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Dr. Cyril Poupon LRMN, NeuroSpin, CEA, France

Directeur de th�ese Dr. Jean-Fran�cois Mangin LNAO, NeuroSpin, CEA, France





Contents

Contents iv

List of Figures viii

List of Tables ix

List of Symbols xi

Abstract xv

R�esum�e xvii

I Introduction 1

1 Introduction 3

II Background 9

2 Nervous Tissue and Human Brain White Matter 11

2.1 Human Brain General Anatomy . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2 The Nervous Tissue . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.3 White Matter Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3.1 Association Pathways . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3.2 Commissural Pathways . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.3.3 Projection Pathways . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3 Principles of Di�usion MRI 29

3.1 From the di�usion phenomenon to di�usion MRI . . . . . . . . . . . . . . . 30

3.1.1 Di�usion Basics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

i



3.1.2 Basics on Magnetic Resonance Imaging. . . . . . . . . . . . . . . . 32

3.1.3 Di�usion-weigthed MR . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.1.4 EPI sequence and correction of geometric distortions. . . . . . . . . 38

3.2 Di�usion MRI models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.2.1 Di�usion Tensor Model (DTI) . . . . . . . . . . . . . . . . . . . . . . 42

3.2.2 High Angular Resolution Di�usion Imaging (HARDI) . . . . . . . . 49

3.3 MR Di�usion Tractography . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.3.1 Streamline Deterministic Tractography . . . . . . . . . . . . . . . . . 60

3.3.2 Streamline Probabilistic Tractography . . . . . . . . . . . . . . . . . 64

3.3.3 Other Tractography Algorithms . . . . . . . . . . . . . . . . . . . . . 66

3.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4 White Matter Clustering 71

4.1 Cross-subject registration . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

4.1.1 Normalization to Talairach space . . . . . . . . . . . . . . . . . . . . 74

4.1.2 Non-linear registration methods. . . . . . . . . . . . . . . . . . . . . 76

4.2 White Matter segmentation of DW images . . . . . . . . . . . . . . . . . . . 77

4.3 ROI-based WM �ber tract segmentation . . . . . . . . . . . . . . . . . . . . 77

4.4 White Matter �ber clustering . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.4.1 Clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.4.2 Fiber similarity measures . . . . . . . . . . . . . . . . . . . . . . . . 88

4.4.3 Fiber clustering methods . . . . . . . . . . . . . . . . . . . . . . . . 92

4.5 Quantitative DW measures across bundles. . . . . . . . . . . . . . . . . . . 105

4.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

III Methods 113

5 Intra-subject �ber clustering 115

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

5.1.1 Previous works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

5.1.2 Main output . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

5.1.3 Tractography dataset size . . . . . . . . . . . . . . . . . . . . . . . . 119

5.1.4 Hierarchical �ber clustering overview . . . . . . . . . . . . . . . . . . 120

5.2 Robust intra-subject �ber clustering . . . . . . . . . . . . . . . . . . . . . . 122

5.2.1 Step 1: Hierarchical decomposition. . . . . . . . . . . . . . . . . . . 122

5.2.2 Step 2: Length-based segmentation. . . . . . . . . . . . . . . . . . . 122

5.2.3 Step 3: Voxel-based clustering . . . . . . . . . . . . . . . . . . . . . 123

5.2.4 Step 4: Extremity-based clustering . . . . . . . . . . . . . . . . . . . 130

5.2.5 Step 5: Fascicle merge. . . . . . . . . . . . . . . . . . . . . . . . . . 132

5.3 Method validation and parameters tuning . . . . . . . . . . . . . . . . . . . 135

5.3.1 Whole method evaluation using simulated datasets. . . . . . . . . . 136

ii



5.3.2 Cost of scalability . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

5.3.3 Clustering parameters setting. . . . . . . . . . . . . . . . . . . . . . 143

5.4 Intra-subject �ber clustering results . . . . . . . . . . . . . . . . . . . . . . 144

5.4.1 A T1-based tractography propagation mask. . . . . . . . . . . . . . 144

5.4.2 Adult HARDI datasets . . . . . . . . . . . . . . . . . . . . . . . . . 148

5.4.3 Child DTI datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

5.5 Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

5.5.1 Physical phantom . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

5.5.2 Top-down decomposition of large known WM tracts . . . . . . . . . 156

5.6 Discussion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

5.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

6 Inter-subject clustering: Inference of a multi-subject b undle atlas 161

6.1 Two-level �ber clustering stractegy . . . . . . . . . . . . . . . . . . . . . . . 163

6.1.1 First level: intra-subject clustering . . . . . . . . . . . . . . . . . . . 164

6.1.2 Second level: inter-subject clustering. . . . . . . . . . . . . . . . . . 165

6.2 Inter-subject clustering validation . . . . . . . . . . . . . . . . . . . . . . . . 169

6.3 An example of application for the analysis of U-�bers . . . . . . . . . . . . 173

6.4 HARDI multi-subject atlas of DWM known bundles . . . . . . . . . . . . . 174

6.5 HARDI multi-subject atlas of SWM short association bundles . . . . . . . . 178

6.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

IV Application 185

7 Automatic segmentation of massive tractography datasets 187

7.1 Automatic segmentation of massive tractography datasets. . . . . . . . . . 189

7.2 Results. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191

7.2.1 Results for the segmentation of deep white matter bundles . . . . . 191

7.2.2 Results for the segmentation of short association bundles of SWM. 195

7.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 198

V Conclusion 201

8 Conclusion 203

VI Appendix 209

A White Matter atlases 211

B Publications of the Author Arising from this Work 219

iii



Bibliography 223

iv



List of Figures

2.1 Central nervous system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.2 Coronal slices of an human brain . . . . . . . . . . . . . . . . . . . . . . . . 14

2.3 Human brain lobes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.4 Schematic representation of the major cellular elements of neuraltissue . . 18

2.5 White matter axons main structure . . . . . . . . . . . . . . . . . . . . . . . 20

2.6 Anatomic relationships of several WM �ber tracts. . . . . . . . . . . . . . . 22

2.7 Main known white matter �ber tracts. . . . . . . . . . . . . . . . . . . . . . 23

2.8 Main areas involved in language. . . . . . . . . . . . . . . . . . . . . . . . . 24

2.9 Internal face of the right hemisphere.. . . . . . . . . . . . . . . . . . . . . . 25

2.10 Dissection showing the course of the cerebrospinal �bers.. . . . . . . . . . . 26

2.11 Thalamic radiations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.1 Brownian motion simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2 Illustration of MRI pulse sequences. . . . . . . . . . . . . . . . . . . . . . . 34

3.3 Illustration of spin dephasing in spin echo sequence. . . . . . . . . . . . . . 35

3.4 Pulse Gradient Spin Echo sequence experiment. . . . . . . . . . . . . . . . 36

3.5 E�ect of di�usion-encoding axis direction . . . . . . . . . . . . . . . . . . . 39

3.6 Example of a �eld map image. . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.7 Anisotropy and two-compartments model . . . . . . . . . . . . . . . . . . . 41

3.8 Di�usion Tensor and anitropic di�usion . . . . . . . . . . . . . . . . . . . . 44

3.9 Mean di�usivity and Fractional anisotropy examples . . . . . . . . . . . . . 45

3.10 Example of FA as a measure of WM integrity . . . . . . . . . . . . . . . . . 46

3.11 Examples of prolate and oblate DT ellipsoids.. . . . . . . . . . . . . . . . . 47

3.12 Colour encoded �ber orientation maps . . . . . . . . . . . . . . . . . . . . . 48

3.13 Partial volume e�ect for two �ber populations . . . . . . . . . . . . . . . . . 49

3.14 Major di�usion MRI acquisition and reconstruction methods . . . . . . . . 50

3.15 Illustration of fODFs and dODFs for several simple WM con�gurations . . 52

3.16 DSI reconstruction scheme. . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.17 Qball reconstruction scheme. . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.18 Examples of spherical harmonics. . . . . . . . . . . . . . . . . . . . . . . . 55

3.19 QBI: dODFs for the analytical and numerical solutions. . . . . . . . . . . . 56

3.20 Spherical deconvolution illustration . . . . . . . . . . . . . . . . . . . . . . . 57

v



3.21 Sketch of the convolution/deconvolution of the dODF . . . . . . . . . . . . 57

3.22 Sharp spherical deconvolution transform scheme. . . . . . . . . . . . . . . 58

3.23 Illustration of streamline tractography in DTI . . . . . . . . . . . . . . . . . 59

3.24 Example algorithms for deterministic streamline tractography in DTI . . . 61

3.25 Example of TEND algorithm behavior . . . . . . . . . . . . . . . . . . . . . 62

3.26 Regularization of particle trajectories for HARDI . . . . . . . . . . . . . . . 63

3.27 Streamline deterministic and probabilistic tractography examples . . . . . . 65

3.28 MFACT tractography approach . . . . . . . . . . . . . . . . . . . . . . . . . 66

3.29 Bayesian tractography probability map . . . . . . . . . . . . . . . . . . . . . 67

3.30 Example of spin-glass tractography. . . . . . . . . . . . . . . . . . . . . . . 67

3.31 Comparison of spin-glass and streamline tractography. . . . . . . . . . . . 68

4.1 The Talairach atlas and normalized space . . . . . . . . . . . . . . . . . . . 75

4.2 Illustration of manual ROI-based WM tract segmentation . . . . . . . . . . 79

4.3 Example of clustering results . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.4 Matrix and graph a�nity representations . . . . . . . . . . . . . . . . . . . 82

4.5 Hierarchical clustering example . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.6 Linkage types of hierarchical clustering. . . . . . . . . . . . . . . . . . . . . 84

4.7 Example of hierarchical clustering adaptive partition . . . . . . . . . . . . . 85

4.8 Illustration of distances based on closest points. . . . . . . . . . . . . . . . 89

4.9 Comparison of three pairwise �ber distances. . . . . . . . . . . . . . . . . . 90

4.10 Illustration thresholded closest distances. . . . . . . . . . . . . . . . . . . . 91

4.11 Examples of the product of blurred indicator functions . . . . . . . . . . . . 93

4.12 Illustration of �ber clustering using Hierarchical Clustering . . . . . . . . . 98

4.13 Voxel-based �ber clustering results . . . . . . . . . . . . . . . . . . . . . . . 99

4.14 Voxel-based tractography segmentation method using HDPM model. . . . 100

4.15 Illustration of �ber segmentation method using spectral clustering . . . . . 102

4.16 Illustration of WM segmentation using a mathematical framework . . . . . 103

4.17 Illustration of a partition-based WM �ber clustering . . . . . . . . . . . . . 105

4.18 Example mean FA and skeleton images for TBSS method. . . . . . . . . . 106

4.19 Quantitative analysis of WM tracts using distance maps . . . . . . . . . . . 108

4.20 Tractography-based medial representation of tracts. . . . . . . . . . . . . . 109

4.21 Tract-based morphometry (TBM) . . . . . . . . . . . . . . . . . . . . . . . 110

4.22 Skeleton-based tract-speci�c statistics . . . . . . . . . . . . . . . . . . . . . 111

5.1 General scheme of the intra-subject clustering method.. . . . . . . . . . . . 121

5.2 First hierarchical decomposition of WM �bers (Step 1). . . . . . . . . . . . 123

5.3 Examples of �ber groups of di�erent lengths. . . . . . . . . . . . . . . . . . 123

5.4 Random initial parcellation of white matter (Step 3) . . . . . . . . . . . . . 124

5.5 Illustration of WM connectivity calculation ( Step 3) . . . . . . . . . . . . . 126

5.6 Example of a WM connectivity matrix histogram ( Step 3) . . . . . . . . . . 127

5.7 Voxel-based clustering example (Step 1). . . . . . . . . . . . . . . . . . . . 128

vi



5.8 Flooding of the water analogy for Watershed transformation. . . . . . . . . 131

5.9 An example of �ber cluster and �ber fascicles extraction (Steps 3-4) . . . . 133

5.10 Fiber fascicle centroid clustering (Step 5) . . . . . . . . . . . . . . . . . . . 134

5.11 Example of �nal �ber bundles . . . . . . . . . . . . . . . . . . . . . . . . . . 135

5.12 Example of simulated �ber bundle datasets. . . . . . . . . . . . . . . . . . . 137

5.13 Clustering results for simulated �ber bundle datasets. . . . . . . . . . . . . 139

5.14 Comparison of the method with a brute force �ber clustering . . . . . . . . 141

5.15 Evaluation of the clustering method scalability cost. . . . . . . . . . . . . . 142

5.16 Clustering parameters setting.. . . . . . . . . . . . . . . . . . . . . . . . . . 144

5.17 T1-based masks used for the propagation mask construction.. . . . . . . . 145

5.18 T2- and T1-based propagation masks.. . . . . . . . . . . . . . . . . . . . . 146

5.19 Comparison of WM bundles for an FA- and our T1-based propagation mask.147

5.20 Final �ber bundles for an adult brain (right hemisphere). . . . . . . . . . . 150

5.21 A selection of long �nal �ber bundles for an adult brain (right hemisp here) 151

5.22 Final �ber bundles for a child brain (right hemisphere). . . . . . . . . . . . 152

5.23 Final �ber bundles for the DTI physical phantom dataset. . . . . . . . . . . 154

5.24 Final �ber bundles for the six physical phantom datasets. . . . . . . . . . . 155

5.25 Bottom-up inference of a model of the subdivisions of the AF.. . . . . . . . 157

6.1 Addition of thalamic �ber subsets in intra-subject clustering . . . . . . . . . 165

6.2 Example of the intra-subject clustering results for one subject . . . . . . . . 166

6.3 A general scheme of the inter-subject �ber clustering. . . . . . . . . . . . . 167

6.4 Normalized Euclidean distance used for inter-subject centroidsclustering . . 168

6.5 Example of inter-subject clusters (short centroid clusters ofleft hemisphere) 170

6.6 Example of inter-subject clusters (long centroid clusters of left hemisphere) 171

6.7 Example of some inter-subject clusters (left hemisphere). . . . . . . . . . . 172

6.8 Inter-subject clustering validation using simulated centroids . . . . . . . . . 173

6.9 Preliminary U-�ber bundle atlas from inter-subject clusterin g results . . . . 174

6.10 Illustration of the use of inter-subject clustering results. . . . . . . . . . . . 175

6.11 The HARDI multi-subject atlas of known bundles . . . . . . . . . . . . . . 177

6.12 Cortical regions used to label the short association bundles. . . . . . . . . 179

6.13 The HARDI multi-subject atlas of short association bundles (part 1) . . . . 180

6.14 The HARDI multi-subject atlas of short association bundles (part 2) . . . . 181

6.15 The HARDI multi-subject atlas of short association bundles. . . . . . . . . 182

7.1 Automatic �ber bundle segmentation method . . . . . . . . . . . . . . . . . 190

7.2 Automatic DWM �ber bundle segmentation results for adult brains . . . . 192

7.3 Automatic DWM �ber bundle segmentation results for child brains . . . . . 193

7.4 Comparison of our DWM bundle segmentation method with a ROI-based

approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 194

7.5 Automatic SWM �ber bundle segmentation results (1) . . . . . . . . . . . . 195

7.6 Automatic SWM �ber bundle segmentation results (2) . . . . . . . . . . . . 196

vii



7.7 Automatic SWM �ber bundle segmentation results (3) . . . . . . . . . . . . 197

A.1 Comparison between virtual and classical disection results. . . . . . . . . . 212

A.2 Probabilistic maps of 11 white matter tracts . . . . . . . . . . . . . . . . . . 213

A.3 DWM and SWM atlases from manual ROI-based labeling . . . . . . . . . . 214

A.4 Three types of WM parcellation maps . . . . . . . . . . . . . . . . . . . . . 215

A.5 Short association �bers reconstructed by the TRS automated method . . . 217

viii



List of Tables

2.1 Human brain lobes localization and function. . . . . . . . . . . . . . . . . . 15

4.1 Categorization of �ber clustering methods (single subject) . . . . . . . . . . 94

4.2 Categorization of �ber clustering methods (multiple subjects) . . . . . . . . 96

5.1 Pseudocode of HC adaptive partition algorithm . . . . . . . . . . . . . . . . 130

ix



x



List of Symbols

3D 3-dimensional

AC Anterior Commissure

ADC Apparent Di�usion Coe�cient

AF Arcuate Fasciculus

ATR Anterior Thalamic Radiations

CC Corpus Callosum

CHARMED Composite Hindered And Restricted Model of Di�usion

CG Cingulum

CNS Central Nervous System

CNR Contrast to Noise Ratio

CR Corona Radiata

CSF Cerebrospinal 
uid

CST Corticospinal Tract

dMRI Di�usion MRI

dODF Di�usion Orientation Distribution Function

DOT Di�usion Orientation Transform

DPI Di�usion Propagator Imaging

EM Expectation-Maximization

EPI Echo Planar Imaging

FA Fractional Anisotropy

FACT Fiber Assignment by Continuous Tracking

FIFO First In First Out

fODF Fiber Orientation Distribution Function

FRT Funk-Radon Transform

GFA Generalized Fractional Anisotropy

DoF Degrees of Freedom

DSI Di�usion Spectrum Imaging

DT Di�usion Tensor

DTI Di�usion Tensor Imaging

DW Di�usion-Weighted

xi



DWM Deep White Matter

ICBM International Consortium of Brain Mapping

IFO Inferior Fronto-Occipital Fasciculus

IL Inferior Longitudinal Fasciculus

ITR Inferior Thalamic Radiations

GM Gray matter

HARDI High Angular Resolution Di�usion Imaging

HC Hierarchical Clustering

HDPM Hierarchical Dirichlet Processes Mixture

LDDMM Large Deformation Di�eomorphic Metric Mapping

MD Mean Di�usivity

MFACT Modi�ed Fiber Assignment by Continuous Tracking

MI Mutual Information

MNI Montreal Neurological Institute

MR Magnetic Resonance

MRI Magnetic Resonance Imaging

NMI Normalized Mutual Information

NMR Nuclear Magnetic Resonance

ODF Orientation Distribution Function

PAS Persistent Angular Structure

PC Posterior Commissure

PCA Principal Component Analysis

PDF Probability Density Function

PGSE Pulsed Gradient Spin Echo

PNS Peripheral Nervous System

PTR Posterior Thalamic Radiations

QBI Q-Ball Imaging

QSI Q-Space Imaging

RF Radio Frequency

ROI Region Of Interest

SD Spherical Deconvolution

SH Spherical Harmonics

SNR Signal to Noise Ratio

SPM Statistical Parametric Mapping

STR Superior Thalamic Radiations

SFO Superior Fronto-Occipital Fasciculus

SS-EPI Single-Shot Echo Planar Imaging

SWM Super�cial White Matter

xii



TBM Tract-Based Morphometry

TBSS Tract-Based Spatial statistics

TE Echo Time

TEND Tensor De
ection

TPM Tract Probability Map

TR Repetition Time

UN Uncinate Fasciculus

VBM Voxel-Based Morphometry

VOI Volume of Interest

WM White Matter

xiii



xiv



Abstract

Human brain white matter (WM) structure and organisation are not yet comple tely known.

Di�usion-Weighted Magnetic Resonance Imaging (dMRI) o�ers a unique approach to study

in vivo the structure of brain tissues, allowing the non invasive reconstruction of brain �ber

bundle trajectories using tractography. Nowadays, the recent dMRItechniques with high

angular resolution (HARDI) have largely improve the quality of tractography relative to

standard di�usion tensor imaging. However, the resulting tractography datasets are highly

complex and include millions of �bers which requires a new generation of analysis methods.

Beyond the mapping of the main white matter pathways, this new technology opens the

road to the study of short association bundles, which have been rarelystudied before and

is in the focus of this thesis. The goal is to infer an atlas of the �ber bundles of the human

brain and a method mapping this atlas to any new brain.

In order to overcome the limitation induced by the size and complexity of the trac-

tography datasets, we propose a two-level strategy, chaining intra- and inter-subject �ber

clustering. The �rst level, an intra-subject clustering, is composed by several steps per-

forming a robust hierarchical clustering of a �ber tractography dataset that can deal with

millions of di�usion-based tracts. The end result is a set of a few thousand homogeneous

bundles representing the whole structure of the tractography dataset. This simpli�ed rep-

resentation of white matter can be used further for several studies ofindividual bundle

structure or group analyses. The robustness and the cost of the scalability of the method

are checked using simulated tract datasets. The second level, an inter-subject clustering,

gathers the bundles obtained in the �rst level for a population of subjects and performs a

clustering after spatial normalization. It produces as output a modelcomposed by a list

of generic �ber bundles that can be detected in most of the population. Avalidation with

simulated datasets is applied in order to study the behavior of the inter-subject cluster-

ing over a population of subjects aligned with a�ne registration. The wh ole method was

applied to the tracts computed from HARDI data obtained for twelve adult b rains. A

novel HARDI multi-subject bundle atlas, representing the variability of the bundle shape

and position across subjects was thus inferred. The atlas includes 36 deep WM bundles,

some of these representing a few subdivisions of known WM tracts, and 94 short associ-

ation bundles of super�cial WM. Finally, we propose an automatic segmentation method

mapping this atlas to any new subject.
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R�esum�e (Fran�cais)

Chapitre 1: Introduction

La structure et l'organisation de la substance blanche n'est pas encoreconnue dans

sa totalit�e. Les �bres nerveuses connectent entre-elles les neurones des di��erentes r�egions

du cerveau pour former des r�eseaux plus ou moins complexes, �a l'origine de toutes les

fonctions c�er�ebrales. Connâ�tre la carte de la connectivit�e anatomique c�er�ebrale est alors

un grand d�e�, du plus grand int�erêt pour comprendre le fonctionnem ent du cerveau et

�etudier nombreuses pathologies.

L'imagerie par r�esonance magn�etique de di�usion (IRMd) o�re une appro che unique

pour �etudier in vivo la structure du tissu c�er�ebral. Elle permet de reconstruire �a travers

la tractographie les trajectoires des faisceaux de �bres du cerveau de fa�con non-invasive.

Le mod�ele de di�usion le plus utilis�e jusqu'�a pr�esent est l e tenseur de di�usion (DTI),

qui a permis le d�eveloppement d'�etudes �a la fois dans le domaineclinique et dans la re-

cherche plus fondamentale. C'est ainsi que les long faisceaux d'association de la substance

blanche ont �et�e �etudi�es chez le sujet sain et dans plusieurs maladies. Cependant la DTI pr�e-

sente quelques limitations au niveau de la repr�esentation de la con�guration des faisceaux

de �bres. Avec l'�emergence des IRMs plus puissantes, permettant des r�esolutions spatiales

plus �elev�ees, et des nouvelles techniques d'IRMd �a haute r�esolution angulaire (HARDI),

les donn�ees de tractographie sont aujourd'hui d'une meilleure qualit�e, mais, malgr�e ces

progr�es, ne sont pas d�epourvues d'artefacts. Ces donn�ees sont pluscomplexes et sont tr�es

volumineuses, avec plus d'un million de �bres pour le cerveau entier.

La quanti�cation des structures d�e�nies par la tractographie et, en p articulier, l'ex-

traction des faisceaux de �bres reste un probl�eme non r�esolu. Depuis le d�eveloppement

de la tractographie, plusieurs m�ethodes ont �et�e propos�ees pour segmenter les faisceaux de

fa�con automatique. Pour l'instant, la m�ethode la plus fr�equemme nt utilis�ee n�ecessite de

multiples r�egions d'int�erêt (ROI). Cette m�ethode est une m�ethode guid�ee, dans laquelle

on e�ectue la tractographie des �bres en partant de graines situ�ees dans une ROI pr�ed�e-

�nie, ou dans tout le cerveau, et on pr�eserve seulement les �bres qui touchent d'autres

ROI pr�ed�e�nies. D'autres approches utilisent des atlas des di��erentes r�egions du cerveau

pour extraire les faisceaux connus, reposant sur la qualit�e du recalageentre les donn�ees

de di�usion et l'atlas anatomique. D'autres m�ethodes cherchent �a regrouper et classi�er
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automatiquement l'ensemble de �bres g�en�er�e par la tractographie en utilisant une mesure

de distance entre les �bres. Une des grandes di�cult�es de ces approches c'est la taille des

donn�ees, laquelle rend actuellement impossible un traitement su�samment performant qui

consid�ere la totalit�e des donn�ees. Les approches propos�ees utilisent alors des �echantillons

des �bres ou desa priori qui permettent de r�eduire les donn�ees ou de subdiviser le pro-

bl�eme. Ces m�ethodes, en g�en�eral cherchent �a retrouver les faisceaux les plus connus, mais

il existe une grande quantit�e de faisceaux qui n'ont pas encore �et�e�etudi�es en profondeur,

et qui pr�esentent une �enorme variabilit�e entre les sujets, d 'o�u la di�cult�e de leur �etude.

Quant �a l'analyse inter-sujet, plusieurs m�ethodes d'alignement ont �et�e propos�ees, ainsi

que plusieurs descripteurs de forme des faisceaux, mais le probl�eme de comparaison des

faisceaux entre sujets reste encore ouvert.

Cette th�ese vise �a regrouper les trajectoires putatives des �bres en faisceaux coh�erents.

Le regroupement est r�ealis�e dans un premier temps sujet par sujet, en utilisant une

m�ethode robuste, capable d'analyser des jeux de donn�ees tr�es grands, contenant plus d'un

million de �bres. Elle permet d'obtenir pour chaque sujet quelques milliers de faisceaux

des �bres repr�esentant l'ensemble des donn�ees. Puis dans un second temps, les faisceaux

obtenus sont compar�es �a travers une population de sujets a�n d'inf�erer un mod�ele, qui

repr�esente une hi�erarchie de la structure de la substance blanche, compos�ee par des

centaines de faisceaux des �bres, pr�esents dans la plupart des sujets. Un atlas HARDI

multi-sujet est ainsi cr�e�e, contenant la plupart des faisceaux connus de la substance

blanche, ainsi qu'une centaine de faisceaux courts d'association, tr�es peu �etudi�es jusqu'�a

maintenant.

Dans cette th�ese, nous pr�esentons d'abord le contexte g�en�eral dans lequel s'inscrit

notre travail. Le chapitre 1 pr�esente les principaux concepts concernant l'anatomie du

cerveau, le tissu nerveux et l'organisation de la substance blanche.Le chapitre 2 d�eveloppe

bri�evement les principes de l'IRMd et de la tractographie. Le chapitre 3 d�ecrit l'�etat de

l'art des m�ethodes de regroupement et classi�cation des �bres de la substance blanche.

Ensuite, les m�ethodes d�evelopp�ees au cours de cette th�ese sont d�etaill�ees. Le chapitre

4 pr�esente la m�ethode de regroupement de �bres intra-sujet, ainsi que les validations

e�ectu�ees, les r�esultats obtenus et des exemples d'application. Le chapitre 5 d�ecrit ensuite

la m�ethode d�evelopp�ee pour cr�eer un mod�ele des faisceaux de�bres du cerveau humain,

ainsi que l'atlas multi-sujet obtenu. Le chapitre 6 pr�esente une m�ethode automatique de

segmentation des faisceaux connus et des faisceaux d'association courts�a partir de l'atlas

multi-sujet d�evelopp�e. Nous �nalisons par la conclusion, en discutant les contributions et

les perspectives de ce travail r�ealis�e.
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Chapitre 2: Tissu Nerveux et Mati�ere Blanche

Le cerveau humain

Le cerveau humain est un des organes les plus importants et complexes ducorps hu-

main. Depuis plus d'une centaine d'ann�ees, la compr�ehension deson organisation et de sa

fonction a pr�esent�e un int�erêt fondamental pour la neurologie et l es neurosciences.

Le cerveau contrôle le syst�eme nerveux central (SNC) et le syst�eme nerveux p�eriph�e-

rique et r�egule toutes les activit�es humaines. A grande �echelle, le cerveau humain est

compos�e par di��erents �el�ements comme du sang, du liquide c�eph alo-rachidien, de la sub-

stance blanche et de la substance grise. A cause de l'apparence du tissu c�er�ebral, les aires

riches en corps neuronaux et en cellules gliales sont appel�eessubstance grise, alors que les

aires contenant principalement des axones my�elinis�es et des cellules gliales sont appel�ees

substance blanche. Ces �el�ements pr�esentent aussi des contrastes di��erents dans une image

de r�esonance magn�etique (IRM) anatomique de contraste T1 (voir Figure 1 A).

Figure 1: Coupes coronales du cerveau humain.A pr�esente une coupe coronale d'une IRM anatomique
T1, alors queB pr�esente une coupe histologique. La substance blanche apparâ�t en couleur blanche �a
l'int�erieur du cerveau. Le cortex de substance grise est la couche grise qui entoure le cerveau.C illustre
les principales structures du cerveau dans une coupe coronale. [Figure adapt�ee deHasboun(2007)].
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Le cerveau peut être divis�e en trois parties: let�elenc�ephale, compos�e par les deux h�e-

misph�eres c�er�ebraux, le dienc�ephale, compos�e par des structures localis�ees dans le cerveau

profond et le tronc c�er�ebral , compos�e par la m�lle allong�ee, le pont et le m�esenc�ephale.

Les h�emisph�eres c�er�ebraux contiennent le cortex c�er�ebral , une couche de substance

grise localis�ee dans la surface du cerveau. Le cortex c�er�ebral estla structure la plus im-

portante de la substance grise et joue un rôle majeur dans les fonctions cognitives. Les

h�emisph�eres c�er�ebraux sont concern�es premi�erement par l es processus sensoriels et mo-

teurs du côt�e controlat�eral du corps. Chaque h�emisph�ere du cort ex c�er�ebral est divis�e en

cinq lobes: frontal, pari�etal, occipital, temporal et insulaire. Chaque lobe a �et�e associ�e avec

di��erentes fonctions qui vont du raisonnement jusqu'�a la perce ption auditive. Les lobes des

deux h�emisph�eres, bien que tr�es similaires dans leur structure, ne sont pas compl�etement

sym�etriques, et ne sont pas �equivalents dans leur fonction. Les lobes pr�esentent plusieurs

sillons et convolutions, dont les plus pro�eminents sont tr�es similaires entre les individus et

ont des noms sp�eci�ques.

A l'int�erieur, le cerveau contient un syst�eme ventriculaire, constitu�e de quatre cavit�es

ou ventricules contenant du liquide c�ephalo-rachidien, qui se continue avec le canal central

et la m�lle �epini�ere.

Les noyaux gris centraux (NGC) sont des noyaux de substance grise localis�es dans

la profondeur du cerveau, de fa�con sym�etrique, entre les deux h�emisph�eres. Les princi-

paux NGC sont le noyau caud�e, le putamen, le globus pallidus, la substance noire et le

noyau sous-thalamique. Toutes ces structures forment un syst�emepr�esentant des multiples

connexions entre eux, et avec le cortex, le thalamus et le cervelet. Un traitement paral-

l�ele est ainsi ex�ecut�e pour permettre la plani�cation, l'ex�e cution et la coordination des

mouvements des yeux et des membres.

Les thalami, localis�es de fa�con sym�etrique sur le tronc c�er�ebral, traite nt et servent de

point de relais de l'information sensorielle et motrice. Ils sont la porte d'entr�ee au cortex

pour la majorit�e des in
ux provenant de l'ensemble du syst�eme nerveux. Les thalami

sont fortement connect�es aux di��erentes r�egions du cortex, et se connectent aussi avec

l'hypothalamus, les NGC, le cervelet et la m�lle �epini�ere.

Le tissu c�er�ebral

Les cellules du syst�eme nerveux sont principalement de deux types: les cellules nerveuses

ou neurones et les cellules gliales ouneuroglia.

Les cellules gliales soutiennent, nourrissent et prot�egent les neurones, maintiennent leur

hom�eostasie et les rendent plus e�caces.

Les neurones sont des �el�ements fondamentaux dans le syst�eme nerveux central. Ils as-

surent la transmission d'un signal bio�electrique appel�e in
ux nerveux . Ils ont la capacit�e de

r�epondre aux stimulations en les convertissant en impulsions nerveuses pour transporter

l'information depuis une r�egion �a une autre du corps, en formant un r�eseau tr�es complexe.

Un neurone est constitu�e d'un corps cellulaire ousoma, et de deux types de prolongements,

les dendrites et l' axone. Les dendrites sont des prolongements courts et tr�es rami��es qui

xx



re�coivent et int�egrent l'information entrante. Les axones (normalem ent un par neurone)

pr�esentent un diam�etre relativement uniforme et peuvent avoi r une longueur de entre 1 mm

�a plus d'un m�etre. Ils distribuent les impulsions vers les autres cellules sans att�enuation.

Les neurones communiquent entre eux �a travers des contacts sp�ecialis�es appel�es synapses.

Dans le SNC, l'axone est entour�e par une gaine demy�eline , form�ee par une prolongation

d'un oligodendrocyte, un type particulier de cellule gliale. La my�eline pr�esente des interrup-

tions le long de l'axone, appel�eesn�uds de Ranvier , qui aident �a augmenter la vitesse de

transmission de l'impulsion nerveuse (conduction saltatoire). Les axones de la substance

blanche, appel�es�bre nerveuses, sont souvent regroup�es en paquets tr�es compacts et orga-

nis�es en faisceaux de �bres. Le principal enjeux de cette th�eseest l'inf�erence d'un mod�ele

des faisceaux de �bres de la substance blanche du cerveau humain �a partir de l'imagerie

de r�esonance magn�etique de di�usion �a haute r�esolution angulaire.

Organisation de la substance blanche

La substance blanche est compos�ee par les axones my�elinis�es qui connectent entre elles

les di��erentes r�egions de substance grise du cerveau pour transmettre les impulsions ner-

veuses entre neurones. Dans les h�emisph�eres, la substance blanche se retrouve entre le

cortex c�er�ebral et la substance grise sous-corticale. Elle est compos�ee de �bres courtes

super�cielles, qui suivent les contours du cortex et de �bres longues, regroup�ees en fais-

ceaux, localis�ees dans les r�egions plus profondes. Comme r�egle g�en�erale, le nombre de �bres

d'un certain rang de longueurs est inversement proportionnel �a leur longueur [Sch•uz and

Braitenberg (2002)].

Les principaux faisceaux sont regroup�es selon les structures qu'ils connectent: desfais-

ceaux commissuraux, qui connectent entre-elles des r�egions des deux h�emisph�eres, desfais-

ceaux d'association, qui connectent entre-elles des r�egions du cortex d'un même h�emisph�ere,

et des faisceaux de projection, qui connectent le cortex avec les centres sous-corticaux et

la m�lle �epini�ere. Une description des faisceaux de �bres les plus connus est pr�esent�ee ci-

dessous, fond�ee principalement sur les articles deCatani and Thiebaut de Schotten (2008);

Aralasmak et al. (2006); Jellison et al. (2004).

Faisceaux d'association

Faisceau arqu�e: c'est un faisceau compos�e de �bres associatives courtes et longues,

connectant le cortex perisylvien des lobes frontal, pari�etal et temporal. Pour la plu-

part des personnes, le faisceau arqu�e de l'h�emisph�ere gauche estimpliqu�e dans le

langage, tandis que le faisceau arqu�e droit est souvent impliqu�e dans le traitement

visuo-spatial et autres aspects du langage, comme la prosodie et la s�emantique.

Cingulum: c'est un faisceau associatif m�edial, qui se localise le long du gyruscingulaire,

tout autour du corps calleux. Il est constitu�e de �bres de di��eren tes longueurs, qui

se distribuent entre le gyrus temporal ant�erieur et le cortex orbito-frontal. Les �bres

courtes, de forme en U, connectent les lobes frontal, pari�etal, occipital et temporal, et
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di��erentes portions du cortex cingulaire. Le cingulum fait partie du syst�eme limbique

et est impliqu�e dans l'attention, la m�emoire et les �emotions.

Faisceau longitudinal inf�erieur: c'est un faisceau associatif ventral compos�e de �bres

courtes et longues, connectant les lobes occipital et temporal. Les �bres longues

sont plus m�ediales que les courtes. Il connecte les aires visuelles avec l'amygdale

et l'hippocampe et est impliqu�e dans la reconnaissance des visages, la perception

visuelle, la lecture, la m�emoire visuelle et autres fonctions reli�ees avec le langage.

Faisceau uncin�e: c'est un faisceau associatif ventral qui connecte le lobe temporal avec

le cortex orbito-frontal m�edial et lat�eral. Ce faisceau est consid�er �e comme une partie

du syst�eme limbique, et semble être impliqu�e dans le traitement des �emotions, de la

m�emoire et du langage.

Faisceau fronto-occipital inf�erieur: c'est un faisceau associatif ventral qui connecte le

lobe occipital ventral avec le cortex orbito-frontal. Il est possiblequ'il soit impliqu�e

dans la lecture, l'attention et le traitement visuel. Chez les humains, il repr�esente les

seules connexions directes entre les lobes occipital et frontal.

Fibres d'association courtes: ce sont des �bres souvent appel�ees�bres en U, situ�ees

en dessous de la substance grise du cortex, et qui connectent des gyri adjacents.

Ces �bres se localisent dans la substance blanche super�cielle,entre la substance

blanche profonde et le cortex. Jusqu'�a pr�esent, ces �bres n'ont pas �et�e bien caract�e-

ris�ees dans la litt�erature. Leur localisation, nombre, trajectoi res et fonctions ne sont

pas su�samment d�e�nis. Seulement deux travaux ont �etudi�es ce s faisceaux �a partir

d'une analyse de groupe en utilisant une approche volum�etrique, s'appuyant sur une

normalisation lin�eaire [ Oishi et al. (2008)] ou non-lin�eaire [Zhang et al. (2010)] du

cerveau.

Faisceaux commissuraux

Corps calleux: c'est le plus grand faisceau du cerveau humain, qui connecte les h�emi-

sph�eres c�er�ebraux droit et gauche. Il est conventionnellement divis�e en quatre sec-

tions: le genou, connectant les r�egions frontales m�ediales et lat�erales, le rostrum,

connectant les r�egions orbito-frontales, lecorps, qui passe �a travers de la couronne

rayonnante et qui connecte les r�egions frontales pr�ecentrales et les lobes pari�etaux, et

le splenium, qui connecte les lobes occipitaux. Il est impliqu�e dans plusieurs fonctions

motrices, sensorielles et cognitives.

Commissure ant�erieure: c'est un petit faisceau qui connecte les lobes temporaux des

deux h�emisph�eres au niveau de l'amygdale. Ses fonctions sont peu connues.

Commissure post�erieure: c'est un petit faisceau qui connecte les noyaux des nerfs crâ-

niens, et les deux moiti�es du m�esenc�ephale et du dienc�ephale. Il est tr�es rarement

reconstruit �a partie de l'IRMd.
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Figure 2: Les principaux faisceaux de la substance blanche d�ecrits dans la litt�erature, obtenus en
utilisant de la tractographie d�eterministe sur un champ de tenseur de di�usion.Faisceaux commissu-
raux: commissure ant�erieure et corps calleux.Faisceaux de projection: Faisceau corticospinal, capsule
interne/couronne rayonnante et fornix.Faisceaux d'association longs: faisceau arqu�e, faisceau lon-
gitudinal inf�erieur, faisceau fronto-occipital inf�erieur, faisceau uncin�e et cingulum. [Figure adapt�ee de
Catani and Thiebaut de Schotten(2008)].

Faisceaux de projection

Ces faisceaux connectent les aires corticales avec les structuressous-corticales et la m�lle

�epini�ere. Ils contiennent des �bres a��erentes, qui re�coiv ent des informations sensorielles

et des �bres e��erentes, qui envoient des commandes motrices. Dans la profondeur des

deux h�emisph�eres, les �bres de projection constituent, avec les �bres thalamo-corticales,

la couronne rayonnante et la capsule interne.

Faisceau corticospinal: ce faisceau, appel�e aussifaisceau pyramidal, est une collection

massive d'axones qui vont du cortex �a la m�lle �epini�ere. Il conti ent principalement

des axones moteurs provenant du cortex sensorimoteur primaire et du cortex pr�e-

moteur. Il passe �a travers la couronne rayonnante, la capsule interne, le p�edoncule

c�er�ebelleux et les r�egions pyramidales (m�lle allong�ee).

xxiii



Radiations thalamiques: elles sont compos�ees des �bres cortico-thalamiques et

thalamo-corticales qui forment un �eventail plus ou moins continu. Ces �bres pro-

viennent des noyaux thalamiques, lesquels se projettent vers une ou quelques r�egions

corticales bien d�e�nies. Les radiations thalamiques sont souvent regroup�ees en quatre

sous-groupes:ant�erieur (frontal), sup�erieur (pari�etal), inf�erieur (temporal) et post�e-

rieur (occipital). Les radiations optiques se projettent vers le cortex visuel primaire

tandis que les radiations acoustiques se projettent vers le lobe temporal.

Fornix: c'est une commissure intra- et inter-h�emisph�erique plac�ee sous le corps calleux.

Il relie l'hippocampe et le corps mamillaire dans chaque h�emisph�ere. En avant, il est

form�e de deux colonnes (piliers ant�erieurs ) qui arrivent jusqu'aux corps mamillaires.

Ces piliers sont accol�es vers l'arri�ere dans la partie moyenne, appel�ee le corps du

fornix. En arri�ere il se divise en deux piliers post�erieurs qui �nalement longent l'hip-

pocampe en formant un �n faisceau appel�e�mbria . Le fornix appartient au syst�eme

limbique et est impliqu�e dans la m�emoire.

Faisceaux c�er�ebelleux: connectent le cervelet aux autres r�egions du cerveau. Il existe

trois types: p�edoncules c�er�ebelleux inf�erieurs, p�edonc ules c�er�ebelleux moyens et p�e-

doncules c�er�ebelleux sup�erieurs.

La Figure 2 pr�esente des reconstructions des faisceaux de �bres les plus connus �a partir

de l'IRMd.

Chapitre 3: Principes de l'IRM de Di�usion

Le ph�enom�ene de di�usion est produit par le mouvement brownien des mol�ecules

d'eau [Brown (1828)]. Dans un milieu isotrope, i. e. o�u la di�usion est la même dans toutes

les directions, chaque mol�ecule d�ecrit une marche al�eatoire dansl'espace 3D. Pour une

di�usion libre, le libre parcours moyen des mol�ecules d�epend du temps de di�usion et du

coe�cient de di�usion D [Einstein (1956)]. Pour une di�usion isotrope, le parcours moyen

d�epend du milieu (prot�eines, membranes), mais pas de la direction.

L'IRM de di�usion (IRMd) ne mesure pas directement le coe�cient de di�usion, mais le

d�eplacement moyen des mol�ecules d'eau dans chaque voxel. La pr�esence de membranes, in-

clusions et macromol�ecules dans les tissus entrave la marche al�eatoire des mol�ecules d'eau.

Le parcours moyen mesur�e est alors inf�erieur �a celui d'un milieu libre, ce qui donne un co-

e�cient de di�usion inf�erieur, appel�e coe�cient de di�usion apparent ou ADC [Le Bihan

et al. (1986)].

Dans le tissu c�er�ebral, la di�usion des mol�ecules est restreinte dans l'espace intracel-

lulaire et entrav�ee dans l'espace extracellulaire. La di�usion est anisotrope si les obstacles

environnants sont di��erents selon la direction de di�usion. Cel�a est le cas pour la sub-

stance blanche, o�u les axones se regroupent de fa�con parall�ele en faisceaux, en privil�egiant

la di�usion dans le sens des �bres nerveuses.
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L'IRM de di�usion permet de mesurer indirectement la di�usion des mol�ecules d'eau

dans les tissus pour di��erentes directions. Elle permet ainsid'inf�erer des propri�et�es sur la

structure microscopique des tissus, comme l'ADC et l'anisotropie.

L'IRM conventionnelle repose sur les propri�et�es magn�etiques du noyau des atomes d'hy-

drog�ene, pr�esents dans les mol�ecules d'eau. Chaque atome d'hydrog�ene ou proton, poss�ede

un moment magn�etique nucl�eaire, appel�e spin. Les machines d'IRM pr�esentent un champ

magn�etique statique tr�es puissant ( B0), avec lequel les spins s'alignent, en pr�esentant un

mouvement de pr�ecession. La fr�equence de pr�ecession, appel�ee fr�equence de Larmor, est

directement proportionnelle �a B0. Un signal court de radiofr�equence �a la fr�equence de Lar-

mor est alors appliqu�e pour exciter les spins et changer leur aimantation. Le retour �a l'�etat

d'�equilibre des spins produit un signal de radiofr�equence, mesur�e par l'IRM. C'est cette

mesure qui renseigne sur les propri�et�es des di��erents tissus, notamment les constantes de

temps de relaxation des aimantations des spins. Une fois le signal acquis,la transform�ee

de Fourier inverse permet de r�ecup�erer l'image.

Pour encoder l'espace, l'IRM utilise trois champs magn�etiques appel�es gradients. L'ad-

dition des gradients au champ magn�etique statiqueB0 fait varier lin�eairement le champ

magn�etique sur tout le volume d'int�erêt, dans les trois directi ons orthogonales de l'espace.

La fr�equence de Larmor devient alors d�ependante de la position, ce qui permet l'encodage

spatial dans l'IRM. Dans la s�equence d'acquisition, les gradients sont appliqu�es de fa�con

�a �echantillonner l'espace de fr�equences (espacek), ce qui permet d'�echantillonner l'espace

3D: un gradient de s�election de coupe est appliqu�e en même temps que l'impulsion RF;

un autre gradient, de s�election de ligne, est appliqu�e apr�es l'impulsion RF et le troisi�eme

gradient est appliqu�e pendant la lecture du signal.

Les s�equences d'acquisitionecho de spinappliquent juste �a mi-temps, entre la premi�ere

impulsion RF et la lecture du signal, une deuxi�eme impulsion RF. Cette impulsion de

refocalisation a pour objectif de r�ealigner les spins d�ephas�es �a cause des inhomog�en�eit�es

du champs magn�etique, pour obtenir le signal le plus intense possible au moment de la

lecture.

Les s�equences d'IRM pond�er�ees en di�usion utilisent deux gradients additionnels, ap-

pel�es gradients de di�usion. Ces deux gradients successifs, courts et intenses donnent aux

protons un d�ephasage de la pr�ecession d�ependant de la position. Le premier gradient donne

�a la pr�ecession des protons une phase proportionnelle �a leur position dans la direction du

gradient. Le second gradient, exactement oppos�e au premier, donne aux protons un retard

de phase �equivalent. Les protons qui sont rest�es immobiles ne subissent pas de d�ephasage

et donc pas de perte du signal. Par contre, les protons qui se sont d�eplac�es entre l'applica-

tion des deux gradients subissent un d�ephasage non nul proportionnel �a leur d�eplacement

le long de l'axe des gradients. Ce d�ephasage produit une perte de la coh�erence du signal,

ce qui ce traduit en une r�eduction de l'amplitude du signal. Dans un voxel donn�e, plus la

di�usion est importante dans une direction, plus l'image sera obscure.

La s�equencePulse Gradient Spin Echo(PGSE) [Stejskal and Tanner (1965)] a permis

le d�eveloppement de l'IRMd. Elle utilise deux gradients de di� usion de courte dur�ee (� ),
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Figure 3: S�equence d'acquisitionPulse Gradient Spin Echo(PGSE). Deux gradients courts d'aire
similaire, dans ce cas d'amplitude et dur�ee similaire, sontutilis�es. [From Descoteaux(2008)].

s�epar�es par un intervalle de temps � (voir Figure 3). Si on assume que les gradients sont

in�niment courts, le signal mesur�e peut s'exprimer selon l'�eq uation:

f (x; y) = M 0

�
1 � e� T R

T 1

�
e� T E

T 2 e� bD ; (1)

o�u M 0 est la densit�e protonique du voxel, T1 et T2 sont les constantes de temps des

relaxations dans le tissu,T R est le temps de r�ep�etition de la s�equence,D est le coe�cient

de di�usion et le facteur b repr�esente la sensibilit�e �a la di�usion [ Le Bihan et al. (1986)].

Les variantes de la s�equence�echoplanaire (EPI), propos�ee par Mans�eld (1977), sont

les plus utilis�ees actuellement car elles sont beaucoup plus rapides que la s�equence PGSE.

Elles produisent cependant des distorsions g�eom�etriques dansl'image �a cause du train

d'acquisition tr�es long, pendant lequel toutes les erreurs d'encodage en phase s'accumulent.

Ces distorsions doivent être corrig�ees, en fonction du type, soitpar l'acquisition elle-même,

soit par un post-traitement. En plus, un autre post-traitement peut être appliqu�e pour

r�eduire le bruit Ricien, pr�esent dans les donn�ees de di�usi on.

Mod�eles locaux de di�usion

Dans des milieux isotropes, le coe�cient de di�usion est le mêmedans toutes les direc-

tions. Par contre, si le tissu est anisotrope, le signal change selon la direction des gradients

de di�usion.
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Le Tenseur de di�usion (DTI) permet de caract�eriser la di�usion en 3D [Basser et al.

(1994)]. C'est un mod�ele simple, qui assume une distribution gaussienne des d�eplacements

en 3D, tr�es utilis�e en clinique. Il mod�elise la di�usion par u ne matrice 3x3 sym�etrique et

d�e�nie-positive, qui peut se repr�esenter dans l'espace par unellipso•�de.

Le tenseur est caract�eris�e par trois vecteurs propres, qui repr�esentent les trois directions

orthogonales de di�usion, qui sont aussi les trois axes principaux de l'ellipso•�de. La direction

principale de di�usion sera la direction du vecteur propre associ�e �a la valeur propre la plus

�elev�ee. Une di�usion isotrope sera repr�esent�ee par une sph�ere, par contre, plus la di�usion

est anisotrope et plus l'ellipso•�de sera allong�e (voir Figure 4).

Figure 4: Imagerie du Tenseur de Di�usion (DTI).A: Le tenseur de di�usion peut être repr�esent�e
par un ellipso•�de. Dans des tissus structur�es comme les �bres nerveuses, la di�usion est anisotrope, en
pr�esentant une orientation privil�egi�ee de di�usion, dans la direction des �bres. L'ellipso•�de repr�esente la
di�usivit�e parall�ele ou axiale (� ==, � 1) et la di�usivit�e perpendiculaire ou radiale des �bres (� ? , � 2;3).
[Figure adapt�ee deJohansen-Berg and Behrens(2009)]. B: Exemples d'ellipso•�des avec une di�usivit�e
moyenne (MD) similaire (0:7� 10� 3 mm2/s) et une anisotropie fractionnelle (FA) di��erente.C: Exemple
d'images de di�usivit�e moyenne et d'anisotropie fractionnelle. D: A gauche, une image de MD avec la
superposition des ellipso•�des, pour une ROI. A droite, un zoom de la ROI. [Figures adapt�eesde Arsigny
(2006)].

Des cartes de mesures scalaires peuvent être calcul�ees �a partir des tenseurs. Les valeurs

les plus connues sont la di�usivit�e moyenne (MD), l'anisotropie fractionnelle (FA), la di�u-

sivit�e parall�ele � == et la di�usivit�e perpendiculaire ( � ? ). Ces mesures, notamment la MD

et la FA, sont tr�es utilis�ees dans les analyses de groupes pour caract�eriser les propri�et�es

de di�usion des di��erentes populations.

Un minimum de 6 images pond�er�ees en di�usion (avec di��erentes d irections de di�u-

sion) est n�ecessaire pour estimer les tenseurs, plus une image sans pond�eration en di�usion,

appel�ee B0, qui sert de r�ef�erence. En pratique entre 12 et 30 images sont acquises pour

augmenter la robustesse de l'estimation.

Le mod�ele du tenseur de di�usion est robuste et simple, mais il est fond�e sur une
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hypoth�ese tr�es forte de di�usion libre, ne pouvant repr�esente r qu'une population de �bres.

Des con�gurations plus complexes, comme des croisements de plusieurs populations de

�bres seront mal repr�esent�ees, comme l'illustre la Figure 5. C'est ainsi que d'autres mod�eles

plus complexes ont �et�e propos�es, n�ecessitant des acquisitionsplus longues, avec un nombre

plus �elev�e de directions de di�usion.

L'Imagerie de Di�usion �a Haute R�esolution Angulaire (HARDI) a �et�e d�eve-

lopp�ee fortement ces derni�eres ann�ees, grâce �a sa meilleuremod�elisation de la di�usion.

Elle permet de distinguer les croisements de �bres �a l'int�erieur d'un voxel. Di��erentes

techniques ont �et�e propos�ees, avec ou sans mod�ele de di�usion.Elles varient aussi dans le

nombre d'acquisitions requises et la puissance du gradient (facteur b).

Figure 5: Illustration de l'e�et de volume partiel dans un voxel,pour deux populations de �bres repr�e-
sentant une con�guration de croisement de �bres �a 90� . Le tenseur de di�usion aura une forme plate,
avec une direction principale de di�usion ind�etermin�ee. Lafonction de distribution des orientations des
�bres (fODF) est compos�e de deux "spikes", align�es avec les orientations des deux populations des �bres.
[Adapt�ee de Poupon(1999b)].

Les techniques avec mod�ele utilisent des hypoth�eses sur lestypes de populations pr�e-

sentes dans chaque voxel. Les mod�eles les plus connus sont: le mod�ele multi-tensoriel [Tuch

(2002)], le mod�ele \Ball and stick" [Behrens et al.(2003)] et le mod�ele Composite hindered

and restricted model of di�usion (CHARMED).

Les techniques sans mod�ele cherchent �a estimer lafonction de distribution des orien-

tations des �bres (fODF), repr�esentant la distribution de probabilit�e des orien tations des

�bres pour chaque voxel. Quelques techniques reconstruisent la fonction de distribution

des orientations de di�usion (dODF), repr�esentant la distribution de probabilit�e de dif-

fusion. C'est le cas del'imagerie du spectre de di�usion (DSI) [Wedeen et al. (2000)].

Cette technique fait un �echantillonnage cart�esien de l'espaceq, pour di��erentes directions

de di�usion et di��erentes valeurs de b. Elle permet alors une bonne reconstruction des

croisements de �bres mais n�ecessite des temps d'acquisitions tr�es longs et des gradients

tr�es puissants. D'autres techniques ont besoin d'un nombre plusraisonnable d'acquisitions.

C'est le cas duq-ball num�erique (QBI) [ Tuch (2004)] et du q-ball analytique [Descoteaux

et al. (2007)], lesquels font aussi une estimation de la dODF mais �a partir d'acquisitions

pour seulement une valeur deb (single-shell). D'autres m�ethodes, comme lad�econvolution
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sph�erique [Tournier et al. (2004)] ou la D�econvolution sph�erique de l'ODF [Descoteaux

et al. (2009b)], recup�erent directement la fODF en d�econvoluant le signal par la fonction

r�eponse d'une �bre. La fODF pr�esente une meilleure r�esoluti on angulaire que l'ODF de

di�usion.

Tractographie par l'IRM de di�usion

La tractographie utilise l'information donn�ee par les mod�eles locaux de di�usion pour

inf�erer la connectivit�e anatomique du cerveau. C'est jusqu'�a pr�esent la seule techniquenon-

invasive capable d'�etudier chez l'homme les faisceaux de �bre de la substance blanche.

La tractographie de type \streamline" [ Basser et al.(2000)] reconstruit les trajectoires

des �bres �a partir d'un point (ou graine), en suivant pas �a pas, la ou le s directions les plus

probables, donn�ees par le mod�ele de di�usion. Chaque �bre est normalement suivie dans

les deux sens, �a partir de chaque graine. L'algorithme utilise di��erents crit�eres d'arrêt,

comme un seuil sur la courbature maximale entre deux points et un masque de tracto-

graphie, dans lequel les �bres peuvent être calcul�ees. Deux types d'approches peuvent

être utilis�ees: d�eterministe ou probabiliste. Des exemples de tractographie d�eterministe

et probabiliste de type \streamline" sont illustr�es dans la Figure 6. La tractographie

d�eterministe suit la direction de di�usion la plus probable tand is que la tractographie

probabiliste tire al�eatoirement la direction dans un cône d'axe de la direction incidente

[Perrin et al. (2005a)]. L'approche appel�ee \tractographie du cerveau entier" met des

graines partout dans le cerveau en permettant la reconstruction de l'ensemble des �bres

du cerveau. Ces �bres repr�esentent les trajectoires des faisceaux de �bres de la substance

blanche mais ne repr�esentent pas de vraies �bres nerveuses. Elles sont aussi susceptibles

de pr�esenter des artefacts dus aux incertitudes des donn�ees dedi�usion et aux d�efauts du

masque de tractographie. Malgr�e ces inconv�enients, en g�en�eral, la tractographie permet

de reconstruire les long faisceaux de �bres connus. En plus, en prenant un soin particulier

dans toutes les les �etapes n�ecessaires �a la reconstruction des �bres (correction des

distorsions, d�ebruitage, mod�ele HARDI, masque de tractographie �a partir de l'image T1,

bon recalage entre les images T1 et T2), plusieurs faisceaux d'association courts (�bres

en U) peuvent aussi être reconstruits. �Etant peu �etudi�es jusqu'�a pr�esent, ces faisceaux

pr�esentent un int�erêt particulier.

Chapitre 4: M�ethodes de Classi�cation de la Mati�ere Blanche

Recalage des cerveaux �a travers les sujets

L'�etude des structures anatomiques ou des propri�et�es de la di�u sion dans un groupe

de sujets n�ecessite une correspondance entre les individus. Lacorrespondance se d�e�nit

entre images ou entre r�egions d'int�erêt, comme des sillons ou des faisceaux de la substance
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Figure 6: Exemples de tractographie d�eterministe et probabiliste de type \streamline", en utilisant des
fODF estim�ees en utilisant la d�econvolution sph�erique des dODF �a partir du QBI [Descoteaux et al.
(2009b)]. La premi�ere ligne montre les �bres (en bleu), passant �a travers la ROI en rouge, localis�ee dans
le gyrus post-central. La deuxi�eme ligne illustre les r�esultats avec des maillages de densit�es des �bres
semi-transparents, pour les densit�es suivantes: 0.04%, 0.4% et 1.9%.

blanche. Le recalage lin�eaire est limit�e a des transformations globales (translations,

rotations, mise �a l'�echelle et cisaillements). Ces transfomations, avec peu de degr�es de

libert�e, sont robustes et permettent un bon recalage entre des images d'un même sujet.

Elles arrivent aussi �a ajuster la position et la forme g�en�erale entre les sujets, mais des

di��erences subsistent �a petite �echelle. Le recalage non-lin�eaire applique des d�eformations

locales, avec peu de degr�es de libert�e, pour un recalage grossier etbeaucoup de degr�es

de libert�e pour des d�eformations locales plus complexes et d�etaill�ees. Le recalage avec

beaucoup de degr�es de libert�e doit être appliqu�e avec pr�ecaution car les images peuvent être

tr�es d�eform�ees, jusqu'�a parâ�tre tr�es similaires entre elles, mais sans atteindre l'homologie

structurelle globale.

L'�etat de l'art des m�ethodes de classi�cation des faisceaux des � bres

Plusieurs strat�egies ont �et�e propos�ees pour segmenter un jeu de�bres issu de la trac-

tographie. Elles sont fond�ees sur di��erentes m�ethodes de classi�cation ainsi que sur des a

priori anatomiques. Elles di��erent aussi dans les strat�egies pour trouverla correspondance

entre �bres appartenant �a di��erent sujets. La strat�egie la plus simple pour segmenter les

donn�ees issues de la tractographie est fond�ee sur des r�egions d'int�erêt. Ces r�egions sont uti-

lis�ees pour s�electionner ou exclure les �bres de fa�con plus ou moins interactive pour chaque

sujet, a�n de reconstruire les faisceaux connus [Wakana et al. (2007); Catani and Thie-

baut de Schotten (2008)]. Cette approche a �et�e utilis�ee pour cr�eer des atlas des faisceaux

de �bres �a partir d'un seul sujet [ Mori et al. (2005); Lawes et al. (2008)]. Une extension

int�eressante de cette approche consiste, en utilisant un groupe de sujets, �a g�en�erer des

cartes probabilistes des faisceaux de �bres dans un espace normalis�e[Hua et al. (2008)].

Un groupe de ROIs peut alors être d�e�ni pour r�ecup�erer les mêmes faisceaux chez d'autres

sujets. Plus r�ecemment, des m�ethodes fond�ees sur des atlas de ROIs dans un espace nor-

malis�e ont �et�e propos�ees pour extraire des faisceaux connus et plusieurs �bres d'association
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courtes en utilisant des donn�ees provenant d'un groupe de sujets [Oishi et al. (2008); Zhang

et al. (2010)]. Ces m�ethodes se sont aver�ees tr�es puissantes mais elles reposent fortement

sur la performance de la m�ethode de recalage. En plus, elles ne fontpas d'analyses sur la

forme des faisceaux.

D'autres m�ethodes d�e�nissent les faisceaux de �bres �a partir d'une classi�cation des

voxels, reposant sur des mesures de similarit�e entre les donn�ees de di�usion locales [Bazin

et al. (2009); Wassermann et al.(2008)]. Des strat�egies interm�ediaires regroupent les voxels

de la substance blanche en fonction d'une mesure de similarit�e entre voxels calcul�ee entre

les �bres qui les connectent [El Kouby et al. (2005); Wang et al. (2011)]. Ces approches

fond�ees sur les voxels, utilisent leur segmentation de la substance blanche pour extraire des

groupes de �bres d'une fa�con qui passe �a l'�echelle sans di�cult�e. Cependant, en fonction

de la complexit�e des donn�ees et des r�esultats recherch�es, d'autres pr�e- et post- traitements

peuvent être n�ecessaires.

Finalement, d'autres m�ethodes regroupent les �bres directement dans leur espace, en

utilisant une mesure de similarit�e entre les �bres [Ding et al. (2003); Corouge et al.(2004);

Gerig et al. (2004); Brun et al. (2004); O'Donnell et al. (2006); Visser et al. (2011)]. Cette

strat�egie peut int�egrer des connaissancesa priori sous la forme de mod�eles des faisceaux

[Maddah et al. (2005); O'Donnell and Westin (2007)]. D'autres m�ethodes hybrides propo-

s�ees r�ecemment extraient les faisceaux de �bres �a travers lacombinaison des informations

a priori , donn�ees par un atlas de la substance grise et blanche, et un regroupement des

�bres fond�e sur une mesure de similarit�e entre les �bres [Wassermann et al.(2010a); Li

et al. (2010)].

Les m�ethodes de classi�cation des �bres qui utilisent une distance (ou une similarit�e)

entre les �bres se sont av�er�ees être un outil puissant pour l'�etude de la structure des �bres

issues de la tractographie. Ces m�ethodes permettent de segmenter les �bres en groupes

de �bres constitu�es de �bres pr�esentant des formes et des positions �a peu pr�es similaires.

Ces m�ethodes peuvent être analys�ees selon di��erents pointsde vues. Nous pr�esentons ci-

dessous les principaux aspects analys�es: algorithme de classi�cation, mesure de distance,

donn�ees de sortie et taille des donn�ees. Les Tableaux1 et 2 contiennent un r�esum�e de tous

les aspects analys�es.

Algorithme de classi�cation: di��erentes m�ethodes de classi�cation ( clustering en

anglais) ont �et�e utilis�ees. En g�en�eral, les m�ethodes de clas si�cation non-supervis�ees re-

groupent des �el�ements en fonction d'une mesure de similarit�e sans utiliser des donn�ees

�etiquet�es [ Jain and Dubes (1988); Jain (2010)]. Elles ont besoin du calcul de la distance

entre toutes les paires d'�el�ements, ce qui peut être tr�es couteux pour des grands jeux de

donn�ees. Ces m�ethodes peuvent être de typepartitionnel ou hi�erarchique.

Les m�ethodes de type partitionnel cherchent �a trouver directement une partition des

�el�ements, en optimisant un certain crit�ere. Le nombre de groupes est souvent un param�etre

�a sp�eci�er, ce qui peut être une limitation. Les m�ethodes re posent sur di��erents principes,

comme un crit�ere des moindres carr�es (e. g. lesk-moyennes[MacQueen(1967)]), la th�eo-
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ries des graphes (e. g. le regroupement spectral avec coupes normalis�ees [Shi and Malik

(2000)]), la d�ecomposition de m�elange de distributions (e. g. le regroupement fond�es sur

des processus de Dirichlet [Blei et al. (2003)]), entre autres.

Les m�ethodes hi�erarchiques [Johnson (1967)] sont souvent aglom�eratives, o�u chaque

�el�ement est consid�er�e au d�ebut comme un groupe s�epar�e, et apr �es dans chaque pas, les

groupes les plus similaires sont fusionn�es, pour former �nalement un arbre hi�erarchique.

L'arbre peut être repr�esent�e par un graphe appel�e dendrogramme, qui repr�esente toutes

les fusions. Une fois l'arbre calcul�e, une partition plate ou adaptative peut être d�e�nie

en fonction de di��erents crit�eres, comme la distance entre les �el�ements d'un groupe ou la

distance entre les groupes. Le nombre de groupes n'est pas alors une valeur �a d�e�nir a

priori .

Les groupes r�esultant de l'application d'une m�ethode de classi�cation sont tr�es d�epen-

dants de la m�ethode de classi�cation choisie, de la mesure de similarit�e et de la nature

des donn�ees. C'est une tâche tr�es complexe car les groupes peuvent pr�esenter di��erentes

formes, tailles et densit�es, en plus de la pr�esence du bruit,qui rend la d�etection des groupes

plus di�cile. Pour avoir les r�esultats esp�er�es, des connaissances sur les caract�eristiques et

la structure des donn�ees sont n�ecessaires [Jain (2010)].

Mesures de distance (ou similarit�e) entre les �bres: Les mesures de distance entre

�bres utilisent en g�en�eral une s�erie de points qui param�etri sent chaque �bre. Les distances

les plus connues, propos�ees par [Corouge et al.(2004)], sont la distance de Hausdor� (dH )

et la moyenne des plus proches distances(dM ). Ces distances permettent d'int�egrer dans

une seule mesure des informations sur la forme et la position de la �bre. Une autre mesure

de distance, fond�ee surdM , applique un seuil pour les distances a consid�erer [Zhang et al.

(2008a)], ce qui permet d'�eliminer des �bres tr�es similaires. R�e cemment,Visser et al. (2011)

utilisent la somme des distances Euclidiennes entre les pointscorrespondants, calcul�ee plus

rapidement que les distances fond�ees sur les points les plus proches (dH , dM ).

Donn�ees de sortie: La plupart des m�ethodes propos�ees se focalisent sur la segmenta-

tion directe des �bres ayant une signi�cation anatomique (i. e. les long faisceaux connus

de la substance blanche), en utilisant desa priori anatomiques donn�es par des atlas de la

substance grise et blanche [Wassermann et al.(2010a); Li et al. (2010)] ou des mod�eles des

faisceaux [Maddah et al. (2005, 2007b, 2008a)]. D'autres travaux appliquent une premi�ere

�etape de regroupement des �bres [Zhang et al. (2008a); O'Donnell et al. (2006); Visser

et al. (2011)] et puis int�egrent un �etiquetage manuel des groupes pour l'identi�cation des

faisceaux connus. L'avantage de la deuxi�eme approche c'est l'ind�ependance des �etapes de

regroupement et d'identi�cation, ce qui permet lors de la premi�ere �etape, d'obtenir une

information sur toute la structure des faisceaux des �bres, qui inclus des faisceaux peu

connus. Nous utilisons alors cette strat�egie pour �etudier la substance blanche dans son

ensemble et cr�eer un mod�ele des faisceaux.
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Taille des donn�ees: Avec les nouvelles techniques de di�usion �a haute r�esolution

angulaire et des machines IRM plus puissantes, les donn�ees issuesde la tractographie

pr�esentent une meilleure qualit�e mais aussi une plus grande taille. C'est ainsi que le nombre

de �bres est pass�e de autour de 10.000 �bres pour le cerveau entier �a plus d'un million de

�bres. La classi�cation directe des �bres en utilisant une distance entre toutes les paires

de �bres devient alors impossible. Di��erentes strat�egies ont �e t�e propos�ees pour r�eduire

cette surcharge, comme la prise d'un �echantillon des �bres [O'Donnell et al. (2006)] ou

une grande quantit�e d'�echantillons classi��es s�epar�ement [ Visser et al. (2011)]. Bien que

performantes, ces m�ethodes pr�esentent des inconv�enients comme la d�e�nition a priori du

nombre de groupes. Le nombre maximum de �bres analys�ees remonte aux alentours de

500.000 [Visser et al. (2011)]. D'autres m�ethodes regroupent les �bres dans l'espace des

voxels, ce qui les rend beaucoup plus e�caces [El Kouby et al. (2005); Wang et al. (2011)].

Cependant, les groupes de �bres obtenus directement par une classi�cation de ce type

pr�esentent de nombreux chevauchements qui d�egradent la qualit�e de la classi�cation. Des

pr�e- et post- traitements doivent êtres inclus dans le cas des donn�ees complexes en fonction

des r�esultats recherch�es.
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M �ETHODES DE CLASSIFICATION DES FIBRES (UN SUJET)

M �ETHODE IN MESURE
DE DIS-
TANCE

M �ETHODE DE
CLASSIF.

A PRIORI ANAT. /
EMPIRIQUES

ANALYSE PRINCIP. SORTIES
PRINCIP.

FAISCEAUX
IDENT.

Ding 2003
RG Euclidienne

(�bres)
k-NN ROIs de graines d�e�nit des segments

correspondants / classif.
des �bres

�ltrage des
�bres /

analyse de forme

Corouge 2004
Gerig04 2004

FS dc , dM , dH

(�bres)
algorithme de
propagation

segmentation manuelle des
faisceaux / seuil sur la

distance

classif. des �bres �ltrage des
�bres /

analyse de forme

FCS,
parties du

CC

Zhang 2002
Zhang 2003

CE D t

(�bres)
CH \single-link" culling des �bres / classif.

des �bres
\streamtubes" et
\streamsurfaces"

Brun 2003
Brun 2004

CE utilise les
points

extrêmes
des �bres

immersion spectrale,
CS Ncuts

param�etres empiriques de
classi�cation

\soft coloring"
des �bres

Liste des abr�eviations (aussi valide pour le Tableau 2).
IN (ENTR �EE): Tractographie du cerveau entier (CE), faisceau segment�e (FS) ou ROI de graines (RG).
M �ETHODE DE CLASSIF. (M �ETHODE DE CLASSIFICATION): Classi�cation Hi�erarchique (CH), Plus Proches Voisins (NN), Classi�cation Spectrale (CS), Coupes normalis�ees
(Ncuts).
MESURE DE DISTANCE: Distance des points les plus proches (dc ), Moyenne des plus proches distances (dM ), Distance de Hausdor� ( dH ), Moyenne des plus proches distances
seuill�ees (D t ), Plus petite moyenne des plus proches distances seuill�ees (dSt ), Plus grande moyenne des plus proches distances seuill�ees (dLt ), Fonction de l'indicateur 
ux
(BIF ), Somme des distances Euclidiennes entre des points correspondants (dscp ).
A PRIORI ANAT. / EMPIRIQUES (A PRIORI ANATOMIQUES / EMPIRIQUES ).
FAISCEAUX IDENT. (FAISCEAUX IDENTIFI �ES): Faisceau corticospinal (FCS), Couronne rayonnante/Capsule interne (CR/CI), Faisceau longitudinal sup�erieur (LS), Faisceau
longitudinal inf�erieur (LI), Faisceau fronto-occipital inf�erieur (FOI), Faisceau arqu�e (FA), Cingulum (CG), Fai sceau uncin�e (UN), Forceps mineur (Fm), Forceps majeur (FM),
Corps calleux (CC), genou du CC (GCC), spl�enium du CC (SCC), Radiation thalamique ant�erieure (RTA), Fornix (FX), P�ed oncule c�er�ebelleux moyen (PCM), P�edoncule
c�er�ebelleux sup�erieur (PCS), Troc c�er�ebral (TC), Fai sceau de projection dans le lobe frontal, pari�etal ou occipital (FPf, FPp, FPo), CC connectant les côt�es gauche et dro it des
lobes frontal, pari�etal ou occipital (CCf, CCp, CCo).

Table 1: Cat�egorisation des m�ethodes de classi�cation des �bres (un sujet ).
Les m�ethodes ont �et�e analys�ees en fonction de l'entr�ee principale, la m�ethode de classi�cation et la
mesure de distance principales, les principauxa priori anatomiques et empiriques utilis�es pour r�ecup�erer
les faisceaux, les principaux pas de l'analyse, les principales sorties et les faisceaux identi��es avec succ�es.
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M �ETHODES DE CLASSIFICATION DES FIBRES (PLUSIEURS SUJETS)

M �ETHODE REC MESURE DE
DISTANCE

M �ETHODE
DE CLASSIF.

A PRIORI
ANATOMIQUES /

EMPIRIQUES

ANALYSE
PRINCIPALE

SORTIES
PRINCIP.

IDENT.
BUNDLES

Zhang 2005 AFF Euclidienne
(regroupe des

centro•�des)

NN correspondance entre
centro•�des des groupes

correspondance entre
groupes

(entre 2 sujets)

Zhang 2008 AFF US : dSt, dLt
(�bres)

MS : Euclidienne
(centro•�des des

groupes)

US : CH
\single-link"

MS : NN

US : seuil de proximit�e
empirique (PTh)

MS : mod�ele des faisceaux
(�etiquetage manuel des

groupes)

US : culling des �bres/
regroupement des �bres /
MS : correspondance entre

centro•�des
trouve le PTh optimale

mod�ele des
faisceaux/

identi�cation des
faisceaux

(2 subjects)

US : FCS, CG,
UN, Fm, FM,
PCM, LS, LI

MS : CG, UN,
Fm, FM

ElKouby 2005 AFF US : connectivit�e
(voxels)

MS : masque de
corr�elation des

groupes de �bres

US : k-moyennes
MS : k-moyennes

US / MS : nombre de
groupes empirique

US : classi�cation des voxels
MS : correspondance des
masques des groupes de

�bres pour tous les sujets

atlas des faisceaux
(11 sujets)

US : RTA, LI,
GCC, SCC,

FCS, FX
MS : FCS,

parties du CC

O'Donnell 2005
O'Donnell&Westin

2006
O'Donnell-PhD 2006

AFF US : dM (�bres)
MS : dM (�bres

de tous les sujets)

CS Ncuts
(m�ethode de

Nistrom)

param�etres de classif.
empiriques /

�etiquetage manuel des
groupes

US : classi�cation des �bres
MS : classi�cation des �bres

(�bres de tous les sujets)

atlas des faisceaux
embarqu�es
(10 sujets)

US / MS : CC,
FCS, FA,

FOI, UN, LI,
PCM, PCS

O'Donnell-PhD 2006
O'Donnell 2007

AFF dM (�bres) immersion
spectrale
(�bres) /

NN (centro •�des)

atlas des faisceaux
embarqu�e (�bres)

immersion des �bres /
trouve NN centro •�de de

groupe pour chaque �bre

identi�cation des
faisceaux

(5 subjects)

US / MS : CC,
FCS, FA,

FOI, UN, LI,
PCM, PCS

Maddah 2005 AFF repr�esentation �a
partir de B-spline

(�bres)

NN mod�ele des faisceaux
(�bres �etiquet�ees)

correspondance entre �bres
et �bres du mod�ele

identi�cation des
faisceaux

CC, CR/CI,
FX, PCM

Maddah 2007
Maddah 2008b

AFF utilise carte de
distance

Euclidienne pour
chaque centro•�de
de groupe (�bres)

mod�ele de
m�elange de

distrib. Gamma

une �bre par faisceau et
par sujet s�electionn�ee

manuellement

estime les param�etres de
classi�cation

a�ectation prob. de
chaque �bre �a un
groupe / corresp.
entre points pour
chaque faisceau

CC, CR/CI,
CG

... continue dans la page suivante ...
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... continu�e de la page pr�ec�edente ...

M �ETHODE REC MESURE DE
DISTANCE

M �ETHODE
DE CLASSIF.

A PRIORI ANAT. /
EMPIRIQUES

ANALYSE
PRINCIPALE

SORTIES
PRINCIP.

FAISCEAUX
IDENT.

Maddah 2008a AC utilise carte de
distance

Euclidienne pour
chaque centro•�de
de groupe (�bres)

mod�ele de
m�elange de

distrib. Gamma
(Bayesien)

atlas des faisceaux (ROIs)
/ d�e�nit manuellement
les centres des faisceaux

initiaux / seuil
d'appartenance

g�en�ere faisceau �a partir de
ROI / utilise un atlas

comme a priori / estime
param�etres de classi�cation

a�ectation prob. de
chaque �bre �a un
groupe / corresp.
entre points pour
chaque faisceau

CG, UN

Wassermann 2010 NL dist. entre
faisceaux et �bres

(BIF )

Classif.
Hi�erarchique

atlas de substance grise
et blanche (ROIs)

construction de l'arbre du
CH et s�election d'un groupe

en utilisant information
anatomique comme a priori

identi�cation des
faisceaux

(21 sujets)

FA, CG, UN,
FCS, FOI,
Fm, FM

Li 2010 NL pas2 : dH +
facteur fond�ee sur

la longueur

pas2 : PCA
suivie de \fuzzy

c-means"

pas1 : atlas de substance
grise et blanche (ROIs)
pas2 : �etiquetage manuel

de 2 faisceaux pour recon.
des faisceaux

pas1 : utilise un atlas pour
segmenter 9 faisceaux

pas2 : classi�e les �bres qui
restent et identi�e 2 autres

faisceaux

identi�cation des
faisceaux

(10 subjects)

CG, FOI, LI,
UN, FA, CCf,

CCp, CCo,
FPf, FPp,

FPo

Visser 2011 NL dist. entre �bres
(dscp )

Classif.
Hi�erarchique

US / MS : param. de
classif. empiriques /

�etiquetage manuel des
groupes

divise les donn�ees et
classi�e chaque sous-groupe

s�epar�ement (plusieurs
r�ep�etitions) / garde les
groupes reproductibles

identi�cation des
faisceaux

US : FA, CG,
UN, FOI, LI

MS : FA

Wang 2011 NL AC coordonn�ees et
orientations des
points des �bres

(voxels)

Mod�ele hi�erarchique de
m�elange de processus de

Dirichlet

parfois a besoin d'une
fusion manuelle des clusters

/ �etiquetage manuel des
groupes de la base

d'apprentissage

classif. des voxels,
groupes de base

d'apprentissage sont
information a priori

US / MS : CC,
FCS, FA,

FOI, UN, LI,
PCM, TC

Liste des abr�eviations (Les autres abr�eviations ont �et�e pr�esent�ees dans le Ta bleau 1).
REC. (M �ETHODE DE RECALAGE): a�ne (AFF), algorithme \congealing" (A C), non-lin�eaire (NL). / UN SUJET (US), PLUSIEURS SUJETS (MS )

Table 2: Cat�egorisation des m�ethodes de classi�cation des �bres (plusieu rs sujets). Les m�ethodes ont �et�e analys�ees en fonction de leur
m�ethode de recalage, la m�ethode de classi�cation et la mesure de distance principales, les principauxa priori anatomiques et empiriques
utilis�es pour r�ecup�erer les faisceaux, les principaux pas de l'analyse, les principales sorties et les faisceaux identi��es avec succ�es. L'entr�ee est
une tractographie du cerveau entier pour toutes les m�ethodes.
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Chapitre 5: Classi�cation des Fibres Intra-sujet

M�ethode

Comme mentionn�e pr�ec�edemment, l'analyse des jeux de donn�eesavec plus d'un million

de �bres repr�esente un grand d�e� pour tout algorithme de classi�cati on. Pour surmonter

la limitation sur la taille du jeu de donn�ees, nous proposons dans ce chapitre une s�equence

d'algorithmes e�ectuant une classi�cation hi�erarchique robuste d es �bres d'un cerveau

(intra-sujet). Cette m�ethode peut être consid�er�ee comme un traitement de compression

des donn�ees issues de la tractographie car elle permet d'analyser plus d'un million de �bres

et de les regrouper en quelques milliers de faisceaux homog�enes, sans perdre d'information

importante.

La m�ethode consiste en une d�ecomposition hi�erarchique du jeu de�bres, sous forme de

plusieurs �etapes appliqu�ees de fa�con cons�ecutives. Pour traiter les �bres de fa�con e�cace,

la m�ethode est fond�ee sur une �etape de classi�cation appliqu�ee aux voxels de la substance

blanche, au lieu des �bres. L'approche est fond�ee sur une mesure de connectivit�e entre les

voxels de la substance blanche propos�ee parEl Kouby et al. (2005). D'autres �etapes ont

�et�e ajout�ees, avant ou apr�es cette �etape principale, avec l'ob jectif d'am�eliorer la qualit�e

�nale des faisceaux de �bres obtenus. Toutes les �etapes ont �et�e con�cues et enchâ�n�ees de

fa�con �a robusti�er l'analyse enti�ere. Le r�esultat �nal est un ens emble de quelques milliers

de faisceaux de �bres, repr�esentant la structure compl�ete du jeu de �bres issues de la

tractographie, qui peut être utilis�e comme entr�ee d'autres analyses post�erieures, comme

des analyses de groupe. Un diagramme repr�esentant une vue globale de la m�ethode de

classi�cation hi�erarchique intra-sujet, compos�ee de cinq pas principaux, est pr�esent�e dans

la Figure 7.

Dans ce qui suit nous d�ecrivons bri�evement la m�ethode:

Pas 1: D�ecomposition Hi�erarchique. Le jeu de �bres issu de la tractographie est

divis�e en quatre sous-ensembles: �bres de l'h�emisph�ere droit, �bres de l'h�emisph�ere gauch e,

�bres inter-h�emisph�eriques et �bres du cervelet. Cette s egmentation est r�ealis�ee en utilisant

des masques des deux h�emisph�eres et du cervelet. Elle vise �a diminuer la complexit�e des

donn�ees, en s�eparant des faisceaux qui se chevauchent partiellement. Les pas suivants sont

appliqu�es s�epar�ement �a chaque sous-ensemble de �bres.

Pas 2: Segmentation fond�ee sur la longueur. Les �bres sont s�epar�ees en plusieurs

groupes de �bres de longueur similaire. De cette fa�con, des faisceaux de �bres qui se

chevauchent partiellement sont s�epar�es en groupes di��erents.

Pas 3: Classi�cation des voxels de substance blanche. Une parcellisation de la

substance blanche est e�ectu�ee en utilisant une classi�cation hi�erarchique des voxels en

fonction d'une mesure de connectivit�e donn�ee par les �bres. Les groupes de �bres obtenus,
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Figure 7: Diagramme g�en�eral de la m�ethode de classi�cation des �bres intra- sujet: Pas 1:
D�ecomposition hi�erarchique: Le jeu de donn�ees est segment�e en quatre principaux sous-ensembles
de �bres. Pas 2: Segmentation fond�ee sur la longueur: Les �bres de chaque sous-ensemble sont
s�epar�ees en di�erents groupes, constitu�es de �bres de longueurs similaires.Pas 3: Classi�cation des
voxels de substance blanche:Les �bres de chaque groupe sont classi��ees �a travers une segmentation
des voxels de la substance blanche fond�ee sur la connectivit�e. Les clusters de �bres sont extraits �a partir
des clusters de voxels de la substance blanche.Pas 4: Classi�cation fond�ee sur les extr�emit�es: les
clusters de �bres sont divis�es en fascicules homog�enes en se basant sur les extr�emit�es des �bres.Pas
5: Fusion des fascicules: Les fascicules de �bres du sous-ensemble sont fusionn�es en utilisant une
distance entre paires de centro•�des des fascicules.
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appel�es clusters de �bres sont extraits �a partir des groupes de voxels de la substance

blanche.

La substance blanche est d'abord parcellis�ee al�eatoirement en parcelles homog�enes

constitu�ees de 3 voxels en moyenne, en utilisant un algorithme declassi�cation k-moyennes

fond�e sur une distance g�eod�esique [Flandin et al. (2002)]. Ensuite, une matrice de connec-

tivit�e est calcul�ee, contenant la connectivit�e entre toutes l es paires de parcelles, donn�ee

par le nombre de �bres qui les connectent, normalis�ee par le volume des parcelles. Une

classi�cation hi�erarchique de type \average-link"est alors appliqu�ee pour segmenter la sub-

stance blanche en groupes contenant di��erents faisceaux de �bres (voir la Figure 8). Pour

obtenir les clusters de substance blanche, une partition adaptativede l'arbre r�esultant

de la classi�cation hi�erarchique est e�ectu�ee, en fonction de la taille d�esir�ee des clusters.

Les clusters de voxels ainsi obtenus repr�esentent des groupes devoxels par lesquels passe

un grand nombre de �bres, regroup�ees en plusieurs faisceaux. Les clusters de �bres sont

�nalement extraits �a partir des clusters de voxels de substanceblanche.

Figure 8: Illustration de la classi�cation de voxels de la substance blanche en f onction de la
connectivit�e (Pas 3): D'abord, une parcellisation al�eatoire de la substance blanche est e�ectu�ee (les
parcelles sont repr�esent�ees en gris). Seulement les voxelstravers�es par les �bres sont consid�er�es dans ce
processus. Une matrice de connectivit�e des parcelles est alors calcul�ee, �a partir du nombre de �bres qui
connectent chaque paire de parcelles. Cette valeur est normalis�ee par la taille des parcelles. La matrice
de connectivit�e est alors utilis�ee pour regrouper les parcelles fortement connect�ees entre-elles. Apr�es
la classi�cation, les parcelles en rouge (p2-p4), bleu (p6-p7) et vert (p9-p10) vont former trois clusters
di��erents, qui donneront lieu �a trois clusters de �bres. Les parcelles pr�esentant une connectivit�e plus
complexe, comme les parcelles en jaune (p1), violet (p2) et cyan (p3), sont regroup�ees avec le groupe
de parcelles auquel elles sont le plus connect�ees.

Pas 4: Classi�cation fond�ee sur les extr�emit�es. Chaque cluster de �bres est divis�e

encore en plusieursfascicules de �bres qui se chevauchent partiellement, �a partir d'une

classi�cation fond�ee sur les extr�emit�es des �bres. Un algorithme de \ligne de partage des

eaux" [Vincent and Soille (1991)] est utilis�e pour d�etecter les r�egions 3D pr�esentant une

haute densit�e d'extr�emit�es de �bres. Chaque paire de ces r�egions d�e�nit alors un fascicule

homog�ene et r�egulier de �bres.

Pas 5: Fusion des fascicules. Une derni�ere �etape regroupe les fascicules obtenus pour

tous les groupes de �bres d'un sous-ensemble. Cette classi�cation est r�ealis�ee pour fusionner
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les fascicules de �bres pr�esentant des g�eom�etries tr�es similaires, qui ont �et�e sur-segment�es

dans les �etapes pr�ec�edentes. Une �bre moyenne oucentro•�de est calcul�ee pour repr�esenter

chaque fascicule du sous-ensemble. Elle est calcul�ee comme la �bre minimisant la distance

moyenne vers toutes les autres �bres du fascicule. Les centro•�des sont ensuite regroup�es

en utilisant une classi�cation hi�erarchique de type \average-link " fond�ee sur une mesure

de distance entre paires de centro•�des. La mesure de distance utilis�ee est ladistance de

Hausdor� (dH ) [Corouge et al.(2004)]. Une distance maximale est utilis�ee pour d�e�nir la

taille des faisceaux.

Validation de la m�ethode

Donn�ees simul�ees. Pour valider notre classi�cation hi�erarchique nous avons test�e

d'abord la m�ethode avec des donn�ees simul�ees. Dix jeux de donn�ees simul�ees ont �et�e g�en�e-

r�es, chacun fond�e sur un mod�ele constitu�e de 200 faisceaux pr�esentant di��erents diam�etres,

longueurs, formes et densit�es de �bres (voir la Figure9 B). Les faisceaux ont �et�e g�en�er�es �a

partir de 200 �bres s�electionn�ees �a partir d'un jeu de �bres d'u n h�emisph�ere gauche (voir

la Figure 9 A). En plus, trois jeux de donn�ees de \bruit" ont �et�e g�en�er�es , constitu�es de

�bres s�electionn�ees al�eatoirement du même h�emisph�ere gauche, et contenant 10%, 50% et

100% du nombre total de �bres d'un jeu de donn�ees. Ces donn�ees ont �et�e additionn�ees �a

chaque jeu de donn�ees simul�ees, pour obtenir au total 30 jeux simul�es de �bres (bruit�es).

Les donn�ees ont �et�e classi��ees avec notre m�ethode pour valider son comportement, notam-

ment la d�etection de faisceaux de �bres homog�enes repr�esentantla structure des donn�ees,

constitu�ees dans ce cas de 200 faisceaux de �bres connus. La validation a impliqu�e le cal-

cul du pourcentage de r�ecup�eration de tous les faisceaux des 30 jeux de donn�ees simul�ees.

Pour cela, un centro•�de a �et�e d�etermin�e pour chaque faisceau r�esultant de la classi�ca-

tion et compar�e avec les centres des faisceaux des jeux de donn�eesoriginaux. L'analyse

des r�esultats con�rme qu'une grande partie des faisceaux sont r�ecup�er�es dans un grand

pourcentage. La r�ecup�eration d�epend, comme la plupart des algorithmes de classi�cation,

de la densit�e des �bres: les faisceaux de �bres moins denses quela densit�e minimale de

�bres inf�er�ee �a partir des param�etres de la tractographie, ne son t pas d�etect�es car ils sont

consid�er�es comme du bruit. En plus, en g�en�eral, un petit pour centage de �bres se trouvant

�a la p�eriph�erie des faisceaux ne sont pas r�ecup�er�ees car elles pr�esentent aussi une densit�e

tr�es basse. Ce comportement est consistent pour tous les jeux de donn�ees.
�Evaluation du coût de l'extensibilit�e de la m�ethode. Alors que les r�esultats de

la validation permettent d'inf�erer que le coût de l'extensib ilit�e introduit par la classi�-

cation des voxels de la substance blanche (Pas 3) est tr�es bas, nous avons e�ectu�e des

exp�erimentations additionnelles pour quanti�er ce coût. Premi �erement, une classi�cation

de \force brute", i. e. qui utilise une mesure de distance entre toutes les �bres du jeude

donn�ees, a �et�e appliqu�ee �a un jeu de donn�ees simul�ees avec 10% de bruit (� 24.000 �bres).

La m�ethode utilis�ee est la classi�cation hi�erarchique, fond�e e sur la distance de Haussdorf

(dH ). Les r�esultats montrent que cette m�ethode ne r�ecup�ere pas t ous les faisceaux. En plus,

les faisceaux r�ecup�er�es sont plus bruit�es que ceux retrouv�es par notre m�ethode. L'analyse
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Figure 9: Exemple d'un jeu de donn�ees simul�e constitu�e de 200 faisceaux de � bres. A: Les 200
�bres s�electionn�ees comme centres des faisceaux.B: Faisceaux g�en�er�es �a partir des centres en A.

des faisceaux non d�etect�es nous conduit �a deux explications: 1) dans certains cas, deux

faisceaux simul�es sont fusionn�es �a cause de �bres qui pr�esentent des distances relativement

courtes aux deux faisceaux, produites souvent par le bruit, et 2) dansd'autres cas, des

�bres dues au bruit font aussi que des faisceaux de basse densit�e sont divis�ees en multiples

faisceaux isol�es. Ces r�esultats montrent que le comportement de notre m�ethode est accep-

table et que d'autres m�ethodes comme la classi�cation hi�erarchique ont besoin de pre- et

post- traitements pour assurer la qualit�e des r�esultats.

Un autre test a �et�e e�ectu�e pour �evaluer l'in
uence de la taille des parcelles sur la

qualit�e des r�esultats: notre m�ethode a �et�e appliqu�ee �a un jeu de donn�ees simul�ee s pour

une grande plage de tailles de parcelles. Les r�esultats n'ont pas montr�e une d�egradation

signi�cative dans la d�etection des faisceaux, soutenant l'id�ee que notre m�ethode est robuste:

1) la segmentation fond�ee sur la longueur (Pas 2) permet de simpli�er les donn�ees en

�eliminant des chevauchements des �bres, et 2) la classi�cation fond�ee sur les extr�emit�es

(Pas 4) permet de s�eparer les faisceaux d�es qu'ils pr�esentent une extr�emit�e di��erente.

R�esultats

La m�ethode de classi�cation hi�erarchique des �bres propos�ee a �et�e appliqu�ee �a 12

sujets d'une base de donn�ees de cerveaux adultes [Poupon et al. (2006)]. La di�usion a �et�e

mod�elis�ee en utilisant une d�econvolution sph�erique de l'OD F [Descoteaux et al.(2009b)].

Les �bres du cerveau entier ont �et�e reconstruites en utilisant un algorithme de tractographie

d�eterministe r�egularis�ee. Les r�esultats sont illustr�es pou r l'h�emisph�ere droit d'un sujet dans

la Figure 10. Ces donn�ees contiennent un million et demi de �bres, dont 600 mille pour

l'h�emisph�ere droit, lesquelles sont r�eduites �a un peu plu s de 3000 faisceaux homog�enes.

La m�ethode a aussi �et�e appliqu�ee �a des donn�ees de tractographie DTI de deux cerveaux

d'enfants.

Applications

Un fantôme physique [Poupon et al. (2010)] fait de �bres acryliques de petit diam�etre,

contenant plusieurs con�gurations r�ealistes de �bres, comme des croisements et bifurcations
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Figure 10: Faisceaux de �bres r�esultants pour un cerveau adulte (h�emisph�er e droit). Les couleurs
des faisceaux ont �et�e s�electionn�es de fa�con al�eatoire et peuvent se r�ep�eter dans chaque groupe.A: Vue
ext�erieure des faisceaux. Pour une meilleure visualisation, les faisceaux ont �et�e s�epar�es en 10 groupes
de di��erentes longueurs.B: Vues ext�erieure et int�erieure d'une s�election de faisceau x de �bres
courtes (35-50 mm). La plupart de ces faisceaux appartiennent �a des faisceaux d'association courts.
C: Vues ext�erieure et int�erieure d'une s�election de faisceau x de �bres longues (130-150 mm).
Ces faisceaux constituent des long faisceaux de �bres connus dela substance blanche.

de �bres, a �et�e utilis�e pour montrer une application de la m�eth ode. Six jeux de �bres ont

�et�e calcul�es pour ce fantôme, en utilisant trois mod�eles locaux de di�usion (DTI, q-ball

analytique (SH q-ball) [Descoteaux et al.(2007)] et une d�econvolution sph�erique de l'ODF

(SDT) [ Descoteaux et al.(2009b)]) et deux algorithmes de tractographie (d�eterministe et

probabiliste). Nous avons appliqu�e notre m�ethode aux six jeux de �bres, �a partir du Pas

2. Un atlas a �et�e cr�e�e pour retrouver les faisceaux validement reconstruits dans chaque jeu

de donn�ees, c'est �a dire, les faisceaux de �bres qui ont des trajectoires �egales �a la v�erit�e
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terrain. L'atlas, illustr�e dans la Figure 11 B, contient un centro•�de pour chaque faisceau

original du fantôme (7 au total). L'analyse des r�esultats a permis de comparer les di��erents

mod�eles locaux de di�usion et les di��erentes m�ethodes de tr actographie en retrouvant

automatiquement les faisceaux validement reconstruits, montr�es dans la Figure11 C. Pour

cela, nous avons calcul�e la proportion de leur volume par rapport au volumeoriginal, ainsi

que le nombre total de �bres validement reconstruites pour chaque approche (Figure 11

D).

Figure 11: R�esultats pour les six jeux de donn�ees du fantôme physique. Appl ication dans
l'�evaluation des mod�eles locaux de di�usion et les algorithmes de t ractographie. A: Les sept
faisceaux v�erit�e terrain (masques 3D).B: L'atlas des centro•�des des faisceaux v�erit�e terrain, utilis�e pour
identi�er automatiquement les faisceaux validement reconstruits. C: Faisceaux v�erit�e terrain validement
reconstruits pour chaque jeu de donn�ees: pour trois mod�eles locaux de di�usion (DTI, SH q-ball and
SDT) et deux algorithmes de tractographie (d�eterministe et probabiliste).D: Analyse des r�esultats pour
les six jeux de donn�ees:D1: Pourcentage du volume des faisceaux v�erit�e terrain couvert par
les �bres validement reconstruites. En g�en�eral, la tractographie probabiliste pr�esente une meilleure
reconstruction des faisceaux.D2: Pourcentage total de �bres validement reconstruites. En g�en�eral,
comme pr�evu, la tractographie d�eterministe pr�esente un pourcentage plus �elev�e de �bres validement
reconstruites.

Une autre application de notre m�ethode a �et�e illustr�ee: la d�ec omposition \top-down"

des long faisceaux de �bres connus. La tractographie permet d'envisagerune analyse plus

en profondeur des faisceaux connus, en les sous-divisant en plusieurs composantes [Ca-

tani et al. (2005)]. L'approche usuelle utilise des ROIs pour d�ecomposer les faisceaux.

Nous illustrons avec le faisceaux arqu�e de quatre sujets, que les faisceaux r�esultants de

notre m�ethode de classi�cation peuvent être utilis�es pour ret rouver des d�ecompositions
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des faisceaux �a travers une interface graphique (cela peut êtree�ectu�e aussi de fa�con au-

tomatique). Dans cet exemple, le faisceau arqu�e a pu être divis�een six faisceaux pour les

quatre sujets, dont trois faisceaux ont d�ej�a �et�e d�ecrits par Catani et al. (2005).

Masque de propagation de la tractographie calcul�e �a partir de l'im age pond�er�ee

en T1

Les algorithmes de tractographie ont besoin d'un masque de la substance blanche pour

d�elimiter l'espace 3D dans lequel les �bres sont calcul�ees. Normalement ce masque est

calcul�e �a partir d'un seuillage sur l'image de FA (seuil entre 0.1 et 0.25), mais ce masque est

trop restrictif car la FA peut être tr�es basse dans des croisements de �bres (2/3 des voxels)

ou dans les r�egions sous-corticales �a cause de l'e�et de volume partiel. Nous proposons la

construction d'un masque de propagation de la tractographie �a partir de l'image pond�er�ee

en T1, fond�ee sur trois masques: un masque des deux h�emisph�ereset du cervelet, un

masque des sillons et un masque des noyaux gris centraux et des ventricules. Ce masque,

contenant la substance blanche et une partie de la substance grise permet une meilleure

d�elimitation pour la tractographie des r�egions sous-corticales, des structures profondes,

du corps calleux, du fornix et des commissures (voir Figure12 A). Une comparaison des

faisceaux segment�es �a partir des �bres reconstruites avec notremasque calcul�e �a partir

de l'image T1 et un masque fond�e sur la FA est pr�esent�ee dans la Figure 12 B. On peut

observer une meilleure reconstruction des faisceaux surtout sur les r�egions sous-corticales,

ce qui a un impact tr�es important dans les �bres d'association courtes.

Figure 12: Masque de propagation de la tractographie calcul�e �a partir de l'image pond �er�ee en
T1. A : Comparaison entre notre masque de propagation et un masque calcul�e �a partir de la FA (seuil
�egal �a 0.1). B: Comparaison entre des faisceaux segment�es reconstruits �a partir de notre masque de
propagation (masque T1) et un masque calcul�e �a partir de la FA (masque FA), avec un seuil �egal �a
0.15.
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Chapitre 6: Classi�cation des Fibres Inter-sujet: Inf�erence
d'un atlas des faisceaux multi-sujet

Les mod�eles des faisceaux existants sont compos�es seulement par les faisceaux connus

de la substance blanche profonde (DWM). Dans ces mod�eles, les faisceaux de la DWM

sont repr�esent�es par des �bres qui ont �a peu pr�es la même forme, et ne repr�esentent

pas la variabilit�e de la forme et de la position des �bres �a travers les sujets. Grâce aux

am�eliorations des acquisitions, corrections et mod�elisation des donn�ees de di�usion, les

donn�ees de tractographie actuelles pr�esentent une grande complexit�e et un tr�es grand

nombre de �bres. Les faisceaux reconstruits sont alors plus complexes; quelques exemples

de d�ecomposition des faisceaux connus en fascicules ont �et�e propos�es dans la litt�erature

[Lawes et al. (2008)]. Par exemple, le faisceau arqu�e a �et�e d�ecompos�e en un segmentlong

direct et deux segments indirects (ant�erieur et post�erieur) [Catani et al. (2005)]. En plus,

jusqu'�a pr�esent, les �bres courtes de la substance blanche super�cielle ont �et�e tr�es rarement

�etudi�ees. La segmentation de la substance blanche reste encore unprobl�eme complexe et

pas compl�etement r�esolu.

Les strat�egies couramment propos�ees pour la reconstruction des faisceaux des �bres

reposent sur deux id�ees compl�ementaires. La premi�ere approche utilise des r�egions d'int�erêt

(ROI) pour s�electionner ou exclure des �bres. Ces ROIs peuvent̂etre d�e�nies manuellement

[Catani et al. (2002); Mori et al. (2005); Wakana et al. (2007); Catani and Thiebaut de

Schotten (2008)], ou en utilisant un atlas de ROIs apr�es l'application d'une normalisation

a�ne [ Oishi et al. (2008)] ou non-lin�eaire [Zhang et al. (2010)]. La seconde strat�egie est

fond�ee sur un regroupement des �bres en utilisant une mesure de similarit�e entre paires

de �bres [Corouge et al. (2004); Zhang et al. (2008a); O'Donnell et al. (2006); Visser

et al. (2011)]. Cette derni�ere approche n�ecessite moins d'interaction que les approches

manuelles et permet d'int�egrer dans l'analyse des informations surla forme et la position

des �bres, ce qui n'est pas le cas pour la plupart des approches fond�ees sur les ROIs.

En plus, elle permet d'int�egrer de l'information a priori dans des mod�eles des faisceaux

[Maddah et al. (2005); O'Donnell and Westin (2007)], ceux qui peuvent être apr�es utilis�es

pour segmenter d'autres sujets. En outre, l'application d'une m�ethode de regroupement

des �bres provenant de plusieurs sujets apr�es une normalisation spatiale, peut aider �a

d�ecouvrir des nouveaux faisceaux reproductibles. Cependant, les m�ethodes fond�ees sur

des regroupements pr�esentent une limitation dans le nombre de �bres qui peuvent être

analys�ees. Malgr�e deux travaux r�ecents qui d�ecrivent des analyses des jeux de donn�ees de

tractographie tr�es grands (jusqu'�a 120.000 [Wang et al. (2011)] et 480.000 �bres [Visser

et al. (2011)]), la segmentation des jeux de donn�ees massifs de �bres, pr�esentant plus d'un

million de �bres, est encore un grand d�e�.

L'objectif de cette th�ese est l'inf�erence d'un mod�ele des faisceaux des �bres de la sub-

stance blanche du cerveau humain �a partir des donn�ees de di�usion �a haute r�esolution

angulaire (HARDI). En cons�equence, dans ce chapitre nous pr�esentonsune m�ethode qui

prend comme entr�ee des jeux de donn�ees massifs de tractographie provenant d'une popu-
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lation de sujets, et qui produit comme sortie un mod�ele compos�e d'une liste des faisceaux

g�en�eriques pr�esents dans la plupart des sujets.

Strat�egie de regroupement de deux niveaux

La m�ethode consiste en une strat�egie de deux niveaux, enchâ�nant un regroupement

intra-sujet, suivi d'un regroupement inter-sujet, pour traiter de tr�es grands jeux de donn�ees

issues de la tractographie.

Premier niveau: regroupement intra-sujet. Pour pouvoir analyser ensemble les don-

n�ees issues de la tractographie d'une population de sujets, nous utilisons d'abord le regrou-

pement intra-sujet pr�esent�e dans le chapitre pr�ec�edant. Ce regroupement permet d'obtenir

une repr�esentation comprim�ee des jeux de donn�ees individuels de �bres. Pour chaque su-

jet, on passe de plus d'un million de �bres �a quelques milliers de faisceaux r�eguliers, qui

peuvent être repr�esent�es par des centro•�des. Un traitement additionnel a �et�e ajout�e au Pas

1 pour obtenir des sous-ensembles contenant les �bres qui sont connect�ees aux thalami:

thalamus-droit et thalamus-gauche.

Deuxi�eme niveau: regroupement inter-sujet. Le deuxi�eme niveau a pour objec-

tif de trouver une correspondance entre les faisceaux produits dansle premier niveau �a

travers une population de sujets. Cette analyse est e�ectu�ee s�epar�ement pour chaque sous-

ensemble de �bres. La Figure13 (A) illustre la m�ethode.

Premi�erement, un centro•�de est calcul�e pour chaque faisceau en utilisant la moyenne

des distances les plus proches [Corouge et al. (2004); O'Donnell et al. (2006); O'Donnell

and Westin (2007)]. Un centro•�de repr�esente la g�eom�etrie principale du faisceau et est

localis�e dans le centre du faisceau. Il est d�e�ni comme la �bre qui minimise la distance

vers les autres �bres du faisceau. Une fois que tous les centro•�des provenant de tous les

sujets pour le sous-ensemble analys�e ont �et�e calcul�es, ils sonttransform�es vers l'espace de

Talairach en utilisant une transformation a�ne estim�ee �a partir de l' image T1.

Ensuite, un graphe d'a�nit�es des centro •�des est calcul�e en utilisant une distance

entre paires de centro•�des. La distance utilis�ee est la distance Euclidienne maximaleentre

points correspondants, normalis�ee par la longueur de centro•�de minimale (dMEn ). Cette

distance est plus restrictive que les distances fond�ees sur les points les plus proches. Pour ce

calcul, les centro•�des sont �echantillon�es en utilisant 21 points �equidistants. La n ormalisation

permet de rendre la distance plus restrictive pour les �bres courtes, en donnant des groupes

plus compacts pour ces faisceaux. Pour construire le graphe d'a�nit�esdes centro•�des, ont

utilise un seuil sur la distance maximale entre centro•�des (M dn ), qui varie normalement

entre 10 et 15 mm.

Ce graphe d'a�nit�es est utilis�e pour e�ectuer un regroupement hi �erarchique des cen-

tro•�des. L'arbre r�esultant est analys�e pour extraire seulement les groupes compacts, o�u la

distance entre tous les centro•�des est inf�erieure �a la distance maximale M dn . Les groupes

qui contiennent des centro•�des provenant d'au moins la moiti�e des sujets sont en�n s�e-
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Figure 13: Regroupement des faisceaux inter-sujet. A: Un sch�ema g�en�eral de la m�ethode .
L'analyse comprend tous les faisceaux obtenus pour un sous-ensemble de �bres, provenant d'une popu-
lation de sujets. Un centro•�de est d'abord calcul�e pour chaque faisceau. Les centro•�des de la population
de sujets sont alors transform�es vers l'espace de Talairach. Une distance restrictive est calcul�ee entre
toutes les paires de centro•�des et convertie en a�nit�e. Un graphe d'a�nit�es entre centro•�des est ensuite
calcul�e, en utilisant un seuil maximal sur la distance. Lescentro•�des sont �nalement regroup�es en uti-
lisant un regroupement hi�erarchique. Seulement les groupes compacts, contenant des centro•�des d'au
moins la moiti�e des sujets, sont s�electionn�es comme desfaisceaux g�en�eriques. Un pas additionnel permet
d'ajouter quelques centro•�des rejet�es au groupe le plus similaire.B: Exemple de faisceaux g�en�eriques
(s�election de l'h�emisph�ere gauche). Les faisceaux ont �et�e calcul�es en utilisant une distance maximale
entre �bres intra-sujetmax cdist �egale �a 10 mm et une distance maximale entre centro•�des inter-sujet
M dn �egale �a 15 mm. Les faisceaux g�en�eriques sont compos�es des centro•�des intra-sujet obtenus dans le
premier niveau de regroupement. Ils contiennent des centro•�des d'au moins six sujets di��erents.

lectionn�es et appel�es faisceaux g�en�eriques. Un dernier pas optionnel, relâche un peu les

contraintes pour ajouter quelques centro•�des aux faisceaux g�en�eriques, qui ont �et�e rejet�es

dans le regroupement. Un centro•�de non attribu�e est inclus au faisceau g�en�erique le plus

proche si sa distance au centro•�de le plus proche du faisceau est inf�erieure �a un seuil.

La Figure 13 (B) montre quelques faisceaux g�en�eriques obtenus en utilisantune distance

maximale entre �bres intra-sujet max cdist �egale �a 10 mm et une distance maximale entre

centro•�des inter-sujet M dn �egale �a 15 mm.

Des donn�ees simul�ees ont �et�e utilis�ees pour �evaluer le comportement de la m�ethode

sur une population de sujets en utilisant une normalisation a�ne. Pour cel�a, 200 �bres

de di��erentes longueur, forme et position ont �et�e s�electionn�e es �a partir d'un sujet pour
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repr�esenter des centro•�des intra-sujet. Ces centro•�des ont �et�e alors transform�es vers le

r�ef�erentiel des autres sujets en utilisant un recalage non-lin�eaire �a partir des images T1.

La m�ethode inter-sujet a �et�e alors appliqu�ee sur l'ensemble des centro•�des, transform�es

dans l'espace de Talairach avec une transformation a�ne, pour un rang de valeurs de

distanceM dn . Les faisceaux g�en�eriques obtenus ont �et�e compar�es avec la v�erit�e terrain, pour

d�eterminer le nombre de faisceaux r�ecup�er�es et le nombre de sujets qui les composaient.

Les r�esultats ont montr�e que la normalisation a�ne vers un espace standard est su�sante

pour retrouver les faisceaux les plus reproductibles �a traversles sujets.

Atlas HARDI multi-sujet des faisceaux connus de la substance bl anche pro-

fonde

La strat�egie de regroupement des �bres de deux niveaux a �et�e appliqu�ee �a la base de

donn�ees de 12 sujets de cerveaux adultes [Poupon et al. (2006)]. Cette analyse a �et�e e�ectu�e

s�epar�ement pour cinq sous-ensembles de �bres:h�emisph�ere droit , h�emisph�ere gauche, inter-

h�emisph�erique , thalamus-droit et thalamus-gauche.

Des faisceaux g�en�eriques ont �et�e obtenus en utilisant une distance maximale entre �bres

intra-sujet max cdist �egale �a 10 mm et une distance maximale entre centro•�des inter-sujet

M dn �egale �a 15 mm. Ces faisceaux ont �et�e �etiquet�es manuellement pour identi�er les fais-

ceaux connus de la substance blanche profonde. Pour l'�etiquetage nousavons utilis�e des

informations anatomiques relatives �a la trajectoire et la position des faisceaux, et particu-

li�erement �a leurs extr�emit�es, en nous appuyant sur des descriptions anatomiques [Catani

and Thiebaut de Schotten(2008)]. Des segmentations des sillons et des parcellisations cor-

ticales ont �et�e utilis�ees pour guider visuellement cette tâc he. Un faisceau est compos�e alors

de plusieurs groupes inter-sujet, qui tiennent compte de plusieurs sous-divisions du fais-

ceau connu dans l'espace standard. Chaque faisceau de l'atlas est repr�esent�e par une liste

de centro•�des inter-sujet calcul�es dans le premier niveau de la m�ethode. Par cons�equent,

l'atlas des faisceaux multi-sujet cr�e�e permet de repr�esenter la variabilit�e inter-individuelle

de la forme et la position des faisceaux. Cette inf�erence a �et�e e�ectu�e pour l'h�emisph�ere

gauche. Les faisceaux de l'h�emisph�ere droit ont �et�e calcul�es comme les sym�etriques de ceux

de l'h�emisph�ere gauche par rapport au plan inter-h�emisph�eriqu e de l'espace de Talairach.

L'atlas propos�e, illustr�e dans la Figure 14, contient un total de 36 faisceaux, compos�es

de 11 faisceaux dans chaque h�emisph�ere et le corps calleux. Plusieurs faisceaux connus

sont divis�es dans quelques fascicules.

Atlas HARDI multi-sujet des faisceaux d'association courts de la substance

blanche super�cielle

Les faisceaux d'association courts ont �et�e rarement �etudi�es; pour cette raison il n'existe

pas trop d'information sur eux dans la litt�erature. Les �etudes propos�ees jusqu'�a pr�esent uti-

lisent des atlas de ROIs apr�es l'application d'une normalisation a�ne [ Oishi et al. (2008)]

ou non-lin�eaire [Zhang et al. (2010)]. Par exemple Zhang et al. (2010) a identi��e 29 fais-

ceaux courts qui connectent des gyri adjacents. Le crit�ere utilis�e pour l'identi�cation d'un
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Figure 14: Atlas HARDI multi-sujet des faisceaux connus. A: Tous les faisceaux (4189 centro•�des):
vues depuis la droite (A1), le haut (A2) et le front (A3). B: Vues d�etaill�ees des faisceaux.B1: Vue
int�erieure du fornix (noir), faisceau uncin�e (cyan), faisceau fronto-occipital inf�erieur (violet), faisceau
longitudinal inf�erieur (rose fonc�e) et faisceau corticospinal (orange) gauche.B2: Vue ext�erieure des
segments du faisceau arqu�e gauche: direct (rouge), ant�erieur(vert) et post�erieur (jaune). B3: Vue
int�erieure des fascicules du cingulum gauche: cingulaires longs (marron), cingulaires courts (vert clair) et
temporaux (bleu).B4: Vue ext�erieure du corps calleux: rostrum (fushia), genou (bleu fonc�e), corps (vert
fonc�e) et splenium (marron fonc�e).B5: Vue ext�erieure des radiations thalamiques gauches: ant�erieure
(gris), sup�erieure motrice (sarcelle), sup�erieure pari�etale (rose), post�erieure (bleu ciel) et inf�erieure
(ocre).

faisceau a �et�e l'existence de �bres connectant les deux r�egionsdans les 20 sujets �etudi�es.

Cette m�ethode a d�emontr�e être puissante pour retrouver des faisceaux existant dans une

population de sujets, mais elle n'inclut pas des informations fond�ees sur la forme et la

position des �bres.

Pour inf�erer un mod�ele des faisceaux courts, nous avons appliqu�ealors notre m�ethode

de regroupement des �bres de deux niveaux �a la base de donn�ees de 12sujets de cerveaux
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adultes [Poupon et al. (2006)], aux sous-ensemblesh�emisph�ere droit et h�emisph�ere gauche.

Des faisceaux g�en�eriques ont �et�e obtenus en utilisant une distance maximale entre �bres

intra-sujet max cdist �egale �a 7 mm et une distance maximale entre centro•�des inter-sujet

M dn �egale �a 12 mm. Pour obtenir des faisceaux g�en�eriques compacts, le dernier pas qui

ajoute des centro•�des rejet�es n'a pas �et�e appliqu�e.

Figure 15: R�egions anatomiques de la surface corticale utilis�ees pour �etiqu eter les faisceaux
d'association courts de l'atlas HARDI multi-sujet. [Figures adapt�ee dehttp://www.bartleby.com/
107/ et http://www.netterimages.com/]

Ces faisceaux g�en�eriques, appartenant �a la substance blanche super�cielle (SWM), ont

�et�e �etiquet�es manuellement en utilisant des parcellisation s en gyri des surfaces corticales

[Cachia et al. (2003)]. L'objectif a �et�e de donner un nom anatomique �a chaque faisceau

reproductible. Seulement les faisceaux pr�esentant une forme r�eguli�ere et une position non

ambig•ue ont �et�e �etiquet�es. La Figure 15 pr�esente les gyri qui ont �et�e �nalement utilis�es

dans l'�etiquetage.

Cette inf�erence a �et�e e�ectu�ee pour l'h�emisph�ere gauche , en consid�erant les �bres entre

35 et 110 mm. Un nom a �et�e donn�e �a chaque faisceau de l'atlas, en suivant le crit�ere utilis�e

par Zhang et al. (2010), qui proposent des noms compos�es par la ou les deux r�egions qui

connectent chaque faisceau. Les faisceaux de l'h�emisph�ere droit ont �et�e calcul�es comme

les sym�etriques de ceux de l'h�emisph�ere gauche par rapport au plan inter-h�emisph�erique

de l'espace de Talairach. La plupart des faisceaux �etiquet�es sont compos�es seulement par

un faisceau g�en�erique. Comme dans le cas des faisceaux connus, chaque faisceau court de

l'atlas est repr�esent�e par une liste de centro•�des inter-sujet calcul�es dans le premier niveau

de la m�ethode, ce qui permet de repr�esenter la variabilit�e inter-individuelle de la forme

et la position des faisceaux. Quarante-sept faisceaux de la SWM ont �et�e identi��es pour

l'h�emisph�ere gauche. Ils sont illustr�es tous ensembles et individuellement dans la Figure16.
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Figure 16: Atlas HARDI multi-sujet des faisceaux d'association courts (47 faisc eaux par h�e-
misph�ere). La premi�ere ligne montre de gauche �a droite: vues ext�erieure et int�erieure des faisceaux de
l'h�emisph�ere gauche (HG), vues depuis le front et le haut de tous les faisceaux. Les lignes suivantes
montrent les 47 faisceaux de l'HG. Les noms ont �et�e attribu�es en fonction des r�egions qu'ils connectent,
en suivant les noms des r�egions illustr�es dans la Figure15. Dans certains cas, une sp�eci�cation spatiale
a �et�e ajout�ee: fr (ant�erieur), mid (moyen), bck (post�erieur), sup (sup�erieur) et inf (inf�erieur).
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Chapitre 7: Segmentation Automatique des Jeux de Donn�ees
Massifs de Tractographie

M�ethode de segmentation automatique des faisceaux de �bres

Nous proposons une m�ethode simple mais puissante pour la segmentation automatique

des jeux de donn�ees massifs de tractographie fond�ee sur l'atlas multi-sujet des faisceaux

cr�e�e dans le chapitre pr�ec�edant. Un sch�ema de la m�ethode est pr�esent�e dans la Figure 17.

La segmentation d'un nouveau jeu de donn�ees de �bres commence par une compression

en quelques milliers de faisceaux, en utilisant le regroupement intra-sujet d�ecrit dans le

chapitre 5. Les faisceaux r�esultants sont alors �etiquet�es en employant une classi�cation

supervis�ee fond�ee sur notre atlas des faisceaux multi-sujet. Lescentro•�des des faisceaux

sont d'abord normalis�es vers l'espace de Talairach en utilisant une transformation a�ne.

Ensuite, des distances entre chaque centro•�de du nouveau sujet et tous les centro•�des de

l'atlas sont calcul�ees.

La distance utilis�ee est la distance Euclidienne maximale entrepoints correspondants

(dME ). Cette distance est restrictive et permet une bonne repr�esentation de la similarit�e

entre deux �bres, en prenant en compte la position et la forme des �bres. Pour ce calcul,

les centro•�des de l'atlas et du nouveau sujet sont �echantillonn�es en 21 points �equidistants.

L'ensemble des distances entre centro•�des est calcul�e en quelques minutes.

Chaque centro•�de du sujet est �etiquet�e par le faisceau le plus proche, �a condition que

la distance vers ce faisceau, c'est-�a-dire la plus petite distance vers les centro•�des qui

repr�esentent le faisceau, soit inf�erieure �a un seuil.

Pour les faisceaux de la substance blanche profonde, ce seuil est adapt�e �a chaque

faisceau en utilisant une strat�egie leave-one-out: pour chaque faisceau, le seuil est la valeur

minimale permettant l'�etiquetage de tous les centro•�des de tous les sujets, en consid�erant

un atlas fait �a partir des onze sujets restants. Cette approcheleave-one-out permet de

d�e�nir un seuil sp�eci�que pour chaque faisceau de l'atlas, comme la distance maximale des

distances minimales entre un centro•�de de ce faisceau chez un sujet et tous les centro•�des du

même faisceau chez les autres sujets. On peut s'attendre �a ce que l'augmentation de la taille

de la base de donn�ees utilis�ee pour inf�erer l'atlas permettra d'am�eliorer l'�echantillonnage

de la variabilit�e du faisceau, ce qui diminuera les seuils utilis�es pour capturer le même

faisceau chez des sujets inconnus.

Pour les faisceaux d'association courts, ces seuils ont �et�e d�etermin�es empiriquement

pour chaque faisceau de l'atlas (entre 8 et 14 mm), en consid�erant la longueur moyenne du

faisceau et sa proximit�e aux autres faisceaux de l'atlas. Ce crit�ere conduit �a des seuils plus

�elev�es pour les faisceaux longs et isol�es. Une strat�egieleave-one-outpour la d�etermination

de ces seuils pourrait être d�evelopp�ee dans l'avenir.
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Figure 17: M�ethode de segmentation automatique des faisceaux de �bres fond�ee s ur un atlas des faisceaux multi-sujet. La segmentation d'un nouveau
jeu de donn�ees de tractographie commence par une compression en quelques milliers de faisceaux, en utilisant le regroupement intra-sujet d�ecrit dans le chapitre5.
Les faisceaux r�esultant sont alors �etiquet�es en employant une classi�cation supervis�ee fond�ee sur notre atlas des faisceaux multi-sujet. Les centro•�des des faisceaux
sont d'abord normalis�es vers l'espace de Talairach en utilisant une transformation a�ne. Ensuite, des distances entre chaque centro•�de du nouveau sujet et tous les
centro•�des de l'atlas sont calcul�ees. Chaque centro•�de du sujet est �etiquet�e par le faisceau le plus proche, �acondition que la distance vers ce faisceau, c'est-�a-dire
la plus petite distance vers les centro•�des qui repr�esentent ce faisceau, soit inf�erieure �a un seuil.
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R�esultats

Un probl�eme connu sur l'�evaluation de la segmentation des faisceaux dela substance

blanche est l'absence de v�erit�e terrain. Cela est d'autant plus complexe pour la substance

blanche super�cielle, dont la cartographie est encore largement inconnue et au mieux de nos

connaissances, seulement la forme de quatre faisceaux de la substance blanche super�cielle

a �et�e d�ecrite dans la litt�erature [ Oishi et al. (2008)]. Nous �evaluons notre approche �a

l'aide d'autres bases de donn�ees: huit adultes et quatre enfants pour la segmentation des

faisceaux de substance blanche profonde, et dix adultes pour la segmentation des faisceaux

d'association courts.

R�esultats pour la segmentation des faisceaux connus de la subst ance blanche

profonde. Huit sujets d'une base de donn�ees HARDI de sujets adultes (DB2), ont �et�e

utilis�es pour tester la m�ethode de segmentation des faisceaux dela substance blanche

profonde. Cette base de donn�ees fournit des images de haute qualit�e pond�er�ees en T1

et des donn�ees DW contenant 41 directions, �a partir d'une valeur b de 1000 s/mm2. La

fonction des distribution des orientations de di�usion (ODF) a �et� e reconstruite dans chaque

voxel en utilisant une solution analytique du mod�ele q-ball [Descoteaux et al.(2007)]. La

tractographie du cerveau entier a �et�e calcul�ee en utilisant un masque de tractographie

�a partir de l'image de FA, avec un seuil �egal �a 0.15, et un algorithme de tractographie

d�eterministe r�egularis�ee, donnant �a peu pr�es 1.5 millions de �bres par sujet. Nous n'avons

pas utilis�e notre masque de propagation de la tractographie fond�e sur l'image T1 a�n

d'�eviter tout biais lors des comparaisons entre nos r�esultats et ceux d'autres m�ethodes,

adapt�ees �a un masque �a partir de la FA.

Les r�esultats de la segmentation sont pr�esent�es dans la Figure18 (A-E). Les faisceaux

ont �et�e colori�es en suivant les couleurs des faisceaux de l'atlas (Figure 14). Tous les fais-

ceaux de l'atlas ont �et�e trouv�es dans tous les sujets �a l'exception du fornix et du segment

long (ou direct) du faisceau arqu�e droit. Les segmentations ont �et�e valid�ees par un expert.

Le probl�eme avec le fornix est g�en�eralement li�e �a une erreur dans le masque de tracto-

graphie normalement produite �a cause du faible diam�etre de ce faisceau. Le probl�eme du

faisceau arqu�e pourrait être li�e �a la sym�etrisation de notre atlas , qui pourrait ne pas tenir

compte correctement de l'asym�etrie de ce faisceau li�e au langage. Cependant, en explo-

rant l'ensemble des donn�ees de tractographie avec une m�ethode fond�ee sur des ROIs, nous

n'avons pas r�eussi �a segmenter ce tract dans les cerveaux o�u notrestrat�egie fond�ee sur un

atlas n'as pas r�eussi.

Ce qui pourrait arriver, c'est que lorsque le faisceau arqu�e n'est pas assez large, la

r�esolution spatiale actuelle des donn�ees de di�usion n'est pas su�sante avec une strat�egie

de tractographie d�eterministe. En e�et, plusieurs �etudes ont m ontr�e une forte asym�etrie

de la taille du faisceau arqu�e, li�ee �a l'asym�etrie du syst�eme de langage [Catani et al.

(2007)]. Pour obtenir un aper�cu de la qualit�e des r�esultats, les faisceaux ont �et�e visuellement

compar�es �a ceux obtenus avec un seuil de distance plus grand. Nous avons constat�e que

les seuils estim�es sont proche de l'optimale pour tous les faisceaux.
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Le même comportement a �et�e observ�e apr�es l'application de la m�e thode de segmenta-

tion �a quatre enfants d'une base de donn�ees DTI.

Figure 18: A-E: R�esultats pour la m�ethode de segmentation automatique des fais ceaux de
la substance blanche profonde chez l'adulte. Les couleurs utilis�ees sont les mêmes que celles des
faisceaux de l'atlas (Figure14). A: tous les faisceaux chez les huit sujets (vue depuis le front).Les
r�esultats qui suivent sont seulement montr�es pour quatre sujets.B: radiations thalamiques gauches (vue
depuis l'ext�erieur).C: cingulum et fornix gauches (vue depuis l'ext�erieur).D: faisceaux fronto-occipital
inf�erieur, longitudinal inf�erieur et uncin�e droits et gauches (vue oblique depuis l'angle ant�erieur gauche).
E: faisceau arqu�e gauche (vue depuis l'ext�erieur).F-J: Une comparaison entre les r�esultats obtenus
par notre m�ethode et une approche fond�ee sur des ROIs. Les abr�eviations utilis�ees pour les faisceaux
sont les suivantes: cingulum (CG), faisceau uncin�e (UN), faisceau longitudinal inf�erieur (IL), segment
long du faisceau arqu�e (AR), faisceau fronto-occipital inf�erieur (IFO), faisceau corticospinal (CST), avec
une "R" ou une "L" ajout�ee, qui indique s'il s'agit du faisceaudroit ou gauche, respectivement.F: un
graphique des moyennes des distances (en mm) entre les �bres segment�ees seulement par une m�ethode
et la �bre la plus proche des �bres segment�ees par les deux m�ethodes, pour tous les sujets. Les r�esultats
apparaissent en bleu pour notre m�ethode et en vert pour la m�ethode fond�ee sur des ROIs.G-J: quelques
exemples pour quatre faisceaux di��erents. Les �bres segment�ees par les deux m�ethodes apparaissent
en rouge, celles segment�ees seulement par notre m�ethode apparaissent en bleu et celles segment�ees
seulement par l'approche fond�ee sur des ROIs apparaissent en vert.
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En outre, une comparaison a �et�e faite pour la base de donn�ees d'adultes avec une

m�ethode tr�es connue fond�ee sur des ROIs, propos�ee parZhang et al. (2010). Pour cela,

nous avons d�etermin�e les �bres segment�ees par les deux m�ethodes, et celles segment�ees

seulement par l'une des m�ethodes. Les �bres communes semblentêtre bien segment�ees par

les deux m�ethodes, suivant la d�e�nition de chaque faisceau (voir par exemple [Catani and

Thiebaut de Schotten (2008)]). Mais, lors de l'analyse des �bres segment�ees seulement par

l'une des m�ethodes, nos r�esultats semblent être meilleurspour la base de donn�ees utilis�ee.

Pour la plupart des faisceaux, nous avons constat�e que l'approche fond�ee sur des ROIs

perd certaines �bres parfaitement adapt�ees �a la d�e�nition et �a la forme du faisceau, mais

localis�ees dans la p�eriph�erie du faisceau. Cette faiblesse est probablement induite par un

recalage non parfait. Nous avons �egalement observ�e que la strat�egie fond�ee sur des ROIs

s�electionne quelques �bres pr�esentant des trajectoire bizarres, parce que la forme des �bres

n'est pas consid�er�ee dans l'analyse. Quelques exemples sont donn�es pour quatre faisceaux

di��erents dans la Figure 18 (G-J). Pour con�rmer ce comportement, nous avons calcul�e la

moyenne des distancesdME entre les �bres segment�ees seulement par l'une des m�ethode

et la �bre la plus proche segment�ee par les deux m�ethodes, pourtous les sujets (voir la

Figure 18 (F)). Cette analyse a �et�e e�ectu�ee pour les faisceaux segment�es par les deux

m�ethodes, pr�esentant des d�e�nitions similaires. Toutes les distances se sont r�ev�el�ees plus

importantes pour la m�ethode fond�ee sur des ROIs, con�rmant que, en g�en�eral, d'une part,

notre m�ethode permet de d�etecter une quantit�e non n�egligeable de �bres qui ont une forte

probabilit�e d'appartenir au faisceau et qui ne sont pas d�etect�ees par la m�ethode fond�ee

sur des ROIs, et, d'autre part, que les �bres qui ne sont pas d�etect�ees par notre m�ethode

sont tr�es di��erentes de la forme du faisceau.

R�esultats pour la segmentation des faisceaux d'association cour ts Quant �a la

segmentation des faisceaux d'association courts, nous avons utilis�e dix sujets de la base de

donn�ees DB2, mais en utilisant dans ce cas notre masque de propagation fond�e sur l'image

T1, qui am�eliore la d�etection de la connectivit�e sous-corticale.

Les r�esultats pour les dix sujets sont pr�esent�es dans la Figure19. Tous les faisceaux ont

�et�e trouv�es dans au moins la moiti�e des sujets, ce qui est coh�erent avec les conditions de

construction de notre atlas. Vingt-et-un faisceaux ont �et�e trouv�es d ans tous les sujets, douze

faisceaux ont �et�e trouv�es chez neuf sujets pour chaque h�emisph�ere et quatorze faisceaux

ont �et�e trouv�es chez entre cinq et huit sujets pour chaque h�em isph�ere. Les segmentations

ont �et�e valid�ees par un expert. Comme pour les faisceaux de la substance blanche profonde,

les faisceaux ont �et�e visuellement compar�es �a ceux obtenus �a l'aide de seuils de distance

plus grands. Nous avons constat�e que les seuils utilis�es ont �et�e pr�es de l'optimale pour

la plupart des faisceaux. Les faisceaux longs et isol�es ont �et�e en g�en�eral bien segment�es,

quand ils existaient, mais certaines erreurs ont �et�e trouv�ees pour les classi�cations des

faisceaux courts localis�es tr�es pr�es d'autres faisceaux de l'atlas.
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Figure 19: R�esultats pour la m�ethode de segmentation automatique des faisceaux courts d'as-
sociation chez l'adulte. Seulement les r�esultats pour l'h�emisph�ere gauche sont montr�es. Les couleurs
des faisceaux sont les mêmes que celles des faisceaux de l'atlas (Figure16). Les faisceaux ont �et�e divis�es
en trois groupes, en fonction de leur reproductibilit�e. Les faisceaux de l'atlas sont illustr�es dans le coin
sup�erieur gauche de chaque image.A: Faisceaux de �bre trouv�es dans tous les sujets (21 faisceaux). B:
Faisceaux de �bre trouv�es dans 9 de 10 sujets pour chaque h�emisph�ere (12 faisceaux).C: Faisceaux de
�bre trouv�es dans 5 �a 8 sujets pour chaque h�emisph�ere (14 faisceaux).
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Conclusion

Dans cette th�ese, nous avons propos�e de nouvelles m�ethodes pour le regroupement

et l'analyse des jeux de donn�ees de tractographie massifs et complexes, contenant plus

d'un million de �bres. L'analyse principale se compose de deux parties: un regroupement

intra-sujet et un regroupement e�ectu�e chez une population de sujets. Cette strat�egie a

permis l'inf�erence d'un mod�ele des faisceaux de la substanceblanche du cerveau humain

fond�e sur l'imagerie de di�usion �a haute r�esolution angulaire. Un atlas multi-sujet a ainsi

�et�e construit, compos�e de 36 faisceaux de la substance blanche profonde, et 94 faisceaux

courts d'association de la substance blanche super�cielle. Cet atlas est utilis�e �nalement

pour la segmentation automatique des faisceaux connus de de la substanceblanche pro-

fonde et plusieurs faisceaux courts d'association chez des nouveaux sujets. Ces apports

m�ethodologiques ont �et�e d�ecrits et d�evelopp�es dans les chapi tres 4, 5 et 6 de cette th�ese.

Ces contributions n�ecessitent certaines connaissances sur l'anatomie de la substance

blanche c�er�ebrale, les principes de l'IRM de di�usion et les m�ethodes de regroupement de

�bres. Tous ces sujets ont �et�e examin�es et trait�es dans les premiers chapitres de cette th�ese.

Contributions

Tout au long de cette th�ese, nous avons essay�e de faire les bons choixmath�ematiques

et algorithmiques pour r�esoudre les probl�emes d'int�erêt. Tout d'abord, nous avons utilis�e

une strat�egie de regroupement intra-sujet hi�erarchique utilisant une classi�cation fond�ee

sur les voxels pour une analyse e�cace des jeux de donn�ees de tractographie individuels.

Cette approche, compos�ee de plusieurs �etapes de traitement, garantit la robustesse et des

r�esultats de bonne qualit�e. Ensuite, nous avons d�evelopp�e une m�ethode de classi�cation

inter-sujet nouvelle et e�cace, capable d'analyser des jeux de donn�ees de tractographie

tr�es grands �a partir d'une population de sujets et d'en d�eduire u n mod�ele des faisceaux

g�en�eriques pr�esents dans la plupart des sujets. Pour faire face �a la limitation de la taille

des donn�ees, la m�ethode utilise en entr�ee les r�esultats du regroupement intra-sujet, qui

consiste en quelques milliers de faisceaux repr�esentant la structure du jeu de donn�ees de

�bres dans sa totalit�e. Nous avons test�e la robustesse et la qualit�e des r�esultats de nos

m�ethodes en utilisant des donn�ees simul�ees. Le regroupement intra-sujet a �et�e �egalement

compar�e avec une autre strat�egie de force-brute non-scalable. En�n, nous avons propos�e

une m�ethode rapide, robuste et automatique de segmentation des faisceaux de la substance

blanche, fond�ee sur l'atlas des faisceaux multi-sujet et la m�ethode de regroupement intra-

sujet. Nous avons fait un e�ort sp�ecial pour �etudier et discuter l' �etat de l'art des m�ethodes

de regroupement et segmentation des faisceaux pour mettre en �evidence les forces et les

limites des m�ethodes que nous avons propos�ees.
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En r�esum�e, les contributions importantes et originales de la th�e se sont les suivantes:

Contributions majeures

1. Une m�ethode robuste de regroupement de �bres intra-sujet pour des jeux de donn�ees

massifs de tractographie.

2. Une strat�egie de regroupement de �bres de deux niveaux, pour l'inf�erence d'un mo-

d�ele des faisceaux de �bres du cerveau humain �a partir des jeux detractographie

HARDI.

3. La construction d'un atlas HARDI multi-sujet des faisceaux en utilisant la strat�egie

de regroupement de �bres de deux niveaux.

4. Une m�ethode de segmentation automatique des jeux de donn�ees massifs de tracto-

graphie �a partir de l'atlas multi-sujet.

Contributions mineures

1. Une m�ethode pour la construction d'un masque de propagation de la tractographie

robuste �a partir des images T1.

2. Des donn�ees de tractographie simul�ees pour l'analyse des m�ethodes de regroupement

de �bres intra-sujet et inter-sujet.

Nous croyons que ces contributions ont atteint l'objectif initial de cette th�ese, qui

a �et�e de d�eduire un mod�ele des faisceaux de �bres de la substance blanche du cerveau

humain �a l'aide de l'imagerie de di�usion �a haute r�esolution angulair e.

Perspectives

Nous pensons que notre approche est une �etape de l'analyse n�ecessaire et cruciale pour

des jeux de donn�ees massifs de �bres. Ainsi, notre approche sera �etendue facilement �a la

r�esolution spatiale de 1 mm qui peut maintenant être utilis�e avec l'imagerie parall�ele �a tr�es

hauts champs. Cette r�esolution spatiale est cens�ee mettre en �evidence une multitude de

faisceaux de �bres en U et mieux d�elimiter d'autres gros croisements de �bres. Par cons�e-

quent, on peut s'attendre dans un proche avenir, �a voir des �etudes plus exploratoires en

vue d'am�eliorer notre connaissance sur la structure des faisceaux de la substance blanche,

en particulier, des faisceaux d'association courts. Notre atlas est cens�e être ra�n�e dans

le futur pour tenir compte de plusieurs subdivisions des faisceaux connus de la substance

blanche profonde et des nouveaux faisceaux d'association courts.

En ce qui concerne les faisceaux d'association courts, chaque faisceaude �bre en U in-

f�er�e dans ce travail n'a eu besoin que d'un alignement raisonnable des faisceaux provenant

de la moiti�e des sujets, ce qui se passe dans les r�egions du cerveaules plus stables. Cepen-

dant, une augmentation du nombre de faisceaux de �bres en U g�en�eriques, n�ecessitera une

am�elioration de la normalisation spatiale utilis�ee pour comparer les faisceaux �a travers les

sujets. Par cons�equence, l'utilisation d'une normalisation non-lin�eaire en s'appuyant sur
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une segmentation des sillons [Auzias et al. (2011)] produira une am�elioration importante

sur les r�esultats. En outre, la poursuite des travaux va nous conduire �a am�eliorer it�erati-

vement la normalisation spatiale �a l'aide de contraintes sur les faisceaux inf�er�es, a�n de

mieux aligner d'autres faisceaux [Durrleman et al. (2009)].

N�eanmoins, quelle que soit l'e�cacit�e de la strat�egie de normalis ation, un meilleur

�echantillonnage de l'ensemble de la variabilit�e exigera l'application de cette strat�egie �a

une plus grande base de donn�ees HARDI. Ce sera d'un int�erêt particulier pour l'�etude et

la repr�esentation de la variabilit�e anatomique des subdivisions des voies et des faisceaux

d'association courts.

En outre, une plus grande base de donn�ees est en train d'être utilis�ee pour la validation

des r�esultats de la segmentation automatique des faisceaux.

Nous croyons que les principales contributions de la th�ese peuvent maintenant être

appliqu�ees pour r�epondre �a des questions plus neuroscienti�ques. En fait, nos algorithmes

commencent �a être utilis�es par les chercheurs en neurosciences, en partie parce qu'ils sont

disponibles sur demande �a travers le logiciel BrainVISA/Connectomist2.01. La m�ethode

de regroupement intra-sujet est en train d'être utilis�ee pour l'analyse des jeux de donn�ees

de tractographie chez des enfants avec ag�en�esie du corps calleux. De plus, des analyses des

index de di�usion seront e�ectu�ees sur une grande base de donn�eesde patients atteints

du syndrome bipolaire ainsi que des contrôles, en utilisant notre m�ethode de segmentation

automatique DWM faisceaux.

Nous pensons que plusieurs applications des m�ethodes d�ev�elop�ees surgiront dans le

futur. Les faisceaux qui r�esultent du regroupement intra-sujet peuvent être combin�es

avec des donn�ees fonctionnelles pour e�ectuer des �etudes neuroscienti�ques ou avec

d'autres segmentations anatomiques du cerveau, comme des tumeurs, pour analyser la

structure de la substance chez des cerveaux pathologiques. En outre, des m�ethodes pour

la parcellisation de la surface corticale pourraient être d�ev�elop�ees �a partir des r�esultats

obtenus avec notre strategie de regroupement des �bres de deux niveaux. En�n, nous

croyons que la m�ethode de segmentation automatique des faisceaux appartenants �a la

substance blanche profonde et super�cielle, est un outil puissantpour le d�eroulement des

�etudes des donn�ees de di�usion chez des populations des sujets.

Finalement, d'un point de vue informatique, les algorithmes d�evelopp�es peuvent être

encore optimis�es par l'utilisation de la parall�elisation informatiq ue et de la codi�cation

des parties critiques du code d'une fa�con plus e�cace, en utilisant une plate-forme comme

le processeur graphique (GPU, de l'anglais Graphics Processing Unit). L'am�elioration et

le d�eveloppement d'algorithmes capables de traiter des jeux de donn�ees de tractographie

�enormes sera un domaine de recherche ouvert tant que la taille des ensembles de donn�ees

de tractographie continue �a augmenter. C'est d�ej�a le cas pour les jeux de donn�ees de

tractographie probabiliste, qui pr�esentent des tailles tr�es imp ortantes, aux alentours de 30

1http://brainvisa.info
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millions de �bres pour les r�esolutions actuelles.
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Introduction
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Chapter 1

Introduction

Context

Human brain white matter (WM) structure and organisation are not yet comple tely known.

Nerve �bers connect neurons of di�erent brain regions forming more or less complex net-

works, which are the source of all the brain tasks. The inference of theanatomical brain

connectivity mapping is therefore a great challenge, of great interestfor understanding

brain function and study many diseases.

Di�usion-Weighted Magnetic Resonance Imaging (DW-MRI or dMRI) o�ers a unique

approach to study in vivo the structure of brain tissues. It allows the non invasive recon-

struction of brain �ber bundle trajectories using tractography. The di�usion local model

most used to date is the di�usion tensor (DTI) which has enabled the development of

studies in both, the clinical area and the more fundamental research.In this way, white

matter long association bundles have been studied in healthy subjects and for several

diseases. However the DTI model has some limitations in the representation of �ber bun-

dles complex con�gurations. In fact, only one population of bundles can be accurately

represented by this model. With the emergence of more powerful MRI scanners that al-

low higher spatial resolution and new techniques of dMRI with high angular resolution

(HARDI), tractography data present today a better quality, but, desp ite this progress, not

devoid of artifacts. These tractography data present a high complexity and are very huge,

containing over a million �bers for the whole brain.

How to analyse and quantify the structures de�ned by tractography, and in particular,

how to extract the �ber bundles is therefore an unsolved problem. Since the development of

tractography, several methods have been proposed to analyse WM tracts and segment them

automatically. Until now, the method most frequently used requires multiple regions of

interest (ROI). This approach is a guided method, in which �ber tr actography is performed

from seeds located in prede�ned ROIs, or throughout the brain, and thatpreserves only the

�bers that pass through other prede�ned ROIs. Other approaches use atlases of di�erent

brain regions to extract known bundles, relying on the quality of registration between the

di�usion data and the anatomical atlases.

Other approaches try to automatically cluster and classify all the �bers generated by
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a whole brain tractography, using a pairwise �ber distance. These methods have shown

to be very powerful as the shape and position of the �bers are considered in the analysis.

One of the major limitations of these approaches is the dataset size, which currently makes

impossible an e�cient processing which considers all the �bers ofthe dataset. Thus, the

proposed approaches use �ber samples, or a priori information for reducing the data or

subdividing the problem.

In general, the proposed methods aim to recover the known bundles ofdeep white

matter, which are commonly large and present a quite similar shape acrosssubjects. But

there is a big amount of bundles, in special, short association bundles of super�cial white

matter, that have been rarely studied, and that present a huge variability between sub-

jects. Furthermore, deeper analyses could be performed over known bundles in order to

obtain a better description, consisting in a decomposition into fascicles. Regarding inter-

subject analysis, several alignment methods have been proposed, based on the whole T2

or T1 images, ROIs or on several bundle shape descriptors, but the problem of bundles

comparison across subjects is still open.

In this thesis, we develop a two-level �ber clustering strategy able to analyse huge

tractography datasets from a population of subjects. From this analysis, the most re-

producible bundles of deep and super�cial white matter can be identi�ed. A HARDI

multi-subject bundle atlas is thus inferred and also used to automatically segment bundles

of new massive tractography datasets.

Organization and Contributions of this Thesis

This thesis is organized in three parts. The Background part describes the white matter

cerebral anatomy, the principles of DW-MRI and the existing approaches for white matter

bundles clustering and segmentation. Then, the Methods part describes the methodologi-

cal contributions of the thesis. Some examples of application are also described in this

part. The Applications part illustrate an example of application of the developed methods.

The thesis covers two main aspects of tractography datasets analysis. First, an intra-

subject clustering is proposed to deal with huge tractography datasets, without the use

of strong anatomical a priori information. Then, this intra-subject clu stering is used as

input for an inter-subject clustering, allowing the study of whi te matter bundles across a

population of subjects. A HARDI muti-subject model of human brain WM bu ndles is thus

inferred. This atlas includes most of the known deep WM bundles andalso a big amount

of short association WM bundles. This atlas is �nally used for the automatic segmentation

of new massive tractography datasets.

We now give an overview of the organization and of the contributions of each chapter

in turn.
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Part I: Background

Chapter 2 presents a background on the basic aspects of brain anatomy. It details the

main nervous tissues and the anatomical divisions of the brain. Since the principal interest

of this thesis is anatomical connectivity, it is focused on brain white matter composition

and structure, which determine how the brain is connected.

Our review starts with the macroscopic anatomical brain divisions in function of their

composing tissues and main functionalities. Subsequently, the di�erent human brain tis-

sues and nervous tissue types are concisely described. The microscopic neuron, one of

the most important nerve cells, takes a fundamental place in the description of neural

tissues as gray and white matter. Finally, the organization of the human white matter is

studied. Known �ber bundles are covered as well as the main parts of the brain that are

connected by each �ber tract. Some �ber bundles, implicated in mainhigh brain functions

are particularly highlighted, as the case of the arcuate fasciculus and its relation with

language.

Chapter 3 This chapter presents a background on the basic principles of di�usion MRI,

a technique allowing the study in vivo of white matter structure and its connections.

First, we introduce the concepts underlying di�usion-weigthed (DW) imaging, where

the di�usion of water molecules in living tissue takes a fundamentalplace. Next, we review

the basics of Nuclear Magnetic Resonance (NMR), followed by a brief description of DW-

MRI. The discussion continues with the approaches designed to locally model the di�usion

signal. We start with the di�usion tensor imaging (DTI), as the most int uitive and simple

mean to infer microstructure of biological tissues. This Gaussian model of di�usion allows

the measurement of quantitative parameters extensively used in clinical studies. Then,

more complex reconstruction algorithms, using high angular resolution di�usion data are

explored. These methods overcome some limitations of the DTI model, as the impossibility

to reconstruct multiple �ber distributions of water di�usion. Th e streamline tractography

is �nally introduced, a technique aiming to reconstruct three-dimensional trajectories of

white matter �bers, which constitute the input dataset of this the sis.

Chapter 4 In order to situate our work, this chapter presents a review of the main

approaches used for tractographic pathways clustering and identi�cation.

The review starts with a brief description of methods for WM segmentation based

on DW-MRI images. Next, techniques based on regions of interest (ROIs)for extracting

known �ber tracts are mentioned. Then, the main approaches proposed forwhite mat-

ter clustering and segmentation, are presented. White matter �ber clustering methods

are particularly addressed. The main clustering algorithms, as well asthe di�erent �ber

similarity measures described in the literature are detailed. The discussion continues with

a review of the main proposed �ber clustering methods, since its beginnings until today.

These methods are also summarized in a table describing, among others, the main input,

outputs, clustering method, distance measure, priors, and the successfully identi�ed bun-
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dles. Finally, a brief review of the approaches proposed for the quantitative analysis of

DW measures across bundles is included. The di�erent methods fordetermining corre-

spondence across bundles and for comparing WM di�usion indexes are specially addressed.

Part II: Methods

The Methods part describes the original and most important contributions made in this

thesis.

Chapter 5 In order to overcome the tractography dataset size limitation of the standard

tract-clustering strategy, we propose an intra-subject clustering method based on a voxel-

based clustering approach.

First, an introduction describes the main technical aspects considered in the method

design and development. Next, an overview of the method, composed by asequence of

algorithms performing a robust hierarchical clustering of a �ber tractography dataset, is

presented. Then, each step of the method is detailed. The robustness and the cost of the

scalability of the method are checked using simulated tract datasets. Also a comparison is

performed with a brute force clustering method. The complete method is then applied to

the tracts computed for twelve subjects of a HARDI adult database and for two children

of a database with lower angular resolution acquisitions and a tensor model. Finally, the

method is applied to the data issued from an actual phantom containing a plethora of

realistic crossing, kissing, splitting and bending �ber con�gurati ons. This last experiment

illustrates the interest of our compression method for comparing di�erent di�usion local

models and tractography algorithms.

Additionally, we describe the creation of a robust propagation mask stemming from

T1 anatomy, which, in conjunction with tractography techniques, impr oves the accuracy

of the anatomical connectivity of the brain by reducing false positivesand increasing the

detection of the subcortical connectivity.

Chapter 6 In this chapter we present a method for the clustering of a set of tracts

stemming from several subjects, after spatial normalization, with the aim to create a

model of the main human brain bundles. The objective is to constructa HARDI bundle

atlas, including the known bundles of deep WM, but, most interestingly, new discovered

short association bundles of super�cial WM.

First, the method consisting in a two-level strategy chaining intra- and inter-subject

�ber clustering is described. To deal with very huge tractography datasets and reduce

the complexity of the data, the method uses the intra-subject clustering presented in the

previous chapter. The second level is specially detailed. It gathers the bundles obtained in

the �rst level for a population of subjects and performs a clusteringafter a spatial normal-

ization, producing as output a model composed by a list of generic �berbundles that can

be detected in most of the population. In order to study the behavior ofthe inter-subject

clustering over a population of subjects aligned with a�ne registrati on, a validation with
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simulated dataset is presented. A novel HARDI multi-subject bundle atlas, representing

the variability of the bundle shape and position across subjects is �nally inferred. The at-

las includes 36 deep WM bundles, some of these representing a few subdivisions of known

WM tracts and 94 short association bundles of super�cial WM.

Part III: Application

The Application part is short but illustrates the added value and the pot ential of the

developed methods.

Chapter 7 This chapter presents a method for the automatic segmentation of known

deep white matter and some short association �ber bundles from massivedMRI tractog-

raphy datasets. The method is based on the multi-subject bundle atlas derived from a

two-level intra-subject and inter-subject clustering strategy, described in chapter6.

New tractography datasets are �rst compressed with the intra-subject clustering. The

resulting bundles are then labeled using pairwise distances to the centroids representing

the multi-subject atlas bundles. The segmentation of deep white matter bundles is applied

to height adults and four children while the segmentation of short association bundles is

applied to ten adults. In the case of known deep WM bundles, results are compared with

a ROI-based approach.

Appendix A

This appendix describes the main WM atlases proposed in the literature, in particular

those created or used by �ber clustering methods.

Appendix B

The appendix enumerates the publications from the author arising fromthis thesis. We

have published in a major international journal and in important conferences.

Software contributions

Finally, we would like to point out that all the algorithms described in the Methods part

are now available upon request as a toolbox of the BrainVISA/Connectomist2.01 software

platform for analysis and visualization of tractography brain data. Part of the in tegration

work, and all the optimization and graphical interface development has been done by

Delphine Duclap (Research Engineer, Neurospin, CEA), in close collaboration with Cyril

Poupon (Researcher, Neurospin, CEA) and all the BrainVISA software development team.

1http://brainvisa.info
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Overview

This chapter presents a background on the basic aspects of brain anatomy. It details the

main nervous tissues and the anatomical divisions of the brain. Since the principal interest

of this thesis is anatomical connectivity, it is focused on brain white matter composition

and structure, which determine how the brain is connected.

Our review starts with the macroscopic anatomical brain divisions in function of their

composing tissues and main functionalities. Subsequently, the di�erent human brain tis-

sues and nervous tissue types are concisely described. The microscopic neuron, one of the

most important nerve cells, takes a fundamental place in the description of neural tissues

as gray and white matter. Finally, the organization of the human white matter is studied.

Known �ber bundles are covered as well as the main parts of the brain that are connected

by each �ber tract. Some �ber bundles, implicated in main high brain f unctions are par-

ticularly highlighted, as the case of the arcuate fasciculus and its relation with language.

This introductory chapter is inspired from atlases, review articles and thesis chapters from

[Gray (1918); Kandel and Schwartz(1985); Woolsey et al.(2008); Perrin (2006); O'Donnell

(2006); Descoteaux(2008); Catani and Thiebaut de Schotten (2008); Johansen-Berg and

Behrens (2009)] which are excellent sources for a general understanding of the nervous

tissue, brain anatomy and white matter bundles.

Keywords: nervous tissue, gray matter, white matter, deep nuclei, �ber tracts, �ber

bundles, projection �bers, association �bers, commissural �bers, U-�bers

Organization of this chapter:

The chapter is organized as follows. We �rst give a brief overview of the human brain

structure in Section 2.1. Then, the nervous tissue is described in Section2.2. The white

matter organization, including a review of deep and super�cial white matter �ber tracts

is �nally presented in Section 2.3.

2.1 Human Brain General Anatomy

The human brain is one of the most important and complex organs in the human

body. For more than one hundred years, investigating its organization and function has

been of fundamental interest in neurology and neurosciences. We knowvery little of the

complex functioning of the brain but we know quite a lot about its anatomy [Gray (1918)].

The brain controls the central nervous system (CNS), the peripheralnervous system

(PNS) and regulates all human activity. Figure 2.1 shows the main divisions of the CNS.

Broadly, the central nervous system is made up of the spinal cord and thebrain.

At a larger scale, the human brain is made of di�erent elements such asblood,

cerebrospinal 
uid (CSF), white matter (WM) and gray matter (GM). B ecause of the

appearance of fresh brain tissue, areas rich in neurons bodies, synapses and glia are called

gray matter, and areas containing mainly myelinated axons and glia are calledwhite

matter. These element classes produce also a di�erent signal contrast under anatomical
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Figure 2.1: The six major divisions of the central nervous system. (1) the spinal cord; (2) medulla
oblongata, (3) pons, and (4) midbrain [collectively called the brain stem]; (5) diencephalon; and (6)
cerebral hemispheres. The brain is also commonly subdivided into three broader regions: the hind-
brain (medulla, pons, ans cerebellum), the midbrain, and theforebrain (diencephalon and cerebral
hemispheres). [Adapted fromKandel and Schwartz(1985)].

Magnetic Resonance Imaging (MRI). Examples of brain coronal slices, for an anatomical

MRI and an histological sample are illustrated in Figure 2.2. White matter appears in

white color inside the brain, while the cortex of gray matter is the gray covering layer of

2{4 mm.

The brain can be divided into three main parts (cf. Figure 2.1):

� telencephalon , composed by the twocerebral hemispheres(right and left) (6)

� diencephalon (5), composed by a group of structures located deep within thecere-

brum

� brain stem , composed by themedulla oblongata(2), the pons (3) and the midbrain

(4)
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Figure 2.2: Coronal slices of human brain. A coronal slice of an anatomical MRI is presented inA,
while B contains an histological slice. White matter appears in white color inside the brain, while the
cortex of gray matter is the grey covering sheet.C illustrates the main structures present in a human
brain coronal slice. Gray matter, white matter and several basal ganglia are hightlighted. [Adapted
from Hasboun(2007)].

The hindbrain is the structure that connects the spinal cord to the brain. It includes

the cerebellum, the pons and the medulla oblongata. The structure called thecerebrum

is composed by the diencephalon and the telencephalon.

The Cerebral Hemispheres contain the cerebral cortex, a sheet of gray matter that

is outermost to the cerebrum. The cerebral cortex is the most important structure of the

GM and plays a major role in cognitive functions. Cerebral hemispheres are concerned

primarily with sensory and motor processes of thecontralateral side of the body. Each

hemisphere of the cerebral cortex is divided into �veslobes : frontal lobe, parietal lobe,

occipital lobe, temporal lobe and insular lobe (cf. Figure2.3). Each one has been associ-

ated with di�erent functions ranging from reasoning to auditory perception (see Table2.1).

Lobes from both hemispheres, although quite similar, are not completelysymmetrical in
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structure, nor are they equivalent in function. The lobes presentseveral sulci and gyri.

The sulci (or �ssures) are the grooves and the gyri are the convolutionson the brain's sur-

face. The more prominent gyri and sulci are very similar from one individual to another

and therefore have speci�c names.

Lobe Name Localization
in the brain

Main Functions

Frontal front associated with reasoning, motor skills (primary mo-
tor, premotor and supplementary motor areas), higher
lever cognition (prefrontal cortex), and expressive lan-
guage (Broca's area)

Parietal middle section associated with processing tactile sensory information
(primary somatosensory cortex), language comprehen-
sion, spatial orientation and perception

Temporal bottom
section

primary auditory cortex, which is important for inter-
preting sounds and language (Wernicke's area), visual
processing, formation of memories (hippocampus) and
learning

Occipital back section primary visual cortex, visual association cortex
Insula beneath parts

of the parietal
and temporal
lobes

associated with emotion, memory and the regulation
of the body's homeostasis. In
uences other functions
like perception, motor control, self-awareness, cogni-
tive functioning, and interpersonal experience.

Table 2.1: Human brain lobes localization and function [Adapted from O'Donnell (2006)].

The Brain Stem is comprised of the midbrain, the pons and the medulla oblongata.

The medulla is located directly above the spinal cord and controls many vital autonomic

functions such as heart rate, breathing and blood pressure. Thepons connects the medulla

to the cerebellum and helps coordinating movement on each side of the body. Nerve

impulses coming from the eyes, ears, and touch receptors are sent to the cerebellum. The

pons also participates in the re
exes that regulate breathing. The brain stem contains

several collections of neuron bodies (gray matter), called thecranial nerve nuclei. Some

of these nuclei receive sensory information from the skin and muscles of the head. Other

nuclei control motor output to the muscles of the face, neck and eyes. The reticular

formation is a neural network located in the brain stem that helps controlling functions

such as sleep and attention. It collects inputs from higher brain centers and passes it to

motor neurons. The midbrain is the smallest region of the brain that acts as a sort of

relay station for auditory and visual information. The midbrain controls m any important

functions such as the visual and auditory systems as well as eye movement. Portions of the

midbrain called the red nucleusand the substantia nigra are involved in the control of body

movement. The degeneration of neurons in the substantia nigra is typically associated with

Parkinson's disease.
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Figure 2.3: The main divisions of the brain and lobes of the cerebral cortex are colored and labeled in
middle sagittal (A) and lateral (B) views of the brain. [Taken from Woolsey et al.(2008)].
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The Cerebellum lies on top of the pons, behind the brain stem. It consists of two

deeply-convoluted hemispheres. The cerebellum receives information from the balance

system of the inner ear, sensory nerves, and the auditory and visual systems. Its most

clearly-understood function is the coordination of motor movements, but it is also involved

in basic facets of memory and learning.

The Diencephalon is a group of structures located deep within the cerebrum, including

the thalamus, the subthalamus and the hypothalamus. Located above the brainstem,

the thalamus processes and relays movement and sensory information. It is essentially

a relay station, taking in sensory information and then passing it on to the cerebral

cortex. The cerebral cortex also sends information to the thalamus, which then sends

this information to other systems. The hypothalamus is a group of nuclei that lie

along the base of the brain. The hypothalamus connects with many other regions of

the brain and is responsible for controlling hunger, thirst, emotions, body temperature,

and circadian rhythms. The hypothalamus also controls the pituitary gland by secreting

hormones, which gives the hypothalamus a great deal of control over many body functions.

The Basal ganglia are gray matter nuclei lying deeply within each cerebral hemisphere.

The main components of the basal ganglia are thecaudate nucleus, putamen, globus pal-

lidus, substantia nigra, and subthalamic nucleus. The caudate nucleus and the putamen

form the striatum while the putamen and the globus pallidus comprise the structure called

the lenticular nucleus. All these structures form a system consisting of multiple segregated

pathways, involving also the entire frontal cortex, the thalamus and the cerebellum. A

parallel processing is then performed to permit the planning, execution, and coordination

of eye and limb movements (see Figure2.2 C).

The ventricular system is a set of structures containing cerebrospinal 
uid in the

brain. It is continuous with the central canal of the spinal cord. The system comprises

four ventricles: right and left lateral ventricles, third ventri cle and fourth ventricle.

The limbic system is a set of brain structures including theamygdala, the hippocam-

pus, regions of thelimbic cortex and the anterior thalamic nuclei. These structures form

connections between the limbic system and the hypothalamus, thalamus, and cerebral cor-

tex. It supports a variety of functions including emotion, behavior, long term memory,

and olfaction. In particular, the hippocampus is important in memory and learning and

the amygdala has a primary role in the emotional reactions.

2.2 The Nervous Tissue

The cells of the nervous system are of two principal types:nerve cellsor neurons,

which are directly responsible for conveying and processing information; and glial cells or

neuroglia.
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Figure 2.4: Schematic representation of the major cellular elements of neural tissue. A neural cell body
in the gray matter extends several short dendritic processesand a single, long axonal process. The axon
is in the white matter, surrounded by an insulating myelin sheath formed by oligodendrocytes, a glial
cell. The WM also contains two other kinds of glial cells: astrocytes and microglia. [fromJohansen-Berg
and Behrens(2009)].

Glial cells support and protect the neurons, maintain their homeostasis and make them

more e�cient and e�ective. The three types of CNS glial cells are astrocytes, some star-

shaped cells that help maintaining the homeostasis,oligodendrocytes, that form the myelin

sheath surrounding the axons, and themicroglia, that are macrophages constituting the

main active immune defense of the CNS (cf. Figure2.4).

Nerve cells are the fundamental elements of the central nervous system. The central

nervous system is made up of about 100 billion neurons. Neurons are much like other cells

of the body in their general organization and their biochemical systems. However they also

possess unique features which are crucial to the functioning of thecentral nervous system.

In essence, a given neuron may both receive and send out signals to neighboring neurons

in the form of electrical pulses, conveying information or instructions from one region

of the body to another, as a highly intricate network. How is this information carried

through the white matter and how are the di�erent parts of the brain conn ected remains

unknown. About 98% of neural tissue is concentrated in the brain and spinal cord, the

control centers for the nervous system. A neuron is built up of threeparts: the cell

bodyor soma, and two kind of processes, thedendrites and the axon, as shown in Figure2.4.

The soma contains the nucleus of the cell and carries the biochemical transformations

necessary to synthesize enzymes and other molecules necessary tothe life of the neuron. It

is roughly spherical or pyramidal in shape - the precise shape depending on position and

function in the brain. It is typically several microns in diameter. Gray matter is composed
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of unmyelinated neurons. It's gray brown color comes from the neuronal cell bodies and

the capillary blood vessels.Dendrites , shorter processes (1 mm or less) that are tapered

and branched much like limbs on a tree, receive and integrate incoming information. Most

neurons have several dendrites.Axons (usually only one per neuron) have a relatively

uniform diameter, can be highly branched, and extend for considerabledistances, up to

almost 2 m in tall people. Axons distribute signals to other cells (neurons, muscle cells,

secretory cells, etc.) without attenuation. The principal mode of communication between

neurons and from neurons to other tissues, such as muscle, is through specialized contacts

called synapses. Typically a given neuron is connected to about ten thousand of other

neurons.

The synapses are speci�c point of contact between the axon of one neuron and a den-

drite. At a microscopic scale, neurons transmit signals as electricalimpulses which a�ect

their cell membrane potentials. The electrical impulse usually a�ects the cell membrane

potential of one of the neuron's dendrites and then eventually travels along the length

of this axon to transmit to other neurons. Information is transmitted acr oss the gap by

chemical secretions calledneurotransmitters. It causes activation in the post-synaptic cell.

The axon is surrounded by themyelin sheath, which forms a whitish, non-cellular, fatty

layer around the axon. Myelin is a membranous, lipid and protein-richstructure generated

by the tight wrapping of oligodendrocyte processes around the axons. Asingle oligoden-

drocyte can myelinate many axons. Myelinization is a gradual developmental process that

can take up to 10 or 12 years to reach completion, but the bulk of myelinization occurs

during the fetal and infancy stages. The myelin sheath is not continuous along the length

of the axon. It is interrupted at regular distances by small amyelinatedregions callednodes

of Ranvier. The myelinated segment between two nodes of Ranvier is termed internode.

Each internode is formed by a single oligodendrocyte process (cf.Figure 2.4). At nodes of

Ranvier, the axonal membrane is uninsulated and therefore capable of generating electrical

activity, allowing rapid and e�cient saltatory propagation of action potenti als, from the

soma to the axon terminus. Some axons do not attain a myelin sheath. Transverse slides

of axons in the white matter are shown in Figure2.5.

The axonal cytoskeleton consists of actin �lament, microtubules, microtubule associ-

ated proteins, and neuro�laments. Neuro�laments provide structure and are the main

determinants of axonal size (diameter).Microtubules, provide the tracks upon which pro-

teins transport organelles along the axon in both directions. Both, neuro�laments and

microtubules, lie parallel to the direction of the axon and appear as tubein cross-section

(cf. Figure 2.5). White matter axons, also called nerve �bers, are often tightly packed

together and highly organized in �ber bundles. White matter bundles are often called

WM �ber tracts. In this thesis, we will be most interested in rec overing and analyzing

information about these �ber tracts from di�usion Magnetic Resonance Imaging (dMRI)

images. As we will see in chapter3, dMRI allows the study of WM integrity and the

estimation of WM �ber tracts preferred orientation.
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Figure 2.5: White matter axons main structure. (a, b and c) Show three electromiographs of CNS
axons. (a) Cross-section through a single myelinated axon. Neuro�laments and micro�laments are
elongated structures that appear as small tubes. Neuro�laments (open arrows) provide structure and
are the main determinants of axonal size (diameter). Microtubules (�lled arrows) provide the tracks upon
which materials are transported along the axons. (b) Cross-section through a second myelinated axon.
Mitochondria (open arrows) are the most frequently encountered axonal organelles. (c) Cross-section
through corpus callosal axons. In the CNS, axons over 0.2� m in diameter are myelinated. Myelin
appears as a dark band around the paler axon. Some axons (asterisks) do not attain a myelin sheath.
(d) Major structural longitudinal elements of the axons. The intraaxonal space contains neuro�laments
and microtubules parallel to the direction of the axon. (e) Illustration of the arrangement of the myelin
sheath and the axon in cross-section. (f) Schematic of an oligodendrocyte and an associated axon.
Myelin is the membranous structure generated by the tight wrapping of oligodendrocyte processes
around the axons. [Adapted fromJohansen-Berg and Behrens(2009)].
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2.3 White Matter Organization

As mentioned above, white matter is composed of myelinated axons, that con-

nect various gray matter areas of the brain to each other, and carry nerve impulses between

neurons. The white matter axons can be distributed di�usely or concentrated in bundles,

also called �ber tracts. In the cerebral hemispheres we can �nd twotypes of myelinated

axons: short-distance (10 - 30 mm) �bers below the gray matter that follow its contours,

and long distance (30 - 170 mm) �bers that are bundled into fasciculi in the deep white

matter. The WM of the cerebral hemispheres surrounds the subcortical gray matter and

intervenes between subcortical and cortical gray matter. There are also shorter intracorti-

cal (1 - 3 mm) unmyelinated �bers within the gray matter. The total nu mber of long range

�bers within a cerebral hemisphere is 2% of the total number of cortico-cortical �bers and

is roughly the same number as those that communicate between the two hemispheres in

corpus callosum. As a rough rule, the number of �bers of a certain range of lengths is

inversely proportional to their length [ Sch•uz and Braitenberg (2002)].

Three main types of neural �ber tracts are found in the WM according to t heir con-

nections: commissural tracts, which interconnect GM areas of both cerebral hemispheres,

association tracts, that interconnect di�erent cortical regions of the same cerebral hemi-

sphere, andprojection tracts, that link the cortex with subcortical centers and with the

spinal cord. The most important �ber tracts of these three pathways will be described

in the following subsections based essentially on the following review articles: Catani and

Thiebaut de Schotten (2008); Aralasmak et al. (2006); Jellison et al. (2004). Refer to

Figure 2.6 for an illustration of the anatomic relationships of several WM �ber tracts .

See also Figure2.7 for tractography-based reconstructions of the main white matter �ber

tracts described in the literature.

2.3.1 Association Pathways

Association pathways are tracts linking one area of the cerebral cortex to another within the

same hemisphere. These tracts are arbitrarily subdivided into short and long association

�bers. Short association �bers, linking one gyrus to its immediate neighbors, are known

as subcortical U-�bers. These are located in the super�cial white matter (SWM). Long

association �bers are located in deeper parts of the WM and link cortex areas of di�erent

regions and lobes. White matter structures at the deep white matter regions (DWM)

seem to share more common anatomical features across individuals, since there are many

prominent axonal bundles that can be identi�ed in all normal subjects at well-de�ned

locations. The well known long association �bers are: the arcuate fasciculus (AF), inferior

longitudinal fasciculus (ILF), inferior fronto-occipital fasciculu s (IFO), uncinate fasciculus

(UF), cingulum (CG) and superior fronto-occipital fasciculus (SFO).

Arcuate fasciculus: This tract, also called superior longitudinal fasciculus, is a lateral

associative bundle composed of long and short �bers connecting the perisylvian cortex
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Figure 2.6: Illustration of the anatomic relationships of several WM�ber tracts. [Adapted fromJellison
et al. (2004) and Poupon(1999a)]

(around the �ssure of Sylvius or lateral sulcus) of the frontal, parietal, and temporal lobes.

The arcuate fasciculus of the left hemisphere is commonly involved in language. The

arcuate fasciculus of the right hemisphere is usually involved in visuospatial processing

and some aspects of language such as prosody and semantic.

The language function is localized in the left hemisphere in about 90% of right-

handed persons and 70% of left-handed persons. The arcuate fasciculus lies in Broca's

area at the frontal end, which is usually associated with the production of language, or

language outputs. At the other end, in the superior posterior temporal lobe, liesWernicke's

area, which is associated with the processing of words that we hear beingspoken, or

language inputs. Figure 2.8 A illustrates the arcuate fasciculus, composed by along

direct segment connecting this two areas. The fronto-parietal portion of the arcuate

fasciculus encompasses a group of �bers with antero-posterior direction running lateral to

the projection �bers of the corona radiata. At the temporo-parietal junc tion, the arcuate

�bers arch around the lateral (Sylvian) �ssure and continue downwards into the stem of the
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Figure 2.7: Main white matter �ber tracts described in the literature, obtained using deterministic trac-
tography over a di�usion tensor �eld.Commissural tracts : anterior commissure and corpus callosum.
Projection tracts : Corticospinal tract, internal capsule/corona radiata and fornix. Long association
tracts : arcuate fasciculus, inferior longitudinal fasciculus, inferior fronto-occipital fasciculus, uncinate
fasciculus and cingulum. [Adapted fromCatani and Thiebaut de Schotten(2008)]

temporal lobe. The most lateral component of the arcuate fasciculus is composed by latero-

lateral �bers approaching the perisylvian cortex. Recent tractography studies applied to

the language pathways showed that the anatomy of the arcuate fasciculus contains, in

addition, an indirect pathway, consisting of two segments [Catani et al. (2005)]. The

anterior indirect segment links the Broca's territory with the inferior parietal lobule

(Geschwind's territory) and the posterior indirect segment links the inferior parietal

lobule with Wernicke's territory (cf. Figure 2.8 B). The Broca's area is connected also with

the motor cortex, to activate the mouth and tongue for the articulation of the speech. The

angular gyrus coordinates the inputs from visual, acoustic, and somatosensory cortices

and relays them onward to Wernickes's area.

23



Figure 2.8: A: Main areas involved in language (lateral view of the cerebral cortex). The arcuate
fasciculus (in red) connects Wernicke's area (in green) to Broca's area (in yellow). [Adapted from
Kandel and Schwartz(1985)]. B: The parallel pathway's model of the arcuate fasciculusderived from
tractography. Numbers indicate the cortical projections of the segments: 1, superior temporal lobe; 2,
middle temporal lobe; 3, inferior frontal and precentral gyrus;4, middle frontal and precentral gyrus; 5,
supramarginal gyrus; 6, angular gyrus. [Adapted fromCatani and Mesulam(2008)]

Cingulum: This tract is a medial associative bundle that runs within the cingulated

gyrus all around the corpus callosum. It contains �bers of di�erent length, the longest

of which runs from the anterior temporal gyrus to the orbitofrontal cortex . The short

U-shaped �bers connect the medial frontal, parietal, occipital, and temporal lobes and

di�erent portions of the cingulated cortex. The cingulum is part of the limbic system and

is involved in attention, memory and emotions.

Inferior longitudinal fasciculus: This tract is a ventral associative bundle with long

and short �bers connecting the occipital and temporal lobes. The long �bers are medial to

the short �bers and connect visual areas to the amygdala and hippocampus.The inferior

longitudinal fasciculus is involved in face recognition, visual perception, reading, visual

memory and other functions related to language [Catani and Mesulam (2008)].

The �bers of the inferior longitudinal fasciculus lie in the central portion of the occipital

and temporal lobes. Fibers present the same main orientation than the inferior fronto-

occipital fasciculus.

Uncinate fasciculus: This tract is a ventral associative bundle that connects the an-

terior temporal lobe with the medial and lateral orbitofrontal cortex. Thi s fasciculus is

considered to belong to the limbic system but its functions are poorly understood. It

is possible that the uncinate fasciculus is involved in emotion processing, memory and

language functions [Catani and Mesulam (2008)].

The temporal �bers of the uncinate fasciculus are medial and anterior tothe temporal

�bers of the inferior longitudinal fasciculus. As the uncinate fasciculus enters the external

capsule, its �bers arch forward and mix with the �bers of the inferior fronto-occipital

fasciculus.
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Inferior fronto-occipital fasciculus: This tract is a ventral associative bundle that

connects the ventral occipital lobe and the orbitofrontal cortex. In his occipital course the

inferior fronto-occipital fasciculus runs parallel to the inferior longitudinal fasciculus. On

approaching the anterior temporal lobe, the �bers of the inferior fronto-occipital fascicu-

lus gather together and enter the external capsule dorsally to the �bers of the uncinate

fasciculus. The functions of the inferior fronto-occipital fasciculus are poorly understood,

although it is possible that it participates to reading [Catani and Mesulam (2008)], atten-

tion and visual processing. In humans, it represents the only direct connections between

occipital and frontal lobes. The inferior fronto-occipital fasciculus may only exist in the

human brain [Catani et al. (2007)].

Short association �bers: These �bers, also calledU-�bers , lie immediately beneath the

gray substance of the cortex, and connect together adjacent gyri (see Figure 2.6). These

�bers are located in the super�cial white matter (SWM), which �ll s the space between the

DWM and the cortex. These �ber tracts have not been well characterized in the literature.

Their location, number, trajectories and fonctions are not su�cient ly de�ned. Only four

U-�ber tracts have been identi�ed through group analysis using a voxel-based approach

relying on linear brain normalization [Oishi et al. (2008)].

2.3.2 Commissural Pathways

Commissural pathways are connections between the two cerebral hemispheres. Thecorpus

callosum (CC) is the largest link between the cerebral hemispheres, but is assisted by the

anterior commissure (AC) and the posterior commissure(PC). There are also commissures

within the brainstem and spinal cord.

Figure 2.9: Internal face of the right hemisphere. Com-
missural tracts (Corpus callosum, anterior and posterior
commissures) and the fornix are identi�ed. [Adapted
from Hasboun(2007)].

Corpus callosum: This tract is the

largest bundle of the human brain and

connects left and right cerebral hemi-

spheres. It is conventionally divided

into four sections: the genu, connect-

ing medial and lateral frontal regions,

the rostrum, connecting orbito-frontal

regions, thebody, passing through the

corona radiata and connecting precen-

tral frontal regions and parietal lobes,

and the splenium, connecting the oc-

cipital lobes (see Figure 2.9). The

�bers of the genu and the rostrum arch

anteriorly to form the anterior forceps (or forceps minor), whereas those of the splenium

form the posterior forceps (or forceps major). Fibers of the body and splenium constitute

the tapetum which connects the temporal lobes. The corpus callosum allows transferring
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of inputs from one hemisphere to the other and is involved in several motor, perceptual

and cognitive functions. The �bers of the body of the corpus callosum areventral to the

cingulum and medial to the lateral ventricles.

Anterior commissure: This commissural tract connects the anterior and ventral tem-

poral lobes (including the amygdala) of the two hemispheres. The functions of the anterior

commissure are poorly understood. The �bers of the anterior commissure have a latero-

lateral direction and are medial to the �bers of the external/extreme capsule, ventral to

the most anterior part of the body of fornix, and anterior to the cerebral peduncles.

Figure 2.10: Illustration of dissection showing the course of the cerebrospinal �bers. The corticospinal
tract (CST), also called pyramidal tract, connects the fronto-parietal cortex to the spinal cord. The
CST pass through the Corona Radiata (CR), Internal Capsule, Cerebral Peduncle, and Pyramid (medulla
oblongata) regions. The internal capsule and corona radiata contain also ascending �bers from the
thalamus to the cerebral cortex. [Adapted fromGray(1918)]

2.3.3 Projection Pathways

Projection �bers are �ber tracts linking an area of cerebral cortex to a subcortical structure,

such as a basal ganglion or the thalamus. The corticospinal tract (CST) and thethalamic

radiations are the most known projections �bers. A�erent tracts carry information from

di�erent parts of the body to the cerebral cortex. The a�erent proj ections carry optic,

acoustic and somatosensory information and run upwards principally from the projection

nuclei of the thalamus. E�erent tracts carry motor commands from the motor cortex

down to the muscles and glands through the lower brain structures andthe spinal cord.

They reach structures like the basal ganglia, the cerebellum, the brainstem and the spinal

cord. In the depths of the hemisphere, pyramidal projections constitute together, with the

thalamo-cortical �bers, the corona radiata and the internal capsule.

Corticospinal Tract: This tract, called also pyramidal tract , is a massive collection of

axons that travel between the cerebral cortex of the brain and the spinal cord. The CST
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mostly contains the motor axons from primary sensorimotor cortex and premotorcortex.

The CST is illustrated in Figure 2.10 A. It passes through the Corona Radiata, Internal

Capsule, Cerebral Peduncle, and Pyramid (medulla oblongata) regions.

Thalamic radiations: These tracts are composed by thalamo-cortical and cortico-

thalamic �bers forming a more or less continuous fan. Thalamo-cortical �bers refer to

a�erent �bers, projecting to almost all the regions of the cortex. The se �bers come from

thalamic nuclei which project to one or a few well-de�ned cortical areas. Cortico-thalamic

projections are e�erent �bers that reciprocate the thalamo-cortical ones in almost equal

number and in corresponding precise order. The thalamic radiations areusually grouped

into four subradiations or peduncles: anterior (frontal), superior (parietal), inferior (tem-

poral), and posterior (occipital), as illustrated in Figure 2.11. The optic radiation, runs

from the thalamus to the primary visual cortex while the acoustic tract projects to the

temporal lobe.

Figure 2.11: A: An illustration of dissection showing the course of the thalamic radiations.B: Thalamic
radiations are usually grouped into four radiations: anterior orfrontal (ATR), superior or parietal (STR),
inferior or temporal (ITR), and posterior or occipital (PTR). [Adapted fromPoupon(1999a)]

The Internal capsule and corona radiata contain ascending �bers from the tha-

lamus to the cerebral cortex and descending �bers from the fronto-parietal cortex to sub-

cortical nuclei and spinal cord. This complex projection system is the neuroanatomical

backbone of perceptual and motor functions and other higher cognitive functions. The

internal capsule separates the caudate nucleus and the thalamus from the lenticular nu-

cleus. As the �bers leave the internal capsule dorsally, they fan outinto the corona radiata,

which is lateral to the lateral ventricles, corpus callosum, and cingulum, and medial to the

arcuate fasciculus. As the �bers leave the internal capsule ventrally they continue into the

cerebral peduncles, pons and pyramidal tract (cf. Figure2.10).

Fornix: This tract is a projection bundle that connects the medial temporal lobe to the

mammillary bodies and hypothalamus. The fornix belongs to the limbic system and is

involved in memory functions.
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The �bers of the body of fornix have an anterior-posterior direction and run longitudi-

nally along the midsagittal line just below the �bers of the corpus callosum. The anterior

�bers of the fornix bend downwards and cross the anterior commissure after splitting into

an anterior and a posterior column for each side. The posterior �bers of thebody of fornix

split into a left and right branch, also known as the �mbriae of fornix. The �mbriae arch

around the thalamus and continue along the medial occipito-temporal lobe to terminate

in the hippocampus.

Cerebellar tracts: The cerebellum receives inputs from the controlateral cerebral hemi-

sphere through the cortico-ponto-cerebellar tract via themiddle cerebellar peduncle. It also

receives peripheral inputs from the spino-cerebellar tract through the inferior cerebellar

peduncle. The major cerebellar output is represented by thesuperior cerebellar peduncle,

a 
ame-shaped tract posterior to the mesencephalus. The cerebellum is involved in motor

learning, cognition, emotions and behavior.

2.4 Conclusion

In this brief background chapter we introduced the human brain anatomy, with

special emphasis in white matter. For this, the nervous tissue was described as well as the

di�erent brain macroscopic structures. The white matter organization was particularly

studied as it is of major importance for this thesis. We described the white matter global

structure and the most known �ber tracts. The nomenclature of small and larger �ber

bundles introduced in this chapter will be useful to identify some of our results, exposed in

this thesis. Nevertheless, it must be noted that only the main �ber tracts are well described

in the literature. Most of the short association �ber tracts are still u nknown. Their

smaller size, large number, and important inter-subject variability make their analysis a

challenging and complicated task. These tracts will probably be the center of interest in

the �eld of techniques available to infer the subcortical connectivity.

In the next chapter, we introduce the foundations of di�usion MRI. W e will show that

di�usion MRI constitutes a powerful non-invasive mean to investigate the architecture of

the human brain white matter.
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Chapter 3

Principles of Di�usion MRI
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Overview

This chapter presents a background on the basic principles of di�usion MRI, a technique

allowing the study in vivo of white matter structure and its connections. Firstly, we in-

troduce the concepts underlying di�usion-weigthed (DW) imaging, in which the di�usion

of water molecules in living tissue takes a fundamental place. Next, we review the basics

of Nuclear Magnetic Resonance (NMR), followed by a brief description of DW-MRI. The

discussion continues with the approaches designed to locally modelthe di�usion signal.

We start with the di�usion tensor imaging (DTI), as the most intuitiv e and simple mean

to infer microstructure of biological tissues. This gaussian model of di�usion allows the

measurement of quantitative parameters extensively used in clinical studies. Then, more

complex reconstruction algorithms, using high angular resolution di�usion data are ex-

plored. These methods overcome some limitations of the DTI model, asthe impossibility

to reconstruct multiple �ber distributions of water di�usion. Th e streamline tractography

is �nally introduced, a technique aiming to reconstruct three-dimensional trajectories of

white matter �bers, which constitute the input dataset of this the sis. Overall, this in-

troductory chapter is inspired from review articles and chapters from [Tuch et al. (2002);

Le Bihan (2003); Campbell (2004); Jonasson et al.(2005a); Perrin (2006); Descoteaux

(2008); Jones (2008); Johansen-Berg and Behrens(2009)], which are great sources for a

general understanding of di�usion MRI and �ber tractography.

Keywords: magnetic resonance imaging (MRI), DW-MRI, di�usion tensor imaging

(DTI), high angular resolution di�usion imaging (HARDI), white matter tr actography,

streamline tractography

Organization of this chapter:

The chapter is organized as follows. We �rst review the basic principles of molecular

di�usion and di�usion MRI in section 3.1. Then we focus on di�usion MRI models sec-

tion 3.2, starting with di�usion tensor imaging and following with multiple �ber HARDI

reconstruction algorithms. Finally, we describe white matter tractography in section3.3.

3.1 From the di�usion phenomenon to di�usion MRI

3.1.1 Di�usion Basics

Water molecules, as all the 
uid molecules, present a constant thermal agitation known

as Brownian motion [Brown (1828)]. This phenomenon is produced by thermal chocs

between molecules, which strongly modify their trajectories insuch a way that they mimic

a \random walk". In an isotropic medium (i. e. the di�usion is the same in all directions),

each molecule performs this random walk, leading to a random path in three-dimensional

space (see Figure3.1 A). At macroscopic scale this molecular motion yields to adi�usion
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Figure 3.1: A: Simulation of trajectories of �ve molecules undergoinga random walk in an isotropic
medium, after 10, 20, 40 and 80 steps. B: A histogram of displacement fromthe origin of 1 million
molecules, after 100, 400, 900 and 1600 steps. The full-width at half-maximum (FWHM) scales in the
ratio of 1:2:3:4, which mirrors the ratio of

p
100:

p
400:

p
900:

p
1600, demonstrating the consistency of

Einstein's equation for Gaussian di�usion [FromJones(2008)].

phenomenon, a physical process essential for the normal functioningof living systems. For

example, the transport of metabolites into cells is facilitated by difussion [Jones(2008)].

Di�usion can be described by Fick's �rst law [ Fick (1855)], which relates a di�usive


ux to any concentration di�erence through the relationship:

J = � D r C: (3.1)

whereJ (mol=(m2s)) is the net particle 
ux, r C is the gradient of particle concentration,

and D (m2=s) is a constant called \di�usion coe�cient". It should be noted that di �usion

results solely from collisions between molecules in liquids (and also in gases). Therefore,

it occurs even in thermodynamic equilibrium, i. e. even if there is no net 
ux, there are

still di�usive 
uxes nonetheless, which cancel each other.

Einstein used a probabilistic framework to describe the motion of an ensemble of par-

ticles undergoing di�usion. He introduced the concept of \displacement distribution", rep-

resenting the likelihood that a single given particle will traverse a certain distance within a

particular timeframe [Einstein (1956)]. In free di�usion, the net displacement distribution

is a Gaussian function whose width is determined by the di�usion coe�cient and time

(see Figure 3.1 B). Einstein derived an explicit relationship between the mean-squared

displacement of particles,hr 2i , during a di�usion time � and the di�usion coe�cient D ,

appearing in Fick's law (three-dimensional case):

hr 2i = 6D�; (3.2)

The quantity r =
p

6D� is a characteristic length refered to the quadratic mean dis-
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placement or di�usion distance. In the isotropic case,hr 2i depends on the molecule type

and the medium properties but not on the direction. In DW-MRI, we do not measure the

di�usion coe�cient directly, but the mean displacement of water m olecules within each

three-dimensional volume element, orvoxel. The voxels form the image and typically, are

cube-shaped with about 2.5 x 2.5 x 2.5 mm in dimension. The presence of cell membranes,

inclusions, macromolecules and so forth, present in tissue serve to hinder the pathway of

the molecules undergoing their random walks. As a result, their overall displacement from

their starting point in a �xed period of time is reduced compared to their mean displace-

ment when they were in \free" condition. Thus, when we apply Einstein's equation to

compute di�usion, it will appear to be lower. Then, we refer to the apparent di�u-

sion coe�cient or ADC [Le Bihan et al. (1986)]. The average ADC in tissue is around

0:7 � 10 mm2/s at 37 � C, about four times smaller than in free water.

The Di�usion Propagator The di�usion propagator formalism o�ers a robust descrip-

tive framework capable of characterizing all di�usion phenomena, such asrestriction and

�nite boundary permeability. The di�usion propagator P(r jr 0 ; � ) gives the probability

of a spin traveling from position r 0 to r in the di�usion time � . In MRI, a signal is de-

tected from a very large number of molecules present in each voxel. Therefore, the voxel

averaged random displacements of water molecules can be described by adi�usion dis-

placement probability function (PDF), called the ensemble-average propagatorof water

molecules. The di�usion average propagator is written asP(R ; � ):

P(R ; � ) =
Z

< 3
P(r jr 0 ; � )� (r 0)dr (3.3)

whereR = r � r 0 is the relative spin displacement and� (r 0) is the initial spin density. To

image the di�usion we must link the average-di�usion propagator to the signal measured

in the MRI experiment. It is crucial to infer properties of the un derlying microgeometry

without the need to invoke an analytical representation of the geometry.

3.1.2 Basics on Magnetic Resonance Imaging

Conventional MR images re
ect water properties measuring signals from hydrogen nuclei.

Each hydrogen nucleus, or proton, possess a nuclear magnetic moment, called spin. Spins

align themselves and present a precessional movement with an externally applied static

magnetic �eld.

The Larmor equation is the most basic and fundamental equation in NMR; it states

that the precessional frequency of spins in a magnetic �eld is directly proportional to the

strength of the magnetic �eld B :

! = 
B (3.4)

where ! is the precessional frequency, and
 is the gyromagnetic ratio, a constant speci�c

to the nucleus under examination. In water, the hydrogen nucleus (i. e. the proton) has
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a gyromagnetic ratio value of approximately 42.58 MHz/Tesla.

This phenomenon is used by MRI scanners, which generate a strongstatic magnetic

�eld , called B0, to produce the alignment of proton spins alongB0, with a resulting net

magnetization in the direction of the �eld. MRI scanners apply a secondmagnetic �eld

of a brief duration, and oscillating at radio frequencies, calledrf pulse. When rf pulse

frequency is applied at the Larmor frequency of spins, it rotates the net magnetization

away from its orientation at equilibrium, along the longitudinal axis, p arallel to B0, to

create a component into the transverse plane, called thetransverse magnetization. The

longer the duration of the applied rf pulse, or the greater its �eld strength, the greater

the tip angle that can be achieved. In the absence of externally appliedRF energy, the

transverse magnetization will decay exponentially to zero with a time constant T2. This

decay is known as the spin-spin relaxation. Additionally, the rf-induced excitation puts all

the spins in phase, i. e. on a coherent rotation (Larmor precession). After the application

of the rf pulse, the component of the net magnetization alongB0, called longitudinal

magnetization decreases exponentially with a time constant T1. This is the spin-lattice

relaxation. The di�erence in the physical properties of the di�erent tissue types is re
ected

in the relaxation times, depending on T1 and T2, which determine di�erent MR image

constrasts. For example, T1 contrast yields the typical anatomical images. In some MR

acquisition shemes, the rf pulse is of 90 degree, to 
ip the magnetization in the transverse

plane.

The rotating magnetic �eld generated by precessing spins induces acurrent in the MRI

receiver coil, which is the signal used to generate MRI images. This signal, re
ected in

voxels brightness, depends on the coherence of the phase of the spins as they precess. Small

inhomogeneities in the magnetic �eld create small variations in the frequencies of precessing

spins, producing with time a loss of phase coherence and resultingpixel brightness. This

loss of magnetization is added to the T2 decay, leading to a T2� contrast. Typically,

the phase accumulation of the spins is reversed by application of a 180 degree refocusing

pulse, some time (TE/2) after the excitation rf pulse (spin-echo sequence). A time TE

(echo time) after the excitation rf pulse, all spins are back in phase, and the magnetization

is reduced only by a T2 decay (see Figure3.3).

A third set of magnetic �elds generated by MR scanners are called magnetic �eld

gradients. The addition of the gradients to the static magnetic �eld B0 makes the magnetic

�eld varying in a linear manner over the volume of interest, along any of three ortogonal

directions. Gradient imposes a position-dependent precessional frequency, which is the

basis of the spatial encoding in MRI. Aslice selectioncan be performed by the application

of a gradient (Gz) simultaneously with the rf pulse, producing changes in the Larmor

frequency along the direction of the gradient. Then, a given frequency corresponds to a

plane perpendicular to the gradient direction, i. e. to a slice.

After spins are excited, two gradients are applied along the two in-plane directions

de�ning the excited slice (x-y plane), to produce linear changesin precessional frequency.

One gradient (Gy) is applied after the �rst rf pulse and used for a line selection. Gradient
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Figure 3.2: Illustration of MRI pulse sequences and their data collection trajectories. Conventional
Cartesian pulse sequences (a) measurek-space (b) one line per TR (shot). White line shows one
measurement trajectory, gray lines show subsequent measurement trajectories, each obtained with a
Di�erent value of Gy . Echo planar sequences (c) oscillate the frequency encodinggradient and measure
multiple lines ofk-space (d) per shot. [FromJohansen-Berg and Behrens(2009)].

Gy introduces a phase-shift in the signal dependent on the position along the y-axis.

When the �eld gradient is removed the frequencies will return to their initial value but the

phase-shifts between nuclei remain at di�erent positions on the y-axis. Then the gradient

on the x-direction, Gx , is applied and the frequencies will change again, dependent on their

position along the x-axis. It is normally during the application of Gx that the signal is

detected (line readout).

The signal measured in a receiver coil, after successively applying Gx , Gy and Gz, can

be expressed as the Fourier transform (F (kx ; ky)), of the transversal magnetization f (x; y).

Variables kx and ky are function of the area of the gradients (Gx and Gy) and de�ne a

reciprocal spacial frequency space, known ask-space.

F (kx ; ky) =
Z

f (x; y)ei 2� [kx x+ ky y]dxdy (3.5)

The MR image is then reconstructed by taking the inverse Fourier transform of

F (K x ; K y), where a sampling ofk-space is performed by the variation of space-encoding

gradients (Gx and Gy). Applying gradients Gx , Gy and Gz in other combinations leads to

di�erent samplings of 3D k-space.

Typically the desired data is collected over several excitations (or shots), separated by

a time TR (repetition time), which allows spin magnetization to recover. For spin echo

34



Figure 3.3: Illustration of spin dephasing in spin echo sequence.An excitation pulse (in yellow) rotates
the spins into the plane perpendicular toB0, after which they precess. Di�erences in precessional
frequency create di�erences in spin phases, which increasewith time, reducing the net magnetization
and resulting pixel brightness. Some time (TE/2) after the excitation rf pulse, a refocusing rf pulse 
ips
spins about it axis, putting the more rapidly precessing spins \behind" the more slowly precessing spins.
Over time the rapidly precessing spins accrue more phase than slowly ones, so that at time (TE) after
the excitation rf pulse all spins are back in phase. This is called a spin echo, and the net magnetization
(and pixel brightness) re
ects the total coherent magnetizationof all spins, reduced only by their T2
decay after excitation. [FromJohansen-Berg and Behrens(2009)].

sequence, the signal from each pixel in an image can be expressed as

f (x; y) = M 0

�
1 � e� T R

T 1

�
e� T E

T 2 (3.6)

where M 0 is the \spin density" in that pixel, and T1 and T2 re
ect the time con stants

of relaxation in the tissue at that location. Figure 3.2 illustrates two di�erent MRI pulse

sequences with di�erent data collection trajectories.

3.1.3 Di�usion-weigthed MR

DW-MRI sequences are made sensitive to di�usion by the addition of adi�usion-encoding

gradient. If spins remain stationary during precession, the net phase accumulation due to

magnetic �eld inhomogeneities will be constant, and not depending on their position in

the gradient (and consequently, on the precessional frequency). But, as water molecules

present a permanent random walk, spins will experience changes inthe strength of the

magnetic �eld. Since the particle displacements are not coherent, adistribution of dis-

placements is obtained and thus adistribution of phases. This spread of phases leads

to a loss of signal coherence and therefore a reduction in signal amplitude, which in an
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Figure 3.4: Pulse Gradient Spin Echo sequence experiment. The two gradient pulses are of equal area
(in this case, they have equal magnitude and equal duration� ). [From Descoteaux(2008)].

image, means that the image appears darker. Di�usion-encoding gradientssensitize the

MR signal to di�usion, by imposing a given phase to a molecule that is dependent on its

overall displacement [Stejskal and Tanner (1965)]. The di�usion gradient is applied in one

particular direction, so only the displacement of spins along the gradient direction will

induce a phase-shift, which will lead to a signal representing the di�usion in the gradient

direction.

The di�usion coe�cient can be infered from observations of the displacements over a

given time period. The greater the spread of displacements (the higher the ADC), the

greater the spread of phases { and thus the greater the loss of signal { and thevoxels

appears dark. Conversely, the lower the rate of di�usion, the lower the spread of phases {

and thus the lower the loss of signal and the voxels appears bright.

Stejskal and Tanner (1965) introduced the Pulsed Gradient Spin Echo (PGSE) se-

quence, with two short duration gradient pulses of duration time � , placed on either side

of the 180 degree rf pulse and separated by a time interval � (see Figure3.4). The interval

between the end of the �rst pulse and the begining of the second pulse, � � � is called the

\di�usion time". By assuming the pulses to be in�nitely narrow, i .e. � is short enough for

the di�usion of the water molecule to be negligible during that time, Stejskal and Tanner

(1965) provided a quantitative measurement of di�usion in a sample. If the spin displace-
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ment is a result of Brownian motion, the signal of equation3.6 is attenuated exponentially

by the product of the di�usion coe�cient D and a factor b which is a function of the

DW-gradients and is expressed in (s=mm2)

f (x; y) = M 0

�
1 � e� T R

T 1

�
e� T E

T 2 e� bD (3.7)

The factor b [Le Bihan et al. (1986)], called b-factor, represents the sensitivity to

di�usion; its generalized equation is

b =
Z T E

0
j k(t) j2dt: (3.8)

For rectangular gradients, equation3.8 becomes

b = 
 2G 2� 2
�

� �
�
3

�
(3.9)

where
 is the gyromagnetic ratio, G is the amplitude of the magnetic �eld gradient pulses,

� is the pulse duration time and � is the interval between application of the �rst and second

pulse. The time constant � = � � �
3 de�nes the \e�ective di�usion time" where the �=3

correction is due to the di�usion which occurs during the time in which the gradients are

on.

A longer di�usion time increases the distinction between the signals in di�erent direc-

tions. However, a longer di�usion time will lead to a lower signal-to-noise ratio (SNR) so

a compromise is necessary.

The equation 3.9 is derived from the spin total phase-shift (� ), which is de�ned as

� = 

Z

G T r (t)dt = 
� G T R (3.10)

where 
 is the nuclear gyromagnetic ratio for water protons, G is the applied di�usion

gradient vector and R = r � r 0 is the spin displacement during time �. Therefore the

measured phase-shift is proportional to the spin displacement and maps the mean di�usion

within a voxel. If di�usion is not uniform in all orientations, the si gnal will not be the same

for di�erent gradient directions. An example is illustrated in Figur e 3.5, which shows the

DW signal intensity for three di�erent di�usion-encoding direc tions, aligned with the three

principal image axes.

The signal observedS can be expressed as a function of the baselineS0, the signal

intensity in the absence of any di�usion weighting, also calledb = 0 image. It is a super-

position of the transverse magnetizations.

S = S0e� bD (3.11)

Both, S0 and S are weigthed identically by M 0, T1 recovery and T2 decay.

To make the classical MRI experiment more intuitive, a reciprocalspace, calledq-space
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was de�ned for di�usion imaging, where the wavevector q is a vector representing a unit

phase encoding step:

q =
1

2�

� G : (3.12)

The value b can then be expressed in function ofq by b = jqj2� .

The expression for di�usion signal presented in equation3.11is only valid for a Gaussian

di�usion. While biological di�usion imaging studies commonly assume that the di�usion

is Gaussian there is a body of experimental evidence which indicates that this assumption

is not valid, principally due to di�usion restriction.

Ensemble average di�usion propagator and q-space

Stejskal and Tanner showed that, if gradient pulses are Dirac pulses (narrow pulse as-

sumption), the signal attenuation S(q; � ) can be expressed as the 3-dimensional Fourier

transform F of the ensemble average propagatorP with respect to the spin relative dis-

placement vectorR ,

S(q; � )
S0

=
Z

< 3
P(R ; � )e� 2�i qT R dR = F [P(R ; � )]; (3.13)

whereS0 is the baseline image andP(R ; � ) is the average di�usion propagator of a pool of

water molecules. Therefore, it is possible to obtain an average propagator from the S(q)

data by inverting the Fourier transform in equation 3.13 with respect to the reciprocal

vector q. By measuring the signal for sampled points inq-space (\q-space imaging"), we

can reconstruct the ensemble average di�usion propagatorP in every voxel. The q-space

is sampled by either varying the direction of q (by the direction of G), or the magnitude

of q (by the magnitude of G or the gradient duration � ). This is the idea behind q-space

imaging [Callaghan (1991)]. The PDF provides a detailed description of the di�usion in

the high spatial frequency regime where the Gaussian model is no longer valid. It can

resolve highly complex organization of �bers such as crossings. The Gaussian function is

a particular case which can be viewed as arising from either free di�usion or a low spatial

frequency approximation to the restricted propagator [Tuch et al. (2002)]. More details

about di�usion models are reviewed in sections3.2.1 and 3.2.2.

3.1.4 EPI sequence and correction of geometric distortions

EPI sequences use a method of collecting data much faster than PGSEexperiment, called

Echo Planar Imaging (EPI) [ Mans�eld (1977)]. For PSGE, the data collection trajec-

tory is cartesian, where one line (all desiredkx locations) is read per TR (shot), with a

di�erent and increasing value of the \phase encoding" gradient (Gy), per each line. In

EPI, the trajectory is also cartesian, but the sequence oscillatesthe frequency encoding

gradient (Gx ) and measures multiple lines of thek-space during a shot (see Figure3.2).

This sequence is used in functional MRI to measure the brain activity (BOLD signal) or in

DW-MRI with added di�usion gradient pulses, to determine the brai n connectivity. The
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Figure 3.5: E�ect of changing the axis of the di�usion-encoding gradients on the DW signal intensity.
The arrows at the top of the �gure show the orientation of the encoding axis. In (c), the orientation is
perpendicular to the viewing plane. Dark areas have high ADC,ligther areas represent lower ADC. In the
area highlighted by the lower (un�lled) arrows, which forms the midsagittal portion of the splenium of
the corpus callosum, the ADC is high along the left-right axis, but low in the two orthogonal directions.
[From Johansen-Berg and Behrens(2009)].

most common pulse sequence for DW-MRI is currentlysingle-shot Echo Planar Imaging

(SS-EPI), which encodes all thek-space in a single echo. This sequence allows the acqui-

sition of a slice in less than 200 milliseconds. EPI is a very fast imaging technique but it

produces several distorsions in the image due to the long duration of the reading pulses.

Any phase error is integrated during the echo train record. Geometricdistorsions, which

can reach several milimeters, are a critical problem when a registration with anatomical

MRI is required. In practice, these distorsions are due to three main di�erent physical

phenomena: (1) spatial non-linearities of gradients, (2) gradient-induced Eddy currents,

and (3) magnetic �eld inhomogeneities.

Spatial non-linearities of gradients, producing geometric warping of the image, de-

pends only on the gradients conception and are commonly corrected by post-processings

implemented in MRI systems. These algorithms do not need special subject-dependent

calibrations and are executed after the acquisition.

Eddy currents correction: The second type of distorsions is produced only in di�usion

weigthed EPI sequences. When strong gradients are used for the encoding of the di�usion,

Eddy currents are induced in the gradients. These currents are equivalent to the addition

of gradients to the spatial-encoding gradients. The encoding errorsin spatial positions,

resulting also in an image warping, can be modelized with an a�ne transformation. DW-

images can be corrected, then, by their registration with an undistorted reference volume

acquired without di�usion weighting. These e�ects can be directly compensated during

the acquisition by the use of a twice refocusing spin echo technique [Jezzard et al. (1998);

Reese et al.(2003)], included nowadays in most clinical MRI scanners.
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Figure 3.6: Example of a �eld map
image.

Static magnetic �eld inhomogeneities are induced

in regions close to the interface between two tissues with

di�erent susceptibility parameters. Local variations of

magnetic �eld in these regions produce di�erences in the

frequency and the phase of precession of the spins, in-

ducing an image warping linearly dependent of the �eld

strength. This phenomenon is specially important in EPI

as TE time is long. In the human brain, these distor-

sions appear most commonly around tissue/air bound-

aries, such as the frontal lobe above the sinusses. Usu-

ally, a �eld map (or phase map) is acquired for measuring

the magnetic �eld inohomogeneities. The phase map is

equivalent, by a multiplying factor, to a geometric dis-

torsions map � y. Once the 3D distorsion map has been

calculated, the image can be corrected by the interpolation of the corrupted image using

the deformation �eld � y. Besides, recent parallel imaging techniques produce an im-

portant reduction of warping e�ect from magnetic �eld inhomogeneities by reducing the

number of lines to read along the phase axis and consequently diminishing the echo train

duration.

3.2 Di�usion MRI models

Di�usion MRI can be used for extraction of microstructural information of neu-

ral tissue, speci�cally in white matter. As studied in previous section, DW-MRI can

measure the mean displacement of water molecules, which is a�ected by tissue microstruc-

ture. Cells membranes, the axon myelin sheath, organelles and macromolecules modify

the water molecules di�usion.

There are three major modes of di�usion: free di�usion, hindered and restricted [Le Bi-

han (1995)], those can be divided into isotropic and anisotropic. Free and hindered dif-

fusion have been modelled by a Gaussian displacement distribution, where di�usion is

represented by theb-factor. However a single exponential decay can not describe di�usion

as well as would have been expected. In most cases di�usion-sensitized MRI signal attenu-

ation in brain tissue have been very well �tted with a biexponential function corresponding

to two water di�usion pools or phases in slow exchange, with a fast and a slow di�usion

coe�cient [ Niendorf et al. (1996)]:

S = S0f slow e� bDslow + S0f fast e� bDfast ; (3.14)

where f and D are the volume fraction and the di�usion coe�cient associated with th e

slow and fast di�usion phases, with f slow + f fast = 1.

The historical model distinguishes two compartements: theextracellular and the in-

tracellular compartments, whose are separated by the semipermeable cell membranes. In
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Figure 3.7: A: Illustration of the anisotropic nature of di�usion in WM,where water molecules present
a preferred orientation of di�usion along WM �bers. B: Two-compartments model composed by an
intracellular and an extracellular compartment. While the extracellular compartment presents a hindered
di�usion, the intracellular (axonal) compartment is characterized by a restricted di�usion. [Adapted
from Poupon(1999b)]. C: Schematic representation of the structuring e�ect of charged proteins (P)
and membranes on water molecules. Bulk water molecules are exchanging rapidly with the water
molecules in the protein hydration shells. Other water molecules are trapped in a membrane-bound
layer. D: Conceptual biphasic water di�usion model. The slow di�usion pool is made of a water layer
trapped by the electrostatic forces of the protein membranes and associated cytoskeleton. [Adapted
from Le Bihan(2007)].

this model, the extracellular compartment is characterized by a hindered di�usion, de-

termining the fast di�usion component, while the intracellular com partment presents a

restricted di�usion within axons, determining the slow di�usi on component. This model

is controversial as the volume fractions of the two water phases obtainedusing the bi-

exponential model do not agree with those known for the intra- and extracellular water

fractions (Fintra � 0:80 and Fextra � 0:20, even by taking into account di�erences in T2

relaxation contributions between those compartments [Le Bihan (2007)]. Figure 3.7 B

illustrates these two components.

A more recent biphasic model de�nes two di�usion pools: a fast and a slow pool,

delimited in function of the distance of water molecules to cell membranes. The slow pool,

composed by molecules localized close to cell membranes, contain membrane-bound water.

Contrarily, the fast pool is composed by bulk water and proteins-bound water [Le Bihan

(2007)]. Figure 3.7 C-D illustrates this model.
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In isotropic tissues the di�usion-weighted intensity, and therefore the ADC, is the same

in all directions. However, if the signal changes when we apply di�erent gradient encoding

directions, the di�usion is anisotropic. An example of this e�ect is shown in Figure 3.5

where three di�erent DW images were obtained for three ortogonal gradients. From this

three images is possible to infer an ordered structure that has predominantly a left-right

orientation. The highly anisotropic region indicated by arrows corresponds to �bers from

the corpus callosum. The anisotropic nature of WM tissue is illustrated in Figure 3.7 A,

where water molecules will present a preferred orientation of di�usion in the direction of

the �bers.

For anisotropic tissue the behavior of water molecules can no longer be characterized

with a single ADC. Therefore more complex models are used to characterize di�usion.

The di�usion tensor model is the more simple and clinically used model; it is presented in

section 3.2.1. Higher order models, have been developed to overcome some limitations of

the di�usion tensor. These will be brie
y reviewed in section 3.2.2.

3.2.1 Di�usion Tensor Model (DTI)

Stejskal employed the relation in equation3.11 for the case of free or Gaussian di�usion.

In this case the signal in DWI decays exponentially with b. This expression contains two

unknowns, namely, the unattenuated echo signalS0 and the di�usion coe�cient D . If the

di�usion is isotropic, then D is a scalar equal to the ADC, and is easily calculated as

ADC =
Log[S0=S]

b
(3.15)

where b is the b-factor described in equation3.9. The values ofb typically used in clinical

studies are inferior to 1,500 s mm� 2.

When the displacements are not the same in all directions, the simplest representation

of the shape of di�usion in 3D is the di�usion tensor (DT) model. The di �usion tensor

is a 3x3 symmetric, positive-de�nite matrix, originally proposed for use in di�usion MRI

by Basser et al. (1994). The DW imaging modality that uses the di�usion tensor is

called di�usion tensor MRI, DTI or DT-MRI. The di�usion tensor charac terizes Gaussian

displacements in 3D, i. e.,

D =

0

B
@

D xx D xy D xz

D xy D yy D yz

D xz D yz D zz

1

C
A =

1
6�

hRR T i : (3.16)

DTI approximates the di�usion PDF by a 3-variate normal distribution w ith zero

mean. Hence,D can be viewed as the covariance matrix of water molecules displacements

in a given time at each imaging voxel. This di�usion tensor can be used in Einstein's

and Fick's equations (eq.3.2 and 3.1) for anisotropic di�usion. The diagonal elements of

the matrix correspond to di�usivities along three orthogonal axes, while the o�-diagonal

elements correspond to the correlation between displacements alongthose ortogonal axes.
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The assumption of a single-Gaussian displacement distribution is a low spatial frequency

approximation of the di�usion PDF. In the di�usion tensor model, if w e take the Taylor's

expansion ofP about R and � and ignore the higher order terms, equation3.16 can be

used to obtain
@P(R ; t)

@t
= D r 2P(R ; � ): (3.17)

This relation is called the di�usion equation, or heat equation [Campbell (2004)]. The

solution for this equation is the Gaussian di�usion PDF. In this case, the probability P to

�nd a molecule, initially at position r 0, at r after a delay � is then given by

P(R ; � ) =
1

p
(4�� )3jD j

exp
�

�
1
4�

R T D � 1R
�

; (3.18)

where jD j is the determinant of the DT, D , and R = r � r 0 is the molecule displacement.

For a PGSE experiment, the signal attenuation can be expressed in function of D

S(T E) = S0e� 
 2G 2 � 2( � � �
3 )bqT D bq = S0e� bbqT D bq (3.19)

where jD j is the DT, bq is the di�usion gradient orientation, � is the pulse duration and �

is the time between gradient pulses, as in equation3.9.

In DTI, the scalar b value is replaced by a 3x3 symmetricalb-matrix, b. The tensor

elements are then computed by solving

log
�

S
S0

�
= �

3X

i =1

3X

j =1

bij D ij (3.20)

The DT can be reconstructed by the measurement of signal attenuation forsix di�erent

non-colinear and non-coplanar directions, with the addition of one non-di�usion-weighted

image (S0). This approach uses a number of model parameters equal to the data, leading

to a high sensibility to noise. Therefore, it is usual to estimate the DT from more than the

minimum number of acquisitions. Several approaches have been developed for a robust

estimation of the DT. These methods search a vectorial space that ensure de�nite-positive

tensors, and de�ne robust tensor metrics. In addition to the Euclidean space, Riemannian

[Arsigny (2006); Pennec et al. (2006)] and Log-Euclidean [Arsigny et al. (2006); Fillard

et al. (2007); Arsigny et al. (2007)] spaces have been de�ned.

The tensor isosurfaces can be thought in terms of an ellipsoid, a surfacerepresenting,

the distance that a molecule will di�use to with equal probability f rom the origin. To

represent the ellipsoid, the DT formalism provides an \internal reference frame" called

eigensystem. The tensor is diagonalized to calculate the eigenvalues and eigenvectors that

will characterize the di�usion. The principal axes of the ellipsoid { which are mutually

orthogonal { are given by the eigenvectors, scaled according to the square root of the

eigenvalues. The three eigenvalues (� 1, � 2 and � 3), correspond to the three di�usivities
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Figure 3.8: Di�usion tensor can represent anisotropic di�usion in ordered tissue as an ellipsoid re
ecting
parallel (i. e. axial di�usivity,� ==, � 1) or perpendicular (i. e. radial di�usivity,� ? , � 2;3) to the neural
�bers. [From Johansen-Berg and Behrens(2009)].

along the principal axes of the di�usion tensor. The orientation of the tensor is assumed to

be parallel to the principal eigenvectore1, associated with the largest eigenvalue� 1. The

di�usivity of water along the length of the �bers is then represented by � 1 (or � ==), called

axial di�usivity . The two smaller eigenvalues (� 2, � 3) are assumed to be the di�usivity

perpendicular to the �bers. These two eigenvalues are often averaged to yield a single

value, the radial di�usivity (� ? ). The degree of anisotropy is calculated from di�erences

between parallel and perpendicular di�usion. See Figure3.8 for an example of anisotropic

di�usion modelized by a DT.

Scalar invariants for DT

An important parameter derived from DTI is the mean di�usivity or MD or ADC ,

which is the average of the three eigenvalues,

ADC =
� 1 + � 2 + � 3

3
=

DT trace

3
(3.21)

and gives a measure of the bulk di�usivity. For b-value range typically used in clinical

studies (b 6 1; 500 s mm� 2), the MD is fairly uniform throughout the gray and white

matter (0:7 � 10� 3 mm2/s), and higher in ventricules (3:2 � 10� 3 mm2/s). Di�usion

abnormalities, such as, acute ischemic lesions can be detected withADC images, which

are extensively used for clinical diagnosis.

The most used index for anisotropy in DTI publications is the fractional anisotropy

or FA [Basser and Pierpaoli(1995)], expressed as

FA =

r
3
2

s
(� 1 � � )2 + ( � 2 � � )2 + ( � 3 � � )2

� 2
1 + � 2

2 + � 2
3

: (3.22)

This rotationally invariant parameter measures the fraction of the tensor that can be

assigned to anisotropic di�usion. The FA has a range [0{1], with 0 representing isotropic

di�usion. Figure 3.9 B presents an example of ADC and FA images. The FA is low in

cortical gray matter (0.2{0.4) and higher in the white matter, from � 0.45, in the subcor-
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tical WM in the gyri, to � 0.8 in the corpus callosum of healthy brain. In ventricules,

where di�usion is more free, the FA is very low (� 0.1). Figure 3.9 A illustrates examples

of DT ellipsoids with same MD but di�erent FA, ranging from nearly isotr opic (lower FA)

to anitropic (higher FA). Figures 3.9 C{D show examples of DT ellipsoids for an axial slice.

Figure 3.9: A: Examples of DT ellipsoids with same mean di�usivity(0:7� 10� 3 mm2/s) and di�erent
fractional anisotropy (FA), ranging from nearly isotropic (lower FA) to anitropic (higher FA) [Adated
from Johansen-Berg and Behrens(2009)] B: Examples of MD and FA images. C: DT ellipsoids for an
axial slice. Color coding according to FA. D: FA image with an overview of the position in brain for
DT ellipsoids selection in E. E: Ellipsoids zoomed, color coding according to FA, background is an ADC
image [Adated fromArsigny(2006)].

Anisotropy as a measure of WM integrity

DTI studies determine if there are any di�erences in the molecular displacement of

water in tissue, re
ected by the DT eigenvalues, MD and FA, in speci�c brain regions

in neurological disorders. In WM, the spacing between axons, the axon diameter, the
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Figure 3.10: Example of FA as a measure of WM integrity. Structural damage to axons and myelin that
results in a loss of directional barriers to water di�usion will reduce the degree of anisotropy. Electron
micrographs are adapted from normal and degenerated frog sciaticnerve. [FromJohansen-Berg and
Behrens(2009)].

myelin thickness, etc., are variable even within the same tract, and thus, the barriers to

di�usion have neither a simple, nor a regular geometry. Therefore, the measured di�usion

parameters are some sort of weighted average of all the di�erent types of water molecule

behaviors within a particular voxel. Most DTI studies rely on quant itative analysis, where

DT invariants of one tract in a control population are compared to the invariant values of

the same tract in a patient population. These measurements expect that there had to be

a consistent change througout the voxel in order to detect a di�erence in di�usion.

Although, even within a tissue class such as WM, the degree of anisotropycan not

be directly related with a speci�c structural component (number of axons, axon density,

axon size, myelin thickness, packing, etc.), the degree of anisotropyis often used as a

quantitive biomarker of WM \integrity". Several experiments using non-pathological �bers

without myelin have shown that anisotropy should not be considered myelin speci�c, as

myelin is not essential in neural �bers to observe this biophysicalproperty. Conversely,

axonal membranes themselves are shown to be su�cient barriers alone to water di�usion

perpendicular to the WM �bers, in comparison to di�usion along �bers . However, myelin

appears to modulate the degree of anisotropy in a given �ber. A detailed bibliography

about the relationship of water di�usion anisotropy and tissue microstructure is detailed

in Beaulieu (2002) and Johansen-Berg and Behrens(2009), chapter 6. For an example of

anisotropy as an indicator of structural damage is illustrated in Figure 3.10.

DTI indexes and brain maturity

During brain maturation, DTI indexes as mean di�usivity and di�usion anisotropy

present important changes. These changes re
ect changes in brain tissue microstruc-
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Figure 3.11: Examples of prolate and oblate DT ellipsoids [Adapted from Wikipedia].

ture. In the case of gray matter, this may re
ect changes in the dendritic architecture

of pyramidal cells and the presence or absence of radial glial �bers [H•uppi and Dubois

(2010)].

In white matter, most fascicles seem to be organized during late intrauterine life, as

�bers are to grow with the previously formed axons as guidance. Indeed,high anisotropy

is already observed in poorly myelinated fascicles of premature newborns, and the patterns

of �bers tracts were found already in place in infants with no di�eren ces between 5 and

17 weeks [Dubois et al. (2006)].

Two stages are assumed to be the main responsible for most di�usion changes related

to WM maturation over the postnatal developmental period: the �rst st age of myelina-

tion, called pre-myelination and myelination [Dubois et al. (2008)]. Pre-myelination is

characterized by the proliferation of oligodendrocytes lineage precursors, with a decrease

in water content. As this early process is rather isotropic, it shouldlead to a decrease in

the three di�usivity indexes ( MD , � ==) and � ? ), without signi�cant change in anisotropy.

The �bers myelination, corresponding to the ensheathment of oligodendroglial processes

around the axons, is accompanied by a further decrease in both membranespermeability

and extracellular distance between membranes in the orthogonal direction to the �bers.

Because of unchanged longitudinal di�usivity contrasting with decreased transverse di�u-

sivity the anisotropy should increase while the mean di�usivity should decrease.

Tensor shape

From FA equation (eq. 3.22), a tensor with high anitropy can present two di�erent

shapes: aprolate tensor, in which � 1 � � 2 = � 3, or an oblate tensor, in which � 1 = � 2 �

� 3 (see Figure3.11). Since, neither the ADC nor the FA will indicate which form takes

the tensor ellipsoid, two metrics have been used to characterizethe DT geometry.

Prolateness can be calculated by the expression� 1;2 = � 1 � � 2, while oblateness can

be determined by � 2;3 = � 2 � � 3.

Colour encoded �ber orientation map

The �ber orientation can be represented using color maps, derived form DT information

[Pajevic and Pierpaoli (1999)]. Each voxel can be color-encoded, following the direction
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of the main tensor eigenvector, where the three cartesian directionsare represented using

di�erent primary colors (red for left-right, blue for superior-inf erior, and green for anterior-

posterior). This yields to a cartography of the tracts positions and directions, where voxel

brightness is weighted by the FA (see Figure3.12).

Figure 3.12: Colour encoded �ber orientation maps. Image values can be calculated with the ex-
pression(r; g; b) = 255F A(e1x; e1y; e1z), wheree1 is the principal tensor eigenvector. Fibers that are
predominantly oriented left-right are then shown in red, anterior-posterior �bers are shown in green and
superior-inferior �bers are shown in blue (see colour wheel atlower right hand corner). [FromJones
(2008)].
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3.2.2 High Angular Resolution Di�usion Imaging (HARDI)

The signal in DWI decays exponentially with b when the di�usion is free and Gaussian.

In the case where the volume-averaged di�usion PDF is non-Gaussian (e.g. when there

are multiple di�usion compartments in slow exchange, or restrictive barriers), the NMR

signal will no longer be mono-exponential and DTI model will be insu�ci ent. In WM,

a voxel, with size � 1{3 mm, contains hundreds of thousands of axon �bers, which axon

radii are in the range of 0.1{10 � m. Therefore, within a voxel a wide range of often

complex con�gurations of �bers can exist. If more than one population of �bers are

present, e. g. crossing �bers, we found apartial volume e�ect and the corresponding

DT ellipsoid will be unable to represent the underlying di�usi on process. About two

third of white matter voxels are a�ected by this problem [ Behrens et al. (2007)]. An

example for a 90� �ber crossing con�guration is shown in Figure 3.13. In this case, the

DT is oblate, and contains none of the �ber population orientations. The �ber orientation

distribution function (fODF) for this example has two spikes, corresponding to the two �ber

populations present in the voxel. Mathematically, the fODF is a probability distribution

on the sphere, where each point on the sphere corresponds to a uniqueorientation. In

general, an ODF is usually represented by a \stretched sphere", inwhich the radius is

scaled by the value of the ODF. A colormap for the ODF values can also be applied to

the mesh vertices. See Figure3.16 for an example of an orientation distribution function.

Figure 3.13: Illustration of partial volume e�ect whitin a voxel fortwo �ber populations representing a
90� �ber crossing con�guration. The best �t DT will have an oblate shape, with an unde�ned principal
direction. The �ber orientation distribution function (fODF) is composed by the two spikes, aligned
with the two �ber population orientations [Adapted fromPoupon(1999b)].

The limitation of DT when imaging voxels with multiple �ber populati ons can be

overcome with High Angular Resolution Di�usion Imaging (HARDI), where the

q-space is sampled along as many directions and magnitudes as possible for a better

reconstruction of the di�usion PDF. HARDI acquisitions and reconstruc tion algorithms

are in continuous development and improvement. We will present here a brief review of

major HARDI reconstruction techniques. Some approaches are model-based while other

are model-free. A schematic of the major multiple �ber HARDI reconstruction algorithms

is shown in Figure 3.14.
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Figure 3.14: Major di�usion MRI acquisition and reconstruction methods [FromDescoteaux(2008)].

HARDI reconstructions depend on the number of acquisitions and the gradient strength

(b-value). Besides, the sampling of theq-space can be performed over a 3D cartesian grid

or over a single shell sphere.

Model-Based approaches

Model-based approaches resolve �ber-crossing by modeling distinct �ber population sep-

arately.

The Multi-tensor model or multi-Gaussian modeling is a generalization of DTI,

which uses a mixture ofn zero-mean Gaussians to describe the di�usion PDF. It assumes

that the voxel contains n distinct populations of �bers and that there does not exist

exchange within populations:

E(bq i ) =
nX

j =1

aj e� bbqT
i D j bq i (3.23)

where aj and D j are the volume fraction and the covariance of thej th population, and

bq i is the di�usion direction encoding. The parameters of the model are estimated from

a sef of DW measurements. This model assumes that the number of �berpopulations n

is known. Most works use a maximumn of 2 because of instabilities in the non-linear

optimization required for the parameter estimation. To make the numerical solution more
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stable, constraints in the model can be added. For example, we can enforce the positive

de�niteness [Chen et al. (2004)] or �x the DT eigenvalues [Tuch (2002); Alexander et al.

(2001)]. Also, a multi-Gaussian extension based on di�usion basis function ofGaussians

has been used to recover multiple crossing �bers [Ramirez-Manzanares et al.(2007)].

The \Ball and stick" model [Behrens et al. (2003)] assumes that water molecules

belong to one of two populations: a restricted population within or around �bers and a

free population that does not interact with �bers. Restricted di�u sion is modeled with

an anisotropic Gaussian distribution with only one non-zero eigenvalue,while an isotropic

Gaussian distribution is used for the free population. A mixture of restricted compartments

can be used for a better representation of multiple �ber populations [Behrens et al.(2007)].

A Composite hindered and restricted model of di�usion (CHARME D) , [As-

saf et al. (2004)] models the restricted di�usion with an analytical model for di�u sion

restricted to a cylinder [Neuman (1974)]. The extracellular space is modeled by a hin-

dered di�usion using an anisotropic Gaussian model.

Model-free approaches

Model-free approaches arenon-parametric techniques that do not need compartment-

speci�c information. These non-parametric techniques estimate the fODF from di�usion

MRI measurements, avoiding a model selection and the de�nition of the number of com-

partments.

Some approaches reconstruct thedi�usion orientation distribution function (dODF),

which consists in an isosurface of the di�usion PDF for a certain radiusr, representing the

di�usion probability distribution on the sphere.

The dODF contains then the full angular information of the di�usion PDF an d is

de�ned as

	( u) =
Z 1

0
P(� u)d�; (3.24)

whereu is restricted to be a unit vector. Thus, the dODF is a function on the unit sphere

describing the average probability that a particle will di�use int o any given solid angle.

Di�usion Spectrum Imaging (DSI) and q-ball imaging (QBI) reconstruct the dODF.

Other methods recover a function slightly di�erent, containing the same information than

the dODF. This is the case for DOT algorithm and the original PAS-MRI algorit hm.

Spherical deconvolution algorithms recover a more direct estimate of the fODF.

Figure 3.15 presents an illustration of fODFs and dODFs for several simple WM

con�gurations. Both, the fODF and the dODF are probability distributi ons on the sphere,

with the peaks in similar directions. However, while the fODF presents spikes only along

the orientations of �ber populations, the dODF is a smoother function as water molecules

di�usion occurs in all directions, even perpendicular to the �bers.

Di�usion Spectrum Imaging (DSI)

Di�usion Spectrum Imaging (DSI), samples the signal on a Cartesian gridof points in
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Figure 3.15: Illustration of fODFs and dODFs for several simple WM con�gurations. The normalized
dODF is rescaled so that its minimum value become zero. This emphasizes the directional structure of
the dODF without a�ecting peak directions [FromJohansen-Berg and Behrens(2009)].

q-space and then takes the 3D inverse Fourier transform to obtain an approximated PDF

[Wedeen et al. (2000); Tuch et al. (2002); Wedeen et al. (2005)]. It derives from q-space

imaging (QSI) [Callaghan (1991)]. The acquisition scheme for DSI typically samples the

whole interior of a sphere in a regular grid, but some acquisitions schemes acquire only an

hemisphere since the signal is supposed to be symmetric [Gigandet (2009)]. An example

of the di�usion spectrum obtained with DSI in the case of a �ber crossing, as well as the

corresponding dODF are shown in Figure3.16.

Figure 3.16: . DSI reconstruction scheme. A: tissue in a voxel with two populations of �bers that
cross. B: Through the MR acquisition scheme the signal is sampled. C: In order to reconstruct the
di�usion spectrum, the 3D discrete Fourier transform is taken.D: To simplify the representation of an
imaging slice, the angular structure of di�usion is representedby the dODF (a polar plot of the radial
projection). The color coding corresponds to the orientation of di�usion (green: vertical di�usion; red:
transverse di�usion). [Adapted fromWedeen et al.(2005)].

The major limitations of DSI are the acquisition requirements. Firstly, the number of

measurements needed for the sampling of theq-space is very high (� 500{1000), leading to

an imaging time impracticable for very high resolution images. Another limitation is the

maximum b-value needed for the acquisition (� 10000{20000 s mm� 2). Due to relatively

low maximum gradient amplitudes implemented in conventional MRI systems, high b-

values require, in practice, a pulse duration� almost similar to the pulse spacing, �. This
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violates the narrow pulse assumption for Fourier relationship between the MR signal and

the di�usion spectrum, which yields to slightly, but consistently underestimated di�usion

displacements. The result is a considerable blurring in the PDFand consequently in

the derived dODF, although, the overall distribution shape will be correct. For these

reasons, i. e. long acquisitions times and a maximal di�usion gradient too high, DSI is not

applicable in clinical studies. In research, DSI is only now starting to play a signi�cant role

in brain imaging as more centers are equipped with high-end magnets and multichannel

head coils, and as commercially available pulse sequences are being distributed [Hagmann

et al. (2010)].

Single-shell HARDI techniques

Spherical acquisition schemes, also calledsingle-shellHARDI techniques have been de-

veloped since through some assumptions they are able to overcome the \�ber-crossing

problem" without having to compromise to much scan time and without major hardware

requirements [Hagmann et al. (2010)]. These acquisitions have both, the di�usion time

� and jqj �xed (and then a b �xed), and only gradient direction varies among measure-

ments. In the following sections we will review theq-ball imaging (QBI) and the spherical

deconvolution (SD) as these techniques have presented an increasing development in the

last years.

q-ball imaging (QBI)

q-ball imaging (QBI) approximates the dODF using measurements from asingle-shell

acquisition based upon a transformation called Funk-Radon transform (FRT), G [Tuch

(2002, 2004)]. This relationship establishes that the dODF (de�ned in equation 3.24) for

a particular di�usion direction is equivalent to the circular inte gral about the equator

perpendicular to the direction.

Figure 3.17: Qball reconstruction scheme. We start (left) with samples ofS at �xed jqj (panel 2). To
sample the dODF in one direction, we sum the interpolatedS around the perpendicular equator (panel
3). We repeat the procedure in various directions to obtain many samples of the dODF (panel 4).
Finally, we may interpolate to approximate the continuous dODF. [From Johansen-Berg and Behrens
(2009)].

The FRT can be expressed as

G[f (w)](u) =
Z

� (uT w)f (w)dw (3.25)

whereu and w are constrained to be unit vectors. Tuch deduced the relation between the
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dODF and the FRT, expressed in cylindric coordinates [(Tuch, 2004, Appendix A)]:

Gq0[S(q)](u) = 2 �q 0
Z

P(r; �; z )J0(2�q 0r )rdrd�dz (3.26)

where q0 is the radius of the acquisition shell inq-space andJ0 is the zeroth-order Bessel

function. For high q values, J0 gets sharper and can be approximated by Dirac function

� . This gives the q-ball expression for the dODF

	( u) =
Z

P(r; �; z )� (r )� (� )rdrd�dz: (3.27)

See Figure3.17for an illustration of q-ball reconstruction. For the calculation, the discrete

set of measurements must be interpolated to estimate the signal at eachpoint of the

circle. This approximation is then valid for a high value of b (b � 3; 000 s mm� 2) and

an important number of measurements (� 200). Anyway, due to the approximation, the

calculated dODF will be smoothed, which will reduce the angular resolution and precision

of peaks directions.

The original implementation [Tuch (2004)] used radial basis functions to interpolate

S and has a numerical solution. Later works used analytical spherical harmonics (SH)

for reconstructing the solution, which gives a more compact representation of the dODF

[Anderson (2005); Hess et al.(2006); Descoteaux et al.(2007)]. These approaches avoid

numerical computations, as the FRT has analytic form if S is a linear combination of SH

functions, allowing a faster and more robust to noise solution.

Spherical Harmonics Basis and numerical q-ball solution. SH form an orthonor-

mal set of functions with respect to the inner product. Sphericalharmonics Y m
` of order

` and degreem are de�ned as

Y m
` (�; � ) =

s
2` + 1

4�
(` � m)!
(` + m)!

Pm
` (cos� )eim� (3.28)

where � 2 [0; � ] and � 2 [0; 2� ). Descoteaux et al.(2007) de�ned a modi�ed basis consid-

ering only SH of even degree, in order to impose a real-valued constraint, using a single

index j in terms of ` and m:

Yj =

8
><

>:

p
2 � Re(Y jmj

` ); if m < 0

Y m
` ; if m = 0

p
2 � (� 1)m+1 Im(Y m

` ); if m > 0:

(3.29)

where Re(Y m
` ) and Im(Y m

` ) represent the real and imaginary parts of Y m
` respectively,

` = 0 ; 2; 4; ::: ; L , m = � `; ::: ; 0; ::: ; `, and j (`; m) = ( `2 + ` + 2) =2 + m. Figure 3.18shows

some examples of modi�ed spherical harmonics.

Thus, a truncated smooth estimation of the HARDI signal Si , for a particular encoding
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Figure 3.18: . Examples of modi�ed spherical harmonics for orders` = 0, 2 and 4 [Adapted fromDe-
scoteaux(2008)].

gradient direction i can be formulated as

S(� i ; � i ) =
RX

j =1

cj Yj (� i ; � i ) (3.30)

where R is the number of terms in the modi�ed real and symmetric SH basisY of order

L , and cj are the SH coe�cients.

In order to determine the cj coe�cients for N encoding directions, we need to solve an

over-determined linear system using a (N � R) matrix B , constructed with the discrete

modi�ed SH basis:

B =

0

B
B
@

Y1(� 1; � 1) Y2(� 1; � 1) � � � YR (� 1; � 1)
...

...
. . .

...

Y1(� N ; � N ) Y2(� N ; � N ) � � � YR (� N ; � N )

1

C
C
A : (3.31)

Then, the least-squares solution for the (R � 1) SH coe�cient matrix C is

C = ( B T B + � L ) � 1B T S (3.32)

where S is the (N � 1) vector of input signal Si , and L is a (R � R) Laplace-Beltrami

regularization matrix with entries `(j )2(`(j ) + 1) 2 along the diagonal.

Analytical q-ball solution. Descoteaux et al.(2007) demonstrated a new corollary of

the 3D Funk-Hecke theorem for the analytical evaluation of integrals of functions on the

sphere, to obtain a mathematical simpli�cation of the Funk-Radon transform. The FRT

can then be expressed in function of the SH series, in a given unit vector direction u:

G[S](u) =
RX

j =1

2�P ` (j ) (0)

S0
cj Yj (u) (3.33)

where P` (0) is the Legendre polynomial of degreè evaluated at 0. The SHs are then

eigenfunctions of the FRT with eigenvalues depending only on the order ` of the SH series.

The ODF reconstruction in terms of SH coe�cients, denoted by the (R � 1) vector C0, is
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Figure 3.19: dODFs for the analytical and numerical QBI. The regionof interest shows the cortical
spinal tract (CST) and corpus callosum (in the plane) and the CST and longitudinal superior �bers
(coming out of the plane) cross. FromDescoteaux(2008)]

simply a diagonal linear transformation given by

C0 = PC (3.34)

where P is the Funk-Hecke matrix, with diagonal elements 2�P ` (j ) (0)=S0. The �nal esti-

mated ODF on the sphere can be obtained by	 = BC 0. With the addition of Laplace-

Beltrami regularization it is therefore possible to compute a fast and robust analytical QBI

solution (see Figure3.19).

Generalized FA (GFA)

Tuch (2004) de�ned a generalized fractional anisotropy as an analog forq-ball of the FA

in DTI. The GFA is a measure of variation of the dODF, 	, mathematically d e�ned by

GF A = j

R
(	( u) � 	)

2
du

R
	( u)2du

j

1
2

(3.35)

where 	 = (4 � ) � 1 R
	( u)du. This de�nition extends to any other function of the sphere,

for example, to any fODF.

Spherical Deconvolution (SD)

Spherical Deconvolution (SD) methods recover the fODF directly from the measure-

ments. These approaches, originally proposed by [Tournier et al. (2004)], consider the

HARDI signal as the sum of measurements from a mixture of distributions of�ber orien-

tations. Each measurement is viewed as a convolution of the response function produced

by a single �ber (R) with the expected true �ber distribution (fODF). Then, sphe rical de-

convolution aims to recover an estimation of the fODF by deconvolving the measurements

with R. An illustration of spherical deconvolution is shown in Figure 3.20. SD requires a

model of di�usion for a �ber population in order to determine the �ber response function,

R. One strategy is to modelR with a Gaussian function [Alexander (2005)]. Other works

derive R directly from real datasets calculating the average signal from most anisotropic

voxels [Tournier et al. (2004); Alexander and Barker (2005)].
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A major limitation of SD is its susceptibility to noise and severe instabilities for high

harmonic orders, which results in spurious peaks in the recoveredfODF. To reduce this

e�ect, Tournier et al. (2004) used low-pass �ltering, but this solution, called �ltered spher-

ical deconvolution, also reduces angular resolution. An improved solution, calledsuper-

resolved constrained spherical deconvolutionwas implemented in [Tournier et al. (2007)]

by the means of a modi�ed Tikhonov regularisation method.

Figure 3.20: . Spherical deconvolution illustration. The response function R convolved with the fODF,
gives the observedS. In the example, the convolution becomes a sum for two directions as the true
fODF is zero for all others. [FromJohansen-Berg and Behrens(2009)].

Sharp Spherical Deconvolution of the dODF

More recently, Descoteaux et al.(2009b) proposed a sharp spherical deconvolution trans-

form reconstructed from q-ball imaging with the constrained regularization described in

[Tournier et al. (2007)]. The starting point of this deconvolution method is not the mea-

sured signal but the estimatedq-ball dODF (	 d). The estimated smooth dODF is decon-

volved by the dODF for a single �ber ( R0) in order to obtain a sharpened �ber ODF, 	 f

(see Figure3.21).

Figure 3.21: Sketch of the convolution/deconvolution of the dODF. In A, theconvolution between the
true fODF and the dODF kernelR0 produces a smooth dODF. B shows the sketch of the deconvolution
sharpening. The Funk-Radon Transform (FRT) of the HARDI signal onthe sphere produces a smooth
dODF. This dODF is transformed into a sharp fODF by the deconvolution with the dODF kernel of A
[From Descoteaux(2008)].

The convolution on the sphere between the single �ber di�usion kernel R0 and 	 f can

be written as

	 d(u) =
Z

jw j=1
R0(u � w)	 f (w)dw: (3.36)

In order to solve this integral, 	 d and 	 f are expressed using their respective SH estimation

of order `, given by 	 =
P

j c0
j Yj (u) and 	 f =

P
j f j Yj (u). Then, the Funck-Hecke
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theorem (equation 3.33) can be applied to solve the convolution integral betweenR0 and

the spherical harmonicYj over the sphere, leading to the expression

	 f (u) =
RX

j =1

c0
j

r 0
j
Yj (u) (3.37)

for any direction u, where

r 0
j = 2 �

Z 1

� 1
P` (j ) (t)R

0(t)dt: (3.38)

The model of di�usion for a single �ber can be assumed to be an axially symmetric

and prolate tensor (� 1 � � 2 = � 3) as in [Anderson (2005)]. Thus, R0 can written as

R0(t) =
1

8�b
p

� 2
2� 1

1
p

(� 2=� 1 � 1)t2 + 1
: (3.39)

This method improves �ber detection of QBI by increasing angular resolution.

Figure 3.22: Axial slice showing intersection between the genu of the corpus callosum, the capsule
�bers and the superior frontal gyrus �bers. We show the di�usiontensors, the constrained SD, the
q-ball dODF and the sharp fODF overlaid on the GFA map. [FromDescoteaux(2008)].

In general, spherical deconvolutions require an inferior number of measurements than

QBI ( � 60{80), with similar requirements for b-value.

Multiple-shell HARDI techniques

Recently, several techniques have being developed for HARDI data from multiple q-

shells. These methods use acquisitions with severalb-values in order to obtain a better

modeling of the di�usion propagator. Multiple-shells bene�t from th e high signal-to-

noise ratio (SNR) of the data acquired at low b-values and high angular contrast-to-

noise ratio (CNR) at high b-values. For example,Aganj et al. (2010), by considering the

solid angle factor, use a mathematically better de�nition of the ODF and resulting in a

dimensionless and normalized ODF expression that can be used to estimate ODFs from

single- or multiple-shell acquisitions. In another work, Descoteaux et al.(2009a) propose

a di�usion propagator imaging (DPI), an analytical and linear solution of the en semble

average propagator based on a Laplace equation modeling of the di�usion signal.
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3.3 MR Di�usion Tractography

MR di�usion tractography, also called WM tractography, uses the directi onal

information from di�usion measurements to estimate the trajectories of white matter path-

ways. While invasive techniques can actively trace individual axons in animals, WM trac-

tography is the only technique able to study human whole-brain WM tracts non-invasively

and in vivo. WM tractography has major limitations related with the indirect natur e and

low resolution of DW data. Results contain a signi�cant quantity of false negatives and

false positives due to the inhability to determine precisely the underlying �ber con�gura-

tion within a voxel. Furthermore, the impossibility to di�eren ciate e�erent and a�erent

pathways is a fundamental limitation. However, the non-invasive nature of tractography

and all the developments and improvements in DW-MRI allow the study of human brain

connectivity and contribute to a better understanding of the human brain.

Tractography algorithms can be deterministic or probabilistic, local or global, model-

based or model-free, and basically with two kinds of results: 3D curves or voxel-maps. In

this section we will review in more detail the streamline tractography as its output, a set

of 3D curves, is the main input of our thesis work.

Figure 3.23: Visualization of the orientation of the principal eigenvector of one slice on a per voxel
basis (projection into the axial plane), with color coding according to FA. In the slice, the traced �ber
tracts reconstruct the trajectory of �bers from the splenium of the corpus callosum. From a seed point,
the tractography algorithm follows the vector �eld determined,in DTI, by the DT principal eigenvector
(e1).

Streamlines are trajectories that follow the direction of an underlying vector �e ld.

The lines can be reconstructed by starting with a \seed" and following the local vector �eld

step-by-step. Streamline tractography de�nes, then, 3D space-curves that are tangent to

the local �ber orientation given by the di�usion local model. These t ractographic 3D curves

are commonly referred to as \�bers" or \tracts", though they do not repres ent individual

�bers or axons. Instead, the curves represent an estimate of the trajectory of some larger

white matter �ber tract. In this thesis, we will use the terms \�b er",\tract" or \�ber

tract" to refer to the trajectories obtained with tractography algorith ms. Consequently, a
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\�ber bundle" will be a bundle of tractographic curves and not a real anatom ical bundle of

neural �bers. When required, we will use the expressionwhite matter tract, or WM tract ,

to address a �ber bundle representing a white matter �ber tract d escribed by anatomists.

Mathematicaly, a streamline can be expressed by an equation describing the trajectory

evolution [Basser et al.(2000)]:

r 0(s) = v (r (s)) (3.40)

wherer (s) is the point ( x; y; z), located at distances along the streamline from the starting

point r 0, and v(s) is the local di�usion model at point r (s). The calculation of the

streamline requires the resolution of this di�erential equation by the integration of v :

r (t) = r 0 +
Z t

0
v (r (s)) ds (3.41)

which implies the accumulation of errors along the streamline computation. These accu-

mulated errors are the result of integration errors, and local di�usion model estimation

errors due to the uncertainty of the local di�usion and noise.

Streamline tractography requires a Region of Interest (ROI) as input; from each voxel

of the ROI, a de�ned number of seeds are placed for trajectories generation. From each

seed point, a streamline is tracked in both, retrograde and anterograde directions. The

approach that uses a brain white matter mask as seed ROI is usually calleda \whole-brain"

or \brute-force" tractography.

In the next section (3.3.1) we will review the main streamline deterministic tractogra-

phy algorithms and the concept of �ber trajectory regularization. Then, in section3.3.2, we

continue with streamline probabilistic tractography approaches, developed to better deal

with �ber crossings. Finally, in section 3.3.3 we overview other important tractography

techniques.

3.3.1 Streamline Deterministic Tractography

Streamline deterministic algorithms follow the most probable direction given by the di�u-

sion local model [Mori et al. (1999); Conturo et al. (1999); Poupon (1999a); Basser et al.

(2000); Mori et al. (2002)]. Earlier algorithms, applied to DTI, use the principal eigen-

vector (e1) as the direction of local �ber orientation. Figure 3.23 shows an illustration of

streamline tractography in DTI.

The FACT algorithm (Fiber Assignment by Continuous Tracking) [ Mori et al. (1999)]

assigns to each voxel the direction of the principal eigenvector. Thus, each trajectory

follows the direction indicated by the local DT, without interpolat ion, as illustrated in

Figure 3.24 (A1). Newer approaches require the interpolation of the di�usion local �eld

at each trajectory point from the calculated values on the measurement grid [Conturo

et al. (1999); Basser et al.(2000)] (see Figure3.24 (A2)). These methods produce lower

propagation errors than those without interpolation and are more robust to noise [Lazar

and Alexander (2003)]. Tracking methods use either a constant integration step size [Con-
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turo et al. (1999)] or a step size adapted to the trajectory curvature [Basser et al.(2000)].

Besides, di�erent approaches use di�erent numerical integration approximations, from the

Euler method, which assumes a constant value during each step, to higher order integra-

tion methods, like Runge-Kutta schemes of order 2 or 4. Integration errors diminish with

decreasing step size and more accurate approximations.

Figure 3.24: A: Example algorithms for deterministic streamlinetractography in DTI. In A1, the �ber
tracts are reconstructed using the FACT method [Mori et al. (1999)], where the trajectories follow the
DT principal eigenvector of each voxel. In A2, the trajectoriesare calculated using interpolation between
grid points [Conturo et al. (1999)], [From Perrin (2006)]. B: Propagation masks used as a tracking
stopping criterion. In B1, the typical thresholded FA mask (th = 0.1). In B2, a propagation mask
constructed from a T1 image [Perrin et al.(2008)].

Stopping criteria

One stopping criterion uses apropagation mask of white matter; if a point exits the

mask, the tracking is stopped for the corresponding line. Typically the WM mask is a

thresholded mask of FAwith usual threshold values of � 0.1{0.2 (see Figure3.24 (B1)).

The tracking is then stopped if the anisotropy is too low, assuming that when FA is too

small, the uncertainty of the principal di�usion direction is high. However, this criterion is

rough as the FA value is not speci�c of a particular structural con�guration and therefore

constraints tracking results to region of WM with high anisotropy. In par ticular, FA (or

GFA) can be very low in �ber crossings representing more than 2/3 of WM voxels, thus

putatively discarding many valid tracts. Furthermore, because the dMRI resolution is

generally coarser than standard T1-weighted MRI (on the order of 2 mm isotropic), voxels

at the interface between the WM and the cortex may su�er from severepartial volume

e�ects, arti�cially diminishing the FA values. Therefore, many t rue-positive neuronal

pathways may not be revealed.

Another option is to use a propagation mask calculated from a T1 image[Perrin et al.

(2008); Guevara et al. (2011b)]. In this case, a better de�nition of the WM can be achieved,

as shown in Figure3.24 (B2). This approach can be used with tracking algorithms with

regularization to resolve the trajectory direction in low anisotropy locations. Besides, a

good registration between T1 and T2 images is needed.

A second common stopping criterion, amaximum curvature threshold, aims at

avoiding fast changes in the streamline direction. This criterion is based on the assumption
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that real WM �bers do not present high curvatures. Therefore, if the angle between the

incident trajectory and the local vector �eld is greater that the thr eshold (� 30� {45� ), the

tracking is stopped.

Regularized algorithms

Alternative streamline algorithms can better resolve �bers in regions where there are

crossing or fanning �bers using trajectory regularization . They involve the use of more

information like the entire tensor information for DTI case, and the incident streamline

direction.

The \Tensorlines" tracking method [ Weinstein et al. (1999); Lazar et al. (2003)] esti-

mates the local pathway direction using the tensor de
ection (TEND). During the pathway

calculation, the new direction (vout ), considers both, the local DT (D ) and the incident

direction (v in )

vout = f e1 + (1 � f )[(1 � g)v in + dDv in ] (3.42)

where e1 is the DT principal eigenvector. Figure 3.25 illustrates the behavior of this

tracking algorithm that includes trajectory regularization. This met hod is less sentitive

to noise and low anisotropy values than the classic approaches. However, the choice of

parameter values (f and g) is a major problem.

Figure 3.25: Example of TEND algorithm behavior for di�erent shapes of local DT ellipsoids. The
incident directionv in is in blue while the out directionvout is in red [FromWeinstein et al.(1999)].

Another approach uses a markovian regularization of the directions �eld tode�ne the

�bers as a trade-o� between high di�usion along �bers and low curvature constraints

[Poupon et al. (2000)].

Streamline based on HARDI

Higher di�usion models can overcome problems associated with single-tensor based

methods, particularly when crossing �bers are involved. For example, an extension of

the streamline based on the classical di�usion ODF reconstructed from QBI and a regu-

larized version of the dODF was proposed [J. S. W. Campbell and Pike (2006)].

Another approach based on QBI, reconstructs regularized �ber trajectories using the

shape and peak orientation of theq-ball dODFs to in
uence the paths of the streamlines at

each step [Perrin et al. (2005b)]. This method employs a measure of anisotropy� to weigh

the in
uence of the q-ball on the particle trajectories. Even though this regularization

method was proposed for QBI, it can be generalized to any HARDI di�usion local model.

Particles start from seeds with an initial direction equal to the local di�usion �eld.

Then, if we de�ne r (s) as the location of the particle at arc-length position s, and v(s)
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the out direction of particle at r (s), the next particle step is de�ned as

r (s + �s ) = r (s) + v(s)�s: (3.43)

At each trajectory step, the new out direction v(s + �s ) results from a trade-o� between

inertia, given by the incident direction v(s) and a force steeming from the di�usion local

�eld vd(s):

v (s + �s ) = � vd(s)) + (1 � � )v (s) (3.44)

where � is a parameter ranging between 0 and 1. The di�usion local model is interpolated

at each location r (s) using trilinear interpolation.

For deterministic tractography, the direction vd(s) is the direction of maximum prob-

ability inside a half cone de�ned from the incident direction v(s). The parameter � is

a measure of anisotropy. For isotropic voxels,� is small, and the algorithm favours the

incident orientation; while for anisotropic voxels, � is large, and the algorithm favours

the di�usion local �eld direction. For QBI, � was estimated as the normalized standard

deviation of the interpolated q-ball. Figure 3.26 presents an illustration of this trajectory

regularization algorithm for anisotropic and isotropic cases.

Figure 3.26: Regularization of particle trajectories for HARDI. A measure of anisotropy� is used to
weight the in
uence of the HARDI di�usion local model on the particles trajectories. For QBI,Perrin
et al. (2005a) used the normalized standard deviation of the interpolatedq-ball. [From Perrin et al.
(2005a)].

A two-tensor �ber tractography method that estimates two tensors from t he acquired

MR values was also proposed [Bergmann et al. (2007)]. At each step of the path, the

two tensors are interpolated, and the trajectory follows the tensor most aligned with the

current direction. Another method using a two-tensor model was recently proposed and

used to resolve �ber crossing in the corticospinal tract [Qazi et al. (2009)]. Although results

are interesting, these methods present the di�culty of model selection in each voxel.

Streamline tracking algorithms were also proposed based on the principal direction of

the dODF computed from DSI [Tuch (2002); Wedeen et al. (2008)]. Also, Descoteaux

et al. (2009b) used an fODF estimated from a sharpening spherical deconvolution of

the dODF reconstructed from QBI, for streamline deterministic � ber tracking. At each
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point, the out direction vout , is selected as the fODF maximum that is the closest to the

incoming tangent direction of the curve (v in ).

Deterministic algorithms are simple and fast, but are very susceptible to noise and

are limited when multiple �ber populations exist within a voxel. Streamline probabilistic

tractrography tryies to face this problem using more information about the probability

distribution of the �ber orientation.

3.3.2 Streamline Probabilistic Tractography

Streamline probabilistic tractography algorithms use an orientation probability distribu-

tion (dODF or fODF) and Markov Chain Monte Carlo sampling to generate the stream-

lines. For this, a big number of seeds is randomly distributed inside each ROI voxel

(� 200{1,000).

An example of this kind of method was proposed byPerrin et al. (2005a), which regular-

ized deterministic streamline algorithm was described in section3.3.1. For the probabilistic

approach, each trajectory step is determined using the same expression (equation 3.44),

where an anisotropy measure is used as a weighting parameter for di�usionlocal model di-

rection vd(s) and incident direction v(s). The di�erence consists in the approach employed

for determining vd(s), which in this case is randomly chosen inside the half cone de�ned

from the incident direction (see Figure3.26). Then, a big number of seeds from each voxel

will generate a �ber dataset representing the probability of the di� erent connections that

can exist from each voxel to the remaining GM/WM interface voxels. See Figure 3.27

for a comparison between streamline probabilistic and deterministic tractography over a

�eld of fODF calculated with a sharpening SD of the dODF from QBI [ Descoteaux et al.

(2009b)]. In this example, tractography was calculated for the whole brain, using a T1

propagation mask with voxel size of 0:9375� 0:9375� 1 mm, and 27 seeds per voxel (see

Figure 3.24 (B2)). The �gure shows a selection of �bers passing through an ROI (in red)

localized in the left post-central gyrus. As expected, the probabilistic method presents a

higher range of probable connections.

Another streamline probabilistic tractography was proposed by Descoteaux et al.

(2009b) for an fODF estimated from the sharpening SD of the dODF from QBI. The

algorithm generates new seeds for streamline tracking in each fanning region, leading to a

dense sample of probable directions. This method produces a set of �bers which recovers

segments of WM �bers more accurately but does not re
ect the continuity of the �bers or

the cortical and subcortical regions they connected since they need to be cut in order to

perform the splitting [ Wassermann et al.(2010a)].

Finally, Chao et al. (2008) presented a streamline tractography algorithm for QBI

called amodi�ed �ber assignment using the continuous tracking(MFACT). This algorithm

extends the FACT model to multi-�ber directions within each MR voxel. Fiber tracts

initiate from the center seed point of each voxel, and spread along the directions of the

local maximum di�usion, reaching the interception point on the boundary between two
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voxels. Then, tracts follow the new voxel directions of the local maximum di�usion, as

a region-growing method (see Figure3.28). This tracking method seems interesting but

more validations and comparisons with other methods are required.

Figure 3.27: Streamline tractography examples for deterministicand probabilistic approaches, using
the fODF estimated from a sharpening spherical deconvolution of the dODF from QBI [Descoteaux
et al. (2009b)]. Tractography was calculated for the whole brain, using a T1 propagation mask with
voxel size of 0.9375� 0.9375 � 1 mm, and 27 seeds per voxel. The tracking algorithm is the pro-
posed byPerrin et al. (2005a), which uses regularized particle trajectories and is implemented in
BrainVISA/Connectomist-2.01 software. The tracking algorithm used a calculation step size of0.46875
and a maximum curvature angle of 30� . Minimum and maximum allowed trajectories length were 20
and 200 mm, respectively. The �rst row shows the resulting �bers (in blue), passing through the red
ROI, localized in the left post-central gyrus. For a better visualization and comparison of both methods,
tractography results are also illustrated using �ber densitymeshes. Three semitransparent �ber density
meshes are used, to indicate regions were �ber density is superior to 0.04% (in orange), 0.4% (in blue),
and 1.9% (in red).

Probabilistic streamline tractography is robust to noise and partial volume e�ect. Be-

sides, it naturally gives a probability of connection between two regions. However, the

obtained tracts present a bigger number of false negatives than deterministic approaches.
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Figure 3.28: MFACT tractography approach. Fiber tracts initiate fromthe center seed point of each
voxel, and spread along the directions of the local maximum di�usion (A). Then, tracts follow the new
voxel directions of the local maximum di�usion, as a region-growing method. Tracts are stopped when
the angle between two adjacent vectors is bigger than a threshold(plum dotted lines) or the length of
local maximum vector is shorter than a minimum value (red dotted lines) (B). The whole process is
similar to a region-growing method with hierarchical red, orange, yellow, and green points which serve
as seed points for further �ber tracking. [FromChao et al.(2008)].

A limitation of this kind of method is the calculation time, but it can b e performed in

parallel. Another problem is the huge number of trajectories that is usually calculated for

a whole brain, which, until now, prevents the application of \�ber cl ustering" algorithms

to whole brain probabilistic tractography datasets.

3.3.3 Other Tractography Algorithms

Two other main types of tractography algorithms have been developed. TheBayesian

tractography, which is extensively applied in brain connectivity studies, and the global

tractography, which recent results are very promising.

Bayesian Tractography

A di�erent type of probabilistic tractography approach, called Bayesian, estimates global

connectivity, which results in a connection map indicating the con�dence that each voxel

is connected to the seed region [Parker and Alexander (2005); Hosey et al.(2005); Behrens

et al. (2007); Jbabdi et al. (2007); Kaden et al. (2007); Seunarine et al. (2007); Morris

et al. (2008); Melie-Garc•�>1
2a et al. (2008)].

These methods use a model of the uncertainty of each �ber orientationrepresented

by posterior probability density functions and Markov Chain Monte Carlo sampling of the

streamline paths to estimate connectivity probabilities betweendi�erent brain regions. The

procedure runs multiple streamline tracking processes (repetitions) from each seed point

so it is computationally expensive (� 1,000{10,000 streamlines per seed). The number of

occasions at which each voxelp is crossed by a streamline is used to de�ne the map of the

probability � of connection to the start point (see Figure3.29). These methods, in general,
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Figure 3.29: Bayesian tractography probability map (� ) example. Coronal projections of left motor
strip connectivity at di�erent thresholds. Logarithmic colour scale: (A) 0.0< � < 1.0, (B) 0.027< � <
1.0, (C) 0.074< � < 1.0 and (D) 0.20< � < 1.0. Major apparent connections identi�ed include: (i)
thalamus, (ii) subthalamic nucleus, (iii) globus pallidus, (iv) putamen and (v) Wernicke's area [From
Parker and Alexander(2005)].

do not produce a tractography �ber dataset, required as input for our thesis work.

Global Tractography Algorithms

Global tractography algorithms use global properties (i. e. along the whole curve) to

infer the �ber trajectories.

Front Evolution approaches try to �nd the path of least hindrance (and so, of maximum

di�usivity) that connects two particular points. This is a global opti mization problem

that minimizes the path integral and thus, maximizes the global di�usi vity [ O'Donnell

et al. (2002); Pajevic et al. (2002); Jbabdi et al. (2004); Lenglet et al. (2004); Lenglet

(2006); Jbabdi et al. (2008)]. In practice, these methods use fast marching techniques to

infer geodesic paths. These approaches are fast and less sensitive tolocal perturbations

such as noise or partial volume e�ects. However, choosing a metric for which geodesics

represent �ber pathway trajectories is not straightforward. Besides, geodesics have the

limitation that for any pair of regions in the brain, there exists a geodesic between those

regions, and it is di�cult to decide if a geodesic is a �ber traject ory [Jbabdi et al. (2008)].

Figure 3.30: Example of spin-glass tractography of a synthetic �ber crossing over using DTI. a) The
tensor �eld. b) The initial spin glass: spins (represented bygreen and red cylinders) were randomly
placed and aligned with the main tensor eigenvectors. The bluelinks represent the spin associations.
c) The minimal energetic con�guration of the spin glass in b). d) After convergence: spin chains have
grown and merged to reconstruct the crossing area. [FromFillard et al. (2009)].
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Other interesting global tractography approaches use thespin-glass model [Poupon

(1999a); Cointepas et al. (2002); Fillard et al. (2009)]. This method parameterizes the

entire white matter fascicle map by pieces of �bers, representedby small line segments,

called spins. Spins are encouraged to move and rotate to align with the main �ber direc-

tions, and to assemble into longer chains of low curvature. Thus, the algorithm uses the

di�usion local model and the global information of spin neighbors in an iterative mini-

mization process. Figure3.30 shows an example of spin-glass tractography of a synthetic

�ber crossing over using DTI. The algorithm only relies on the two generally admitted

priors that brain �bers have a low curvature and do not end inside white matter. They do

not require an estimation of the number nor directions of the �ber compartments in each

voxel and can be adapted to any type of di�usion model [Fillard et al. (2009)].

Figure 3.31: Reconstruction of callosal �bers with three methods. Left: Tensor-based streamline trac-
tography (TBT). Middle: q-ball based streamline tractography (QBT). Right: Spin-glass tractography
(SGT). All �bers of TBT are redirected vertically because of the surrounding corona radiata. QBT
performed slightly better but missed a large part of the callosal�bers. SGT, by using the neighborhood
to determine the most plausible pathways, was able to recover the myriad of �bers passing the corona
radiata [FromFillard et al. (2009)].

Another probability-based method was introduced by Kreher et al. (2008) to extract

and quantify neuronal pathways, connecting two a priori de�ned regions. In contrast to

other approaches, this method is based on combining two independentvisiting maps of

di�erent seed regions, which allows the identi�cation of point to poi nt connections without

a priori knowledge about its course.

These global approaches are more successful than deterministic streamline based meth-

ods to recover crossing �bers (see Figure3.31). A limitation is the requirements of compu-

tation time and memory, which are still very high.
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3.4 Conclusion

In this chapter, we introduced the principles of di�usion MRI, a technique al-

lowing the non-invasive study of human brain white matter architecture. Di�usion MRI is

based on the di�usion phenomenon of water molecules within neural tissues. It measures

the average displacement of water molecules along several directions,during a period of

time within each voxel. Then, based on these measurements, di�usion models reconstruct

a more or less direct estimation of the underlying �ber tract orientat ions. From models, a

measure of di�usion anisotropy can also be deduced, which has been shown to be a mea-

sure of white matter integrity. Tractography methods use the estimated �ber orientation

of putative �ber tracts to trace 3D trajectories representing the p athways of white matter

tracts. The resulting �ber tracts strongly depend on the quality of t he di�usion data as well

as on the di�usion model. Noise and inherent limitations of the DW-MRI t echnique can

not resolve the white matter con�guration at microscopic scale, producing false negative

and false positive curves. These issues can be partially overcome bythe use of high angu-

lar resolution acquisitions (HARDI) and di�usion models capable to resolve multiple-�ber

populations or �ber crossings. Anyway, WM tractography is a powerful technique able to

study human whole-brain WM tracts non-invasively and in vivo. Furthermore, DW-MRI

is an active research �eld, where techniques from MRI physics, passing through the ac-

quisition and distorsion corrections, to di�usion modelling and tractography algorithms,

are in continuous improvement in order to get more accurate results. Tractographic tracts

are used to study brain connectivity, and particularly, to identif y white matter tracts for

research and clinical studies. In the next chapter, we will review the principal methods

employed to clusterize WM �ber datasets for the identi�cation of wh ite matter tracts.
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White Matter Clustering
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Overview

As we studied in previous chapter, di�usion MRI provides in-vivo measures that re
ect

the underlying tissue abnormalities. A comparison of di�usion measurements between

populations can then be performed. Several methods have been proposed for di�usion

parameter analysis. Some approaches directly compare di�usion indexesof white matter

voxels. Other more sophisticated approaches classify white matter voxels for tract identi-

�cation and posterior comparison. Instead of basing the analysis only on voxel di�usion

parameters, tractographic �ber bundles can be used for a better correspondence across sub-

jects. To achieve this, the large amount of �bers obtained from tractography algorithms

require adequate processing methods for the identi�cation of white matter tracts. Earlier

techniques used regions of interest for extracting known �ber tracts. Other methods use

�ber clustering to regroup �bers presenting similar shape and trajectory into �ber clusters.

These methods can be used for a more automatical identi�cation of white matter tracts.

Furthermore, �ber clustering results can allow a better understanding of the structure of

the �ber tracts. This thesis work is focused on this research area, by the development of a

novel method for white matter �ber clustering and the inference of an atlas of WM �ber

tracts.

In order to situate our work, this chapter presents a review of the main approaches

used for tractographic pathways clustering and identi�cation. Fiber clustering methods

are particularly addressed, as well as the di�erent �ber similarity measures described in the

literature. Overall, this introductory chapter is inspired from review articles and chapters

from [O'Donnell (2006); Moberts et al. (2005); Jain (2010); Johansen-Berg and Behrens

(2009); Wassermann(2010)], which are great sources for a general understanding of white

matter �ber clustering.

Keywords: white matter clustering, �ber tracts, WM atlas, �ber clustering, � ber dis-

tance, �ber similarity measure

Organization of this chapter:

The chapter is organized as follows. We �rst describe cross-subjectregistration methods

in section 4.1. Then, we brie
y introduce methods of direct WM segmentation using

DW images in section4.2. ROI-based approaches for WM tracts segmentation are then

mentioned in section4.3. Next, we focus on WM �ber clustering methods in section4.4,

starting with a review of main clustering methods and �ber distance measures. Finally,

we describe the most important approaches for WM quantitative analysis in section 4.5.
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4.1 Cross-subject registration

The study of anatomical structures or di�usion (and also functional) prop erties across

a group of subjects requires to �nd a correspondence between subjects. It is, to determine

which location in each subject's images corresponds to the equivalent anatomical location

in the other subjects. The correspondence can be found between images or between regions

of interests, like sulci or WM tracts.

Registration is the spatial adjustment of one image to match another. The input image

is normally of a single subject's brain, and the reference image might be a di�erent image

of the same subject, a di�erent subject, or a "template" brain (pro cess callednormal-

ization). Template images are typically created by averaging several subjects' images in

some common space. Registration can be linear or non-linear [Johansen-Berg and Behrens

(2009)]:

Linear registration limits the motions applied to the input image to global trans-

lations, rotations, scalings and shears. These low "degrees-of-freedom" (DoF) transforma-

tions tend to be robust and accurate for aligning images within subject.These transfor-

mations can also be used to align head shapes and positions between subjects, but there

will be remaining smaller-scale di�erences.

Non-linear registration (warping) can apply local warps, as opposed to the sim-

ple, global transformations applied by linear registration. Non-linear registration may be

constrained to only allow simple, coarse warps (low DoF), or may be allowed to apply

very �nely detailed, complex warps (high DoF), in order to attempt to match the input

image to the reference image as perfectly as possible. Non-linear registration is normally

initialized by linear registration, to get the general orientation and size matched globally.

Very high-dimensional warping must be used carefully as images can be warped so

much that they look almost exactly like each other, but images may not have achieved

overall structural homology, i.e. preserved how the di�erent features relate to each other

[Johansen-Berg and Behrens(2009)]. Furthermore, increasing 
exibility with more DoFs

comes at some cost. The most obvious penalty is that more parameter determination

tends to require more computer time [Crum et al. (2004)].

Registration can be divided into geometric approaches and intensity approaches. Ge-

ometric approaches build explicit models of identi�able anatomical elements in each im-

age. These elements typically include functionally important surfaces, curves and point

landmarks that can be matched with their counterparts in the second image. These cor-

respondences de�ne the transformation from one image to the other [Crum et al. (2004)].

The intensity approach is done by optimisation based on an image similaritymeasure that

quanti�es the degree of similarity between intensity patterns in two images (intensity-

based registration). The criterion can be the minimization of the mean squared di�erence

[Friston et al. (1995)], the maximization of normalised cross-correlation [Studholme et al.

(1995); Collins et al. (1995)], the minimization of the variance of intensity ratios [ Woods
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et al. (1993)] or the maximization of mutual information (MI) [ Viola and Wells (1997)]

or normalized mutual information (NMI) [ Maes et al. (1997); Studholme (1999)]. The

last three can be used for between-modality registration but MI (and NMI) is regarded as

the de-facto standard in multimodality image registration [ Gholipour et al. (2007)]. The

di�erent methods mainly di�er by the regularization scheme and opti mization strategy

which have a crucial in
uence on the registration process [Hellier et al. (2003)].

Hybrid algorithms have also been proposed, combining intensity-based and model-

based criteria to establish more accurate correspondences in di�cult registration problems,

e.g. using sulcal information to constrain intensity-based brain registration or to combine

the cortical surface with a volumetric approach (see [Crum et al. (2004)]).

The transformation model de�nes how one image can be deformed to match another;

it characterizes the type and number of possible deformations.

Linear transformation types:

Rigid: global translations and rotations. Accounts for position and orientation (6 param-

eters).

A�ne: Rigid plus overall scale and shear (12 parameters).

Piecewise linear: A set of linear maps.

The rigid and a�ne transformations can be fully modeled as 4x4 matrices of translation,

rotation, scale, and shear.

Non-linear deformation types:

Basis functions: Polynomial [Woods et al. (1998)] or harmonic basis functions [Ash-

burner et al. (1999)]. The last ones are used by the software SPM (statistical para-

metric mapping).

Physical continuous models: Viscous 
uids [Christensen et al. (1996)], demons algo-

rithms [Thirion (1998)].

Large deformation models: Di�eomorphisms, which de�ne inverse consistent deforma-

tions [Ashburner (2007); Vercauteren et al. (2008, 2009)].

4.1.1 Normalization to Talairach space

The Talairach atlas [Talairach and Tournoux (1988, 1993)] was generated from a single 60

year old female postmortem brain in which one half of the brain was sectioned sagitally

and the other coronally (see Figure4.1 (a) and (b)). Talairach space is de�ned as the

standard brain space with the same dimensions as the published 1988 atlas (x=136 mm,

y=172 mm, z=118 mm). The Talairach stereotaxic coordinate system is basedon two

relatively invariant subcortical point landmarks, the anterior commis sure (AC) and the

posterior commissure (PC). In this space, the principal axis corresponds to the AC-PC
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Figure 4.1: The Talairach atlas and normalized space [Talairach and Tournoux(1988)]. (a) The
Talairach atlas de�nes 12 lobes, 55 regions, GM/WM and CSF and 71 Broadmann areas. (b) The
Talairach referential can be de�ned by tree points: AC, PC andan interhemispheric point. (c) The
normalization to Talairach space de�nes 12 rectangular boxes using the AC, the PC and the interhemi-
spheric plane. Each box is linearly stretched/shrunken to �twith the reference brain dimensions. [From
http://mipav.cit.nih.gov/documentation/presentations/talairach.pdf].

line, and the origin lies at the AC. The Talairach reference frame is determined from unit

vectors directed along +x and +y brain axes. The +y unit vector is parallel to the AC-PC

line, arises from the AC, and is directed anteriorly. The +x unit vector is perpendicular to

the interhemispheric plane and is directed to the right side of the brain. A third + z unit

vector is formed as the vector cross product of thex- and y-unit vectors and is directed

superiorly [Lancaster et al. (2007)].

The normalization to Talairach space is done by the de�nition of 3 points: AC, PC

and an interhemisheric (IH) point, and the reference frame. The transformation consists

in a piecewise linear registration of the brain by respect to the Talairach atlas brain.

This scaling is done by centering the brain over the AC point, which will have the (0,0,0)

coordinates and cutting the brain into 12 rectangular boxes. The boxes are localized in

both sides of the sagital plane (X,Z) and axial plane (X,Y), and between the two coronal

planes (Y,Z) passing through AC and PC. Each box is linearly stretched/shrunken to �t

with the reference brain dimensions (see Figure4.1 (c)).

The Talairach anatomical atlas references several cerebral structuresin the Talairach
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referential. In this atlas, Talairach and Tournoux (1988) included a labelling of Brodmann

areas but this map is not accurate as only anatomical landmarks were used for the local-

ization of cytoarchitectonic areas rather than histological examination. Although a single

brain cannot be a good representative of the human brain, the Talairach atlas has become

the de facto standard in brain mapping [Gholipour et al. (2007)].

Other more recent and widely used templates are the Montreal Neurological Institute

(MNI) templates. A �rst atlas, called MNI305, was created based on averaging several

normal MRI brain images, registered to the Talairach coordinates [Mazziotta et al. (1995)].

Then, a second atlas called ICBM152, with higher spatial resolution was obtained as the

average of 152 individual anatomical images, registered to the MNI305 templateusing

a�ne transformations [ Mazziotta et al. (2001)].

4.1.2 Non-linear registration methods

Several non-linear registration methods have been proposed for brain normalization.

These methods use di�erent similarity measures, deformations, regularizations and

optimization approaches. Some examples are ANIMAL [Collins and Evans (1997),

SPM2-type normalization [Ashburner et al. (1999)], DARTEL [ Ashburner (2007)], AIR

[Woods et al. (1998)], FNIRT, Di�eomorphic Demons [ Vercauteren et al. (2009)].

An example of highly non-linear transformation is computed with the Large Deforma-

tion Di�eomorphic Metric Mapping (LDDMM) [ Huang et al. (2008); Miller et al. (2005)].

The LDDMM algorithm computes a transformation, ' : 
 ! 
, where 
 � R3 is the

3D cube on which the data are de�ned. The computed transformation is theend point,

' = ' 1, of a 
ow of vector �elds, vt 2 V , t 2 [0; 1], given by the ordinary di�erential

equation
_� t = vt (� t ); � 0 = id (4.1)

where � 0 is the identity transformation, � 0(x) = x, 8x 2 
. Enforcing a su�cient

amount of smoothness on the elements in the space of allowable vector �elds, V , ensures

that the solution to the di�erential equation, � t = vt (� t ), t 2 [0; 1], is in the space of

di�eomorphisms. Smoothness is enforced throughout by de�ning the norm on the space,

V , of smooth velocity vector �elds through a di�erential operator, L , which generally

represents Laplacian powers such thatkf k2
v = kLf k2

2, where k � k2 is the standard L 2

norm for square integrable functions de�ned on 
.

For an evaluation of several non-linear inter-subject brain registrationmethods please

refer to [Klein et al. (2009)].
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4.2 White Matter segmentation of DW images

WM tract segmentations can be performed using DW-MRI images without the

use of tractography datasets. These approaches use the information given bydi�usion

images and di�usion models to segment white matter tracts.

Some works proposed segmentations for DTI using front propagation methods based

on some similarity measure of di�usion between voxels [Wang and Vemuri (2004, 2005);

Jonasson et al.(2005a); Lenglet et al. (2006)]. For example, Jonasson et al.(2005a) use

3D geometric 
ow, where the 3D surface evolves with a propagation speed proportional to

a measure indicating the similarity of di�usion between the tensors lying on the surface

and their neighbors in the direction of propagation. More complex DT-basedsimilarity

measures such as the Kullback-Leibler divergence metric [Wang and Vemuri (2005)] and

Riemannian metric [Lenglet et al. (2006)] have also been used. These DTI-based methods

present the inherent limitations of the DT model and are most often blocked in regions of

�ber crossings.

New methods use HARDI acquisitions to segment bundles from �elds of ODFs [Hag-

mann et al. (2006); Jonasson et al.(2007); McGraw et al. (2006); Wassermann et al.(2008);

Descoteaux and Deriche(2009)]. Hagmann et al. (2006) and Jonasson et al.(2007) use

DSI data to represent di�usion as a signal mapped on a 5-dimensional spaceof position

and orientation, de�ned by the location of the ODFs on the acquisition grid and their ori-

entational information. The authors use then respectively a hidden Markov Random Field

or a level set implementation in order to segment the image into homogeneous, contiguous

and high di�usivity regions and to label them as a tract. Two methods where proposed

using the spherical harmonics representation of the ODF describedin [Descoteaux et al.

(2007)]. While Wassermann et al.(2008) used ODF di�usion maps as spectral embedding

method, Descoteaux and Deriche(2009) employed a region-based level set approach.

These methods can only detect gross masks or 3D surfaces of the main big WMtracts.

This is because the analysis of a voxel or a group of voxels can only integrate a relatively

local spatial and di�usivity information. DW-based tractography provid es a more global

anatomical interpretation of the di�usivity on each voxel. By tracing e nsembles of axonal

pathways at a sub-voxel resolution it also provides a solution to someof the problems

arising from partial voluming [ Wassermann et al.(2010a)].

4.3 ROI-based WM �ber tract segmentation

Earlier works used cortical masks to seed tractography and reconstruct known

white matter tracts. This approach, called \from ROI", generally leads t o an incomplete

delineation of the tracts [Mori et al. (2005)]. Other limitation is that it can not be applied

successfully to pathological brains.

To overcome some limitations of streamline tractography algorithms, specially in re-

gions with crossing �bers, a \whole-brain"or \brute-force"seeding strategy is more suitable

[Mori et al. (2005); O'Donnell and Westin (2007)]. Several ROI-based methods have then
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been proposed for the extraction of known WM �ber tracts from this kind of dataset,

containing �ber tracts of the whole brain.

One strategy is to de�ne the ROIs manually, which has been used in several tractog-

raphy studies [Conturo et al. (1999); Basser et al.(2000); Catani et al. (2002); Mori et al.

(2000); Maddah et al. (2005); Mori et al. (2005); Wakana et al. (2004, 2007)]. For exam-

ple, Catani et al. (2002) presented a manual ROI approach to reconstruct white matter

pathways. The method produced virtual representations of white matter tracts faithful

to classical post-mortem descriptions, calledvirtual dissection of WM tracts. Using the

same approach,Catani and Thiebaut de Schotten (2008) provide a template to guide the

delineation of ROIs for the reconstruction of the association, projection and commissural

pathways of the living human brain. The tracts can be selected usinga single ROI ap-

proach (arcuate fasciculus, cingulum, corpus callosum, anterior commissure and fornix) or

a two-ROIs approach (cerebellar tracts and the uncinate, inferior longitudinal and infe-

rior fronto-occipital fasciculi). Some examples of these bundles where shown in Figure2.7

(Chapter 2, section2.3). In other set of works, Wakana et al. also use multiple ROIs for 11

tracts of interests, employing di�erent types of operations, as \AND", \OR", and \NOT"

[Wakana et al. (2004)], or \AND", \CUT", and \NOT" [ Wakana et al. (2007)], the choice of

which depends on the characteristic trajectory of each tract. See Figure 4.2 for an illustra-

tion of manual ROI-based WM tract segmentation. The main limitation of these manual

approaches is that a speci�c protocol must be followed for the extraction of every WM

tract, where an expert a priori anatomical knowledge is required to identify the course of

white matter pathways and delineate ROIs. This is a very complicated task, which must

be applied separately for each brain.

In a more recent work, [Zhang et al. (2008b)] proposed an automated ROI-based tract

reconstruction approach. A set of reference regions of interest knownto select a tract

of interest was marked in a DTI atlas in MNI coordinates (ICBM-DTI-81) [ Mori et al.

(2008)], described in appendixA. The atlas was then linearly transformed to each subject,

and the ROI set was transferred to the subject for the reconstruction of 11 well-known

WM tracts.

An attractive extension of this approach consists in using a group of subjects to create

probabilistic maps of the resulting WM tracts in a standard space afterspatial normaliza-

tion [Hua et al. (2008)]. The population-averaged statistical maps can de�ne the standard

coordinates of the reproducible regions (cores) of the tracts. Then,a set of ROIs can be

de�ned from the probabilistic maps to catch the same WM tracts in any other subject.

Other approaches use whole brain WM/GM parcellations to extract WM tract s. For

example, Oishi et al. (2008) provided a parcellation of the super�cially located WM

(SWM), de�ned as the area between the cortex and the DWM. The SWM wasextracted

as the WM between a WM parcellation map [Mori et al. (2008)] and the cortex, using

thresholds applied to a generated probabilistic WM map. The SWM was manually par-

cellated into nine major structures called \blades", which were further sub-parcellated into

23 regions based on the relationships with 24 cerebral cortical areas and thecerebellum
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Figure 4.2: Illustration of manual ROI-based WM tract segmentation. Locations of the ROIs for the
cingulum in the cingulate gyrus part (CGC) on two coronal slices (aand c) and their locations in the
mid-sagittal slice (b and d). The SCC and GCC stand for the splenium of corpus callosum and the genu
of corpus callosum, respectively. [FromWakana et al.(2007).]

(see appendixA). The blades were used as ROIs for tractography selections. Intra-blade

�bers could not be located. Four short and one long inter-blade �bers were found. See

Figure A.3 (B-D) for a 3D view of the SWM parcellation and the identi�ed inter-bl ade

�bers.

Oishi et al. (2009) combined single-participant white matter atlases based on DTI with

highly non-linear image registration methods for automated 3D white matter segmenta-

tion. The authors created three types of WM parcellation map (WMPM) in I CBM-152

(JHU-DTI-MNI atlas) and Talairach (JHU-DTI-Talairach atlas) spaces containing pre-

de�ned 3D anatomical regions (see appendixA). Highly non-linear dual-channel Large

Deformation Di�eomorphic Metric Mapping (LDDMM) [ Huang et al. (2008); Miller et al.

(2005)] was used for normalization (see section4.1).

Automated brain parcellation was achieved by warping the WMPM to normal con-

trols and to Alzheimer's disease patients with severe anatomical atrophy. A standard

ROI set was identi�ed by superimposing the Type III WMPM onto the LDDMM trans-

formed images. Also JHU-DTI-MNI was non-linearly transformed to the imagesusing

SPM5 (http://www.�l.ion.ucl.ac.uk/spm/ ) to compare the registration quality with that

of LDDMM.

Zhang et al. (2010) propose an automated atlas-based approach for reconstruction

of WM tracts. The method uses a single-subject DTI atlas with 130 3D anatomical

segmentations, called Type II WMPM [Oishi et al. (2009)], described in appendixA.

A two-step image transformation was used to warp the atlas to individual data. First,

a�ne transformation was applied to globally adjust the brain position, rotati on, and the
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size. Then, the DTI atlas was warped non-linearly to individual DTI d ata employing

dual-contrast LDDMM [ Ceritoglu et al. (2009)], in which both the b0 image and the FA

map were used simultaneously. Once the transformation matrix de�ning the reciprocal

transformation was determined, the GM/WM parcellation map was transferred from the

atlas to the data, for the automated segmentation of the data into 130 brain regions.

Whole-brain tractography was calculated for each subject in the subjectdata space,

and the tract coordinates were normalized to the atlas, using the calculated (inverse) a�ne

and LDDMM transformation. Tracts were extracted using existing anatomical knowledge

about tract trajectories, called the Template ROI Set or TRS (the approach is so called

TRS-basedmethod). Thirty TRSs were established to reconstruct 30 prominent and previ-

ously well-described �ber tracts (12 corpus callosum (CC) segments, 10 thalamic projection

tracts and 8 long association tracts).

The knowledge-based approach, could be applied to create TRSs for shortcortico-

cortical association �bers, for which the locations and trajectories are not well-known.

Therefore an exhaustive search examining connections among all 24 SWM segments asso-

ciated with di�erent areas of the cortex was performed. The 56 DWM segments were all

used as \NO" ROIs to remove long association �bers. From this analysis, 29short associ-

ation bundles, connecting two adjacent cortical regions, were found inall normal subjects

examined (N=20), including the four U-�bers found in [ Oishi et al. (2008)]. Probabilistic

maps of the 59 tract trajectories were also created from the normal subjects (see Fig-

ure A.5, appendix A). A large variability was found for short association �bers, which

was partly attributed to the complex axonal con�guration in the SWM, but al so to the

limitation in precisely matching the cortical anatomy among the subjects.

4.4 White Matter �ber clustering

White matter �ber clustering regroups �bers from whole-brain tract ography into

clusters of �bers with similar shape and position. The aim of �ber bundling is then to

partition a set of �ber pathways into di�erent natural bundles [ Ding et al. (2003)]. A

�ber cluster represents a bundle containing �bers parallel to each other, and constitute a

distinct structure from other �ber bundles. Therefore, the enormous amount of individual

�bers provided by tractography algorithms can be reduced to a limited number of logical

�ber clusters that are more manageable and understandable. Clusteringcan also be used

to identify white matter �ber tracts and perform quantitative compar isons between sub-

jects by unbiased measurements in anatomical structures [Moberts et al. (2005)]. In the

following subsections, we will review the main clustering methods (subsection4.4.1) and

�ber similarity measures (subsection 4.4.2) proposed in the literature.

4.4.1 Clustering

Clustering is the process of organizing objects into groups whose members are similar in

some sense. This is an unsupervised learning problem so it deals with �nding a structure in
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Figure 4.3: Illustration of clustering results for an example dataset. A clustering analysis could found
three di�erent clusters (in green, orange and blue). Depending on the clustering method, outliers
(encircled in red) could be or not be �ltered out.

a collection of unlabeled data [Jain and Dubes(1988); Jain (2010)]. The clusters must be

compact and well separated, presenting a higher degree of similarity between data points

belonging to the same cluster than between data points belonging to di�erent clusters (see

Figure 4.3). A wide variety of clustering methods have been proposed in the literature, each

one tending to �nd di�erent types of cluster structures [ Jain (2010)]. Clustering methods

can be roughly divided into two main classes:hierarchical and partitional . Hierarchical

clustering algorithms are either agglomerative or divisive. An agglomerative hierarchical

clustering method starts by putting each data point into an indivi dual cluster, next at

each stage of the algorithm the two most similar clusters are joined, forming a hierarchical

forest. On the other hand, partitional algorithms, decompose directly the dataset into a

set of disjoint clusters, obtaining a partition which should optimize a certain criterion.

The �nal clusters depend on the element similarity measure and theclustering algo-

rithm. The de�nition of a cluster is a complicated task since clusters can di�er in terms of

their shape, size and density. Besides, the presence of noise in the data makes the detection

of the clusters even more di�cult. A cluster is then a subjective entity whose signi�cance

and interpretation requires domain knowledge [Jain (2010)].

An important issue in clustering is the problem of choosing the rightnumber of clusters.

The majority of partitional algorithms require this as a parameter, even though it is not

possible to infer this value in advance. Several approaches have beentaken to automatically

infer the number of clusters. However, no method works in the general case [Wassermann

(2010)]. Besides, if outliers may exist, the algorithm must be robust to them in order to

�nd valid clusters.

Conversion of distance to a�nity. If a distance measure is used, it must be converted

to an a�nity (or similarity) measure. The a�nity aij between two elementsi and j , can

be calculated via a Gaussian kernel:

aij = e� dij =� 2
; (4.2)
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Figure 4.4: Illustration of an a�nity matrix and its graph representation for an example dataset.
(A) shows a set ofN = 10 elements to be clustered. To compute the a�nity matrix, theEuclidean
distance was calculated between each pair of elements. Then,distances were converted to a�nity values
using equation4.2, with � = 2.5. (B) shows the a�nity matrix for the example data. (C) presents a
complete a�nity graph where vertices represent the elements and edge weights represent a�nity values.
The matrix and graph edges are colored using the colormap in (B). Graph information consist in a list of
edges. Each edge is de�ned by the two vertices connected by the edge and the a�nity value (weight).
In the example the total number of edges isN (N -1)/2 = 45.

where dij is the distance between elementsi and j and � is a parameter de�ning the

similarity scale.

Input data. The input for a hierarchical algorithm is an N � N similarity (or a�nity)

matrix, where N is the number of objects to be clustered. On the other hand, a partitional

algorithm can use either anN � d pattern matrix, where N objects are embedded in a

d-dimensional feature space, or anN � N similarity matrix [ Jain (2010)].

The similarity matrix can also be represented and stored as an undirected weighted

graph, which vertices represent the elements and edge weights represent a�nity values.

A graph is a tuple G = ( V; E), where V = v1; :::; vN is the set of N vertices and E are
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