational diffusion coef-
ficients by the NMR imaging technique’. Physics in medicine and biology 30, 345.
1

Tomasi, C. and R. Manduchi: 1998, ‘Bilateral filtering for gray and color images’. In:
ICCV. pp. 839-846. 201

Tournier, J., F. Calamante, A. Connelly, et al.: 2007, ‘Robust determination of the
fibre orientation distribution in diffusion MRI: non-negativity constrained super-
resolved spherical deconvolution’. Neurolmage 35(4), 1459-1472. 33, 93

Tournier, J.-D., F. Calamante, D. Gadian, and A. Connelly: 2004, ‘direct estimation
of the fiber orientation density function from diffusion-weighted MRI data using
spherical deconvolution’. Neurolmage 23, 1176-1185. 93

Tristan-Vega, A. and S. Aja-Fernandez: 2010, ‘DWI filtering using joint information
for DTI and HARDI'. Medical Image Analysis 14, 205-218. 114, 126

Tristan-Vega, A., C. Westin, and S. Aja-Fernandez: 2009, ‘Estimation of fiber orien-
tation probability density functions in high angular resolution diffusion imaging’.
Neurolmage 47(2), 638-650. 33, 82, 87, 88, 89, 92, 103, 114, 134

Tristan-Vega, A., C.-F. Westin, and S. Aja-Fernandez: 2010, ‘a new methodology for
the estimation of fiber populations in the white matter of the brain with the Funk-
Radon transform’. Neurolmage 49, 1301-1315. 33, 77, 82, 87, 88, 89, 90, 92, 103,
104, 105,113, 114, 118, 119, 151, 181

Tschumperlé, D. and R. Deriche: 2003, ‘Variational Frameworks for DT-MRI Estima-
tion, Regularization and Visualization’. In: ICCV. 72

Tuch, D., R. Weisskoff, J. Belliveau, and V. Wedeen: 1999, ‘High angular resolution
diffusion imaging of the human brain’. In: Proceedings of the 7th Annual Meeting
of ISMRM. 74

Tuch, D. S.: 2002, ‘Diffusion MRI of Complex Tissue Structure’. Ph.D. thesis, MIT.
62, 80, 83

Tuch, D. S.: 2004, ‘Q-ball imaging’. Magnetic Resonance in Medicine 52, 1358-1372.
2, 83, 84, 90, 92, 100, 102, 103, 121, 131, 133, 181, 190, 191, 206, 212

Tuch, D. S., T. G. Reese, M. R. Wiegell, N. Makris, J. W. Belliveau, and V. J. Wedeen:
2002, ‘High Angular Resolution Diffusion Imaging Reveals Intravoxel White Mat-
ter Fiber Heterogeneity’. Magnetic Resonance in Medicine 48, 577-582. 2, 74

von dem Hagen, E. A. and R. M. Henkelman: 2002, ‘Orientational Diffusion Reflects
Fiber Structure Within a Voxel’. Magnetic Resonance in Medicine 48, 454—-459. 78

256



BIBLIOGRAPHY

Wang, Q., T. Su, Y. Zhou, K. Chou, I. Chen, T. Jiang, and C. Lin: 2011, ‘Anatomical
insights into disrupted small-world networks in schizophrenia’. Neuroimage. 1,
101, 228

Wang, Z. and B. C. Vemuri: 2005, ‘DTI Segmentation Using an Information Theoretic
Tensor Dissimilarity Measure’. IEEE Transactions on Medical Imaging 24, 1267—
1277. 98

Wassermann, D., M. Descoteaux, and R. Deriche: 2008, ‘Diffusion maps clustering
for magnetic resonance Q-Ball imaging segmentation’. International Journal of
Biomedical Imaging pp. 1-12. 100, 189

Wedeen, V., T. Reese, D. Tuch, M. Weigel, J.-G. Dou, R. Weiskoff, and D. Chessler:
2000, ‘Mapping fiber orientation spectra in cerebral white matter with Fourier
transform diffusion MRI’. In: Proceedings of the International Society of Magnetic
Resonance in Medicine. p. 82. 80, 81, 83

Wedeen, V. J., P. Hagmann, W.-Y. 1. Tseng, T. G. Reese, and R. M. Weisskoff: 2005,
‘Mapping Complex Tissue Architecture With Diffusion Spectrum Magnetic Reso-
nance Imaging’. Magnetic Resonance In Medicine 54, 1377-1386. 80, 81, 83, 89,
201, 206

Weldeselassie, Y., A. Barmpoutis, and M. Atkins: 2010, ‘Symmetric Positive-Definite
Cartesian Tensor Orientation Distribution Functions (CT-ODF). In: Medical Im-
age Computing and Computer-Assisted Intervention — MICCAI 2010. 78

Westin, C.-F., S. Maier, H. Mamata, A. Nabavi, F. Jolesz, and R. Kikinis: 2002, ‘Pro-
cessing and visualization for diffusion tensor MRI’. Medical Image Analysis 6, 93—
108. 73

Wootters, W.: 1981, ‘Statistical distance and Hilbert space’. Physical Review D 23(2),
357. 53, 57

Wu, Y.-C. and A. L. Alexander: 2007, ‘Hybrid diffusion imaging’. Neurolmage 36,
617-629. 82, 120, 200

Wu, Y.-C,, A. S. Field, and A. L. Alexander: 2008, ‘Computation of Diffusion Function
Measures in q -Space Using Magnetic Resonance Hybrid Diffusion Imaging’. IEEE
Transactions On Medical Imaging 27, 858-865. 82, 87, 88, 103

Yu, C., J. Li, Y. Liu, W. Qin, Y. Li, N. Shu, T. Jiang, and K. Li: 2008, ‘White matter
tract integrity and intelligence in patients with mental retardation and healthy
adults’. Neuroimage 40(4), 1533-1541. 1, 101

257



	  Contents
	  Symbols and Acronyms
	  Abstract
	  Acknowledgement
	Introduction
	I Background
	Orthogonal Polynomials and Functions
	Orthogonal Functions
	Orthogonal Polynomials
	Sturm-Liouville theory
	Polynomials in Rd and Sd-1
	Some Orthonormal Bases and Their Properties
	Associated Legendre Polynomial
	Spherical Harmonics
	Bessel Function and Spherical Bessel Function
	Hermite Polynomial
	Associated Laguerre Polynomial
	Confluent Hypergeometric Function

	Other Special Functions and Useful Equations
	Gamma Function
	Some Useful Integral Formulae

	Summary

	Manifold, Statistics on Manifold and Statistical Manifold
	Riemannian Manifold
	Topological Manifold
	Differentiable Manifold
	Riemannian Manifold

	Statistics on Riemannian Manifold
	Riemannian Mean and Variance
	Principal Geodesic Analysis
	Riemannian Median
	Riemannian Lp Mean

	Statistical Manifold
	Basic Concepts in Information Geometry
	Examples on Gaussian Distribution and Multinomial Distribution Families

	Summary

	Diffusion MRI
	Basic of Diffusion MRI
	Diffusion Process, Free Diffusion and Gaussian Propagator
	Magnetic Resonance Imaging (MRI), k-space and x-space
	Diffusion Weighted Imaging (DWI), q-space and R-space

	Diffusion Tensor Imaging (DTI)
	Tensor Estimation
	Scalar Indices of Tensor

	High Angular Resolution Diffusion Imaging (HARDI)
	Generalization of Diffusion Tensor Imaging
	Diffusion Spectrum Imaging (DSI)
	Hybrid Diffusion Imaging (HYDI)
	Q-Ball Imaging (QBI)
	Diffusion Orientation Transform (DOT)
	Spherical Deconvolution (SD)
	Diffusion Propagator Imaging (DPI)
	Simple Harmonic Oscillator Reconstruction and Estimation (SHORE)
	Spherical Polar Fourier Imaging (SPFI)

	Metrics and Frameworks to Process PDF-valued Data
	Metrics and Frameworks for Tensor Computing
	Metrics and Frameworks for ODF and EAP Computing

	Summary
	Appendix A: ODF Normalization
	Appendix B: Is mono-exponential decay assumption only needed locally for single shell data?


	II Contributions
	Analytical Spherical Polar Fourier Imaging
	Analytical Spherical Polar Fourier Imaging (SPFI)
	Assemlal's work: Spherical Polar Fourier Basis, Least Square Estimation, numerical SPFI
	Analytical Spherical Polar Fourier Imaging
	Implementation Issues

	Analytical Fourier Transform in Spherical Coordinate (AFT-SC)
	AFT-SC Framework
	HARDI methods in AFT-SC framework

	Theoretical Comparisons
	Some Criteria for Evaluation
	More Comparisons between SPF basis and SHO basis

	Experimental Comparisons
	Synthetic data
	Phantom data
	Real Monkey data

	Summary
	Appendix A: Proofs on analytical SPFI
	Appendix B: Proofs on the relation of Three Theorems on Spherical Harmonics
	Appendix C: Exact EAP and its features in Mixture of Tensor Model

	Riemannian Framework for ODFs and EAPs
	General Riemannian Framework Based On Square Root Parametrization and Orthonormal Basis Representation
	Parametric Family, Wavefunction
	Riemannian Metric, Exponential Map and Logarithmic Map
	Orthonormal Basis Chosen for ODFs and EAPs
	Properties of Parameter Space
	Geodesic Anisotropy, Rényi Entropy
	Log-Euclidean Framework and Affine-Euclidean Framework
	Weighted Mean, Weighted Median and Principal Geodesic Analysis (PGA)
	Diffeomorphism Invariance
	Theoretical Comparison Between Riemannian Metric and Euclidean Metric

	Applications
	Riemannian Coordinate Estimation and Nonnegative Definite EAP/ODF estimation
	ODF/EAP Interpolation
	ODF/EAP filtering
	ODF/EAP Atlas Estimation

	Experiments
	Synthetic Data
	Phantom Data
	Real Monkey Data

	Summary
	Appendix A: Proof on the Wavefunction of the Nearest Isotropic EAP
	Appendix B: Proofs on Weighted Riemannian Mean and Median


	III Conclusion
	Conclusion

	IV Appendices
	Synthetic Data Generation and Evaluation of Estimation Methods
	Real Data Sets
	Public Phantom Data
	Real Monkey Data

	Publications of the Author
	Bibliography


