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Abstract: We proposea deterministicand a probabilistic extensionof classicaldiffusion ten-
sorimaging (DTI) tractographyalgorithmsbasedon a sharp ber orientationdistribution function
(ODF) reconstructiorfrom Q-Ball Imaging (QBI). An importantcontribution of the paperis the
integrationof someof thelateststate-of-the-arhigh angularresolutiondiffusionimaging (HARDI)
dataprocessingnethodsto obtainaccurateand corvincing resultsof complex ber bundleswith
crossingfanningandbranchingcon gurations. First, we developa new decowolution sharpening
transformationfrom diffusion ODF (dODF)to ber ODF (fODF). We shaw that this sharpening
transformationmprovesangularresolutionand ber detectionof QBI andthusgreatlyimproves
tractographyresults. The angularresolutionof QBI is in factimproved by approximately20 and
the fODF is shown to behave very similarly of the ber orientationdensity(FOD) estimatedrom
the sphericaldecorvolution methodof Tournieret al. Anothermajor contrikution of the paperis
the extensve comparisonstudy on humanbrain dataset®f our new deterministicand probabilis-
tic tracking algorithms. As an application,we shov how the reconstructiorof transcallosalber
connectionsgntersectingwith the coronaradiataandthe superiorlongitudinalfasciculuscanbeim-
proved with the fODF in a group of 8 subjects. CurrentDTI basedmethodsneglectthese bers,
which mightleadto wronginterpretation®f the brainfunctions.
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Décorvolution Sphériquede 'ODF et Tractographie
Déterministe et Probabiliste en Imagerie par Q-Ball

Rsum : Nousproposondl'étendreles algorithmesde tractographieclassiquesiéweloppéssur
les imagesde tenseurde diffusion (DTI) pour les appliquera l'imagerie par Q-Ball (QBI). Une
contribution importantede ce rapportestl'intégration del'état de I'art desméthodesle traitement
d'imagesde diffusion a hauterésolutionangulaire(HARDI) pour obtenirdesréseauxcomplees
del'architectureneuronaledela matiéreblanchecomportantescroisementsgesembranchements
etdescon gurationsen éventail. D'abord, nousdéwelopponsune nouwelle méthodede décowolu-
tion sphériquepourtransformeia fonction de distribution de diffusion desorientationg dODF) en
une fonction de distribution d'orientationsdes bres (fODF). Cettetransformationde sharpening
augmentda résolutionangulaired'environ 20 et facilite I'extractiondesmaximade I'ODF. Par
conséquenltes résultatsde tractographiesur les fODFs sontplus completset de meilleurequalité.
Ensuite,nousdémontrongjuela fODF et la distribution obtenuepar décomwolution sphériqueclas-
siquede Tournieret al secomportende la mémemanieresurdessimulationsde donnéesHARDI.
En n, uneautrecontributionimportantedu rapportestl'‘étude pousséetla comparaisomesalgo-
rithmesde tractographiedéterministest probabilistessur desdonnéedHARDI réellesa partir du
DTI, dela dODFetdela fODF. Nousmontronsuneapplicationintéressantsurle corpscalleuxet
la reconstructiordes bres transcallosalesCes bres sontnormalementomplétemenignoréesar
lestechniquesletractographienDTI carellescroisentle faisceawsupérieutongitudinalainsique
la couronnerayonnante.Notre tractographieen QBI baséesur la fODF nouspermetde retrouver
ces bres transcallosalesurunebasede donnéesie 8 sujets,ce qui nouspermetuneconnaissance
anatomiqueplus ne decespartiesdu ceneau.

Mots-cl s : Tractographieimageriedu tenseurde diffusion (DTI), imageriede diffusion a haute
résolutionangulaire(HARDI), imageriepar Q-ball (QBI), function de distribution desorientations
(ODF), décowolutionsphérique
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4 M. DescoteauxR. Deriche A. Anwander

1 Intr oduction

Diffusion magneticresonancémaging (MRI) tractographyis the only non-invasive tool to obtain
information on the neuralarchitecturein vivo of the humanbrain white matter Tractographyis
neededo understandunctionalcouplingbetweercortical regionsof the brainandis importantfor
characterizationf neuro-dgeneratrediseasedpr suigical planningandfor mary othermedicalap-
plications[42]. Currently white matter ber tractographys mostcommonlyimplementedisingthe
principal diffusion directionof the diffusiontensor(DT) data. The diffusiontensor(DT) model[i€]
characterizeshe orientationdependencef the diffusion probability densityfunction (pdf) of the
water molecule. An importantlimitation of the DT modelis the Gaussiardiffusion assumption,
which implies thattherecanonly be a single ber populationpervoxel. At theresolutionof DTI
acquisitions this is an importantproblemsinceit is known that mary voxels have low anisotroyy
index dueto non-Gaussiamiffusion coming from multiple bers crossing,branching,fanningor
in a bottleneck.In fact, the resolutionof DTI acquisitionss usuallybetweer8 mm?® and15 mm?,
while thediameterof bundlesof axonsconsideredn ber tractographyareontheorderof Immand
individual physical bers ontheorderof 1-30 m [142]. Thus,tractographyalgorithmsbasedonthe
DT canfollow falsetractsdueto diffusionpro les thatareprolateor canprematurelystopin regions
of isotropictensors.

To overcometheselimitations of the DT, new higherresolutionacquisitiontechniquesuchas
DiffusionSpectrummaging(DSI) [51], High AngularResolutiorDiffusionlmaging(HARDI) [51],
Q-BallImaging(QBI) [58] andcompositéhinderedandrestrictedmodelof diffusion(CHARMED) [15]
have beerproposedo estimatehe OrientationDistribution Function(ODF)[58] of watermolecules.
Moreover, otherHARDI reconstructiotechniquefiave beenproposedo estimatehigh orderspher
ical functionssuchasthe PersistentAngular Structure(PAS) [3(], the Fiber OrientationDensity
(FOD) [11, 13, 114, 155, 5€], the Diffusion OrientationTransform(DOT) [43] and multi-tensordistri-
butions[40, 57]. All theseHARDI techniquesare developedto dealwith non-Gaussiauliffusion
processandreconstrucsphericalfunctionswith potentiallymultiple maximaalignedwith the un-
derlying ber populations.A goodreview of all thesehigh orderreconstructiontechniquesanbe
foundin [, [16].

Hence ponenaturallywantsto generalizexisting DT-basedractographylgorithmswith HARDI-
basedtechniquedo betterdealwith ber crossings.In tractographytwo families of algorithms
exist: deterministicand probabilisticalgorithms. Researchgroupshave recentlystartedto gener
alize both deterministicand probabilisticDT-basedrackingalgorithmsto usesomeof the HARDI
reconstructiormethodsmentionedabove. Popularhigh order functionsusedin the literatureare
the ODF [I10, 111, 124, 146, 57], the PAS function [44] and variantsof multi-tensor tting mod-
els[g, 23,136, 149]. Thelattertechniqueshav improvementin trackingresultswherethe DT model
ts the datapoorly andshaw preliminary ber bundleswith somecrossingandbranchingcon g-
urationshandled. In this paper the high ordersphericalfunction usedis the ODF estimatedrom
QBI becausét is model-freeandit canbe computedanalytically robustly andquickly with our new
approactproposedn [[18]. The ODF is thebasisof our new trackingalgorithms.

Toillustratethe contributionsof our new trackingalgorithmswe focuson complex ber bundles
suchasprojectionsof callosal bers to the cortex. Thesebundleshave beenstudiedextensvely

INRIA



Q-Ball Imaging Tractography 5

in the neuroanatomicaand DTI literature (e.g.[28]). The corpuscallosum(CC) is involved in
the interhemispheriénteractionof cortical regionsandthe reconstructiorof bers connectingthe
cerebrahemispheress of majorinterestfor cognitive researctandclinical praxis. While DT-based
tractographynds bers passinghroughthe CC connectedvith themedial/dorsatortex, lateraland
ventral bers arenotfound,sincethese bers crossthe coronaradiataandthe superiorongitudinal
fasciculugSLF). Only arecentstudy [48] proposedo usea HARDI-basedmethodto reconstruct
bers of thegenuandspleniumof the CC.
The goal of the paperis thusto integratethe full multidirectionalinformationof a sharpg-ball
ber ODFin bothanew deterministicanda new probabilistictractographyalgorithmwith emphasis
on a comparisoron real humanbrain ber bundleswhereclassicaldeterministicand probabilistic
DT techniquedail. The contributionsof the paperarethreefold:1) We rst developanew transfor
mationfrom diffusion ODF (dODF)to sharp ber ODF (fODF). We shaw thatthis transformation
improvesangularresolutionand ber detectiorof QBI. 2) We thenextensiely validateandcompare
thefODF againstheclassicaFFOD estimatedrom sphericadecomwolution[55] onsimulationsand
nd similar behaiors betweenboth methods.3) We last proposea new deterministicand proba-
bilistic tractographyalgorithmusingall the multidirectionalinformationof thesharp ber ODF. We
performa comparisorstudy of both trackingalgorithmson comple< ber bundlesof the cerebral
anatomylin particular we investigatehow the reconstructiorof transcallosalber connectionsan
beimprovedby the sharp ber ODF in voxelswhere bers crossthe corpuscallosum.We shav, on
8 subjectsareasof the corpuscallosumwherethenew probabilistictracking nds bers connecting
theventralandlateralpartsof thecortex, bers currentlymissedvhenusingDT-basedalgorithms.
Thepaperis outlinedasfollows. In Sectiord, we review relevanttractographypackgrounditer-
atureto illustrateandmotivateour new deterministicand probabilisticalgorithms.We thenreview
our fast,regularizedandanalytical ODF estimation[[18] in Sectiori3.J anddevelopthe decowolu-
tion sharpenindransformatiorthat produceshe sharp ber ODF in Sectiorl3.d The deterministic
and probabilistictractographyalgorithmsare developedin Sectiond3.3 and34 respectiely. We
next presentgualitatve and quantitatve evaluationsof the decowolution sharpeningandcompare
thedeterministicandprobabilistictractographyalgorithmson severalcomple< ber bundlesin Sec-
tion@ Finally, we concludewith a discussiorof the resultsandpresentirectionsfor future work
in Sectiorld

2 Tractography Overview

The mostintuitive trackingalgorithmsarethe classicaldeterministicstreamling([STR) trackingal-
gorithms[, [13, 41] andslightly morecomplex tensorde ection (TEND) algorithms[i38, 59] used
in mary applicationd29]. Many otherDT-basedstreamlinesand o w-basedapproacheslsoexist.
A goodreview anddiscussionof DT-basedalgorithmscanbe foundin [i42]. Here, we focuson
HARDI-basedractographyalgorithms.

Recently[24,57] have proposeda generalizedgtreamlingrackingalgorithmbasedn the prin-
cipal directionof the diffusion ODF computedrom DSI. In [136], a multi-tensorocal modelof the
datais usedo extendthe ber assignmenby continuoudracking(FACT) [141] algorithm.Moreover,
to dealwith morecomplex ber con gurations,[45] extendedstreamlingrackingwith a mixture of
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6 M. DescoteauxR. Deriche A. Anwander

Gaussiamensitiesandsimilarly, [23] recentlyextendedhe TEND modelwith abi-Gaussiamodel.
Finally, basedon the classicaldiffusion ODF reconstructedrom QBI [I58] andthevery recentreg-
ularizedversionof the diffusion ODF [51], [10] proposesa streamlineapproachwith curvature
constraintfollowing all maximato dealwith bers crossing.In this paper we proposeanotherex-

tensionto streamlinetractographybasedon the full multidirectionalinformationof the sharp ber

ODEFE Fromthis sharp ber ODF, we extractall availablemaximaandallow for splitting in multiple
directionsat eachstep. Not only canthe tracking propagatehrough ber crossingsut it canalso
dealwith bers fanningandbranching.

Existing deterministicHARDI-basedtechniquesnostly showv thattrackingis improvedwhere
the DT model ts the datapoorly. However, thesedeterministictractographyalgorithmsinherit
the classicallimitations of deterministicalgorithmssuchas choiceof initialization, sensitvity in
estimatedrincipaldirectionandlack of straightfornardway to computestatisticson tractsandlack
of connectvity informationbetweerregionsof the brain. To overcomeimitations of deterministic
tractographyDT-basedorobabilisticalgorithmshave beenusedsuchas|lg, 21,137, 145,149]. Thisalso
motivatesthe developmentof new HARDI-basedprobabilisticalgorithms.Probabilisticalgorithms
are computationallymore expensve thandeterministicalgorithmsbut canbetterdealwith partial
volumeaveragingeffectsandnoiseuncertaintyin underlying ber direction. Mostimportantly the
outputof the algorithmsareusuallydesignedo give a connectvity index measuringhow probable
two voxelsareconnectedo oneanother

HARDI-basedrobabilistictractographyave recentlybeenpublishedn theliterature[lg, i44, 46)
to generalizesereral existing DT-basedmethods.First, in [i6] a mixture of Gaussianmodelis used
to extendthe probabilisticBayesianDT-basedtracking[€]. In [46], Monte Carlo particlesmove
inside the continuous eld of g-ball diffusion ODF and are subjectto a trajectoryregularization
schemeln [44], anextensionto their DT-basedapproach45] is alsoproposedisinga Monte Carlo
estimationof the white mattergeometry Their implementatioris basedon PASMRI with a new
noisemodelingcomponentOverall,thesemethodshowv successfulrackingof several ber bundles
dif cult to recover with DT-basedtechniques. The methodshave mainly focusedon bers with
crossingcon gurationsandhave notattemptedo accounfor bers demonstratindpigh curvatureor
pointswhere ber populationsranchor fan. In this paperour new probabilisticalgorithmattempts
to accountfor branchingandfanning ber populationsaswell as bers crossing.

Normally, anadvantageof the probabilistictractographytechniquess thatthey arebasednthe
full sphericalfunction consideredDT, ODF, PAS, etc...) andnot only on the principal direction
or maximum(a)extracted.However, this createsa problemwhenthe sphericafunction pro les are
smoothandhave signi cant isotropic parts. In that case tractographyproducediffusive tracking
resultsthatleakinto unexpectedegionsof thewhite matter Thisis awell-known problemin proba-
bilistic DT tractographyandhasnot beenthoroughlystudiedin theliterature. Typically, onesimply
take a power of the diffusiontensor4, 35, 138, 154] to increaseheratio of largestto smallesteigen-
valueandthushave enhancedind more elongatedensors.However, this heuristictransformation
cancreatedegeneratéensorswvith secondand/orthird null eigervalue.

To solwve this problemof diffusive tracking and leakingin ODF-basedracking methods,one
needsto usethe ber ODF to obtain more completeand accuratetracts. The relation between
diffusion ODF and ber ODF is unknonvn andis currentlyan openproblemin the eld [146, 51].

INRIA
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Sphericadecowolution(SD) methodd, 3,114, 55] reconstrucsucha ber orientationdistribution,
theFOD, withouttheneedof thediffusionODF. However, anybodyworking with QBI anddiffusion
ODFshastheproblemof dealingwith smoothODFsthathave alargediffusionpartnotalignedwith
the principal ber directions. Hence,we proposea nev ODF sharpeninglecorvolution operation
which hasthe desiredeffect of transformingthe diffusion ODF into a sharp ber ODF andwe
extensively compareour sharp ber ODFwith theclassicaFOD estimatedrom SD [55]. We shav
thatthis ODF decowolution transformatioris a naturalpre-processingaskwhenoneis interested
in ber tracking.

3 Methods

In this sectionwe introduceour analyticalsolutionto QBI developedn [[18], oursharpeninglecon-
volutionoperatiortransforminghediffusionODFinto asharp ber ODF andour newx deterministic
andprobabilistictrackingalgorithms.

3.1 Analytical RegularizedODF from QBI

Tuch[57, 58] shavedthatthe ODF couldbeestimatedirectly from theraw HARDI measurements
on a single sphereby a numericalimplementationof the Funk-Radontransform(FRT). We have
shavedin [[18] thatthis FRT could be solvedanalytically robustly, andmorequickly. Thekey idea
is to expressthe HARDI signalasa sphericaharmonic(SH) seriesof order™ andto solve the FRT
usingthe Funk-Hecle theorem.NotethatAnderson3] andHesset al [12€] have recentlydeveloped
independentha similar analyticalsolutionfor the ODF reconstructiorin QBI. Despitethefactthat
our analyticalsolutionis similar, our regularizedestimationpart, the derivation, the experimental
results,andthevalidationphasearequitedifferentandclearlydemonstrateh [I18].

In our analyticalQBI solution,the signalat positionp is rst estimatedas

X
S(u)p = G Y (u); 1)
j=1

whereS(u) isthemeasurediffusionweightedsignalin eachof theN gradientirectionu := ( ; )
on the sphere( ; obey physicscorvention, 2 [0; ], 2 [0;2 ]), ¢; arethe SH coefcients
describingthe signal, Y; is thej™ elementof the SH basisandR = (1=2)(' + 1)(" + 2) is the
numberof termsin the basisof order™ whenchoosingonly even orders. Our implementationis
basedon a modi ed symmetric,real, orthonormalbasisandthe coefcients c¢; areobtainedwith a
Laplace-Beltramregularizationleast-squarapproacho eliminateunnecessariiligherorderterms
in the SH approximation17]. Note thatthis kind of regularizationwasalsoappliedwith success
to the FOD estimatedwith sphericaldecorwvolutionin [50] usinga gradientconstraintinsteadof a
Laplace-Beltramconstraint.The exactLaplace-Beltramregularizedexpressiorfor the coefcients
G is givenin [I17, Eq.15]. Our Laplace-Beltramregularizationis usingthe right operatorfor the
spaceof functionsof theunit sphereandgivesbetterestimatiorandmorerobust ber detection[18]
thanwithout regularization[i3] or with classicalTikhonov regularization[i2€).

RR n° 6273



8 M. DescoteauxR. Deriche A. Anwander

Sphericaharmonicsallow the simpli cation of the Funk-RadorTransform(FRT) by the Funk-
Heclketheorem.The nal ODF reconstruction, , atpositionp, is simply adiagonalineartransfor
mationof thesignalSH coefcients ¢ ,

x
(Wp= 2P, 0)gYj(u); (2
j=1

where’; is the orderassociateavith j " SH basiselement(for j = f1,2;3;4;5;6;7;::9,"j =
f0;2;2;2;2,2;4;:::9) andP-, (0) aLegendrepolynomialwith simpleexpressiorsincewe useonly
evenordersin the SH basis,

35 (5 1)

PLO= (117 S

®3)

3.2 Sharpening and the Fiber ODF

Anybodyworking with QBI and/ora diffusion ODF hasthe problemof dealingwith asmoothODF
thathasa large diffusion part not alignedwith the principal ber directions. The relationbetween
diffusion ODF and ber ODF is unknonvn andis currentlyan openproblemin the eld [146, 51].
Here,we describghe sharpeningperationthataimsto transformthis smoothdiffusion ODF into a
sharp ber ODF[I19)].

The sharpeningperationis a simplelinear transformatiorof the sphericalharmonic(SH) co-
ef cients describingthe diffusion ODF. Theideais to usesphericaldecowolution. Our approach
is inspiredby the original sphericaldecomwvolution approachproposedy Tournieret al [55], where
themeasuredignalis expressedisthe corvolution ontheunit sphereof the ber responsdunction
with the ber orientationdensityfunction (FOD) [55, Fig.1]. Assuminga particular ber response
functionrepresentinghe diffusionsignalattenuatiorthatwould be measuredor a single ber, [I55]
shavs thatthe decorvolution of the signalwith theresponsdunction givesthe FOD. This wasalso
recentlyusedby othersin [[14, 56].

Here, the startingpoint is not the measuredignal but our estimateddiffusion ODF described
in the previous Section3 We want to decomwolve the estimatedsmoothdiffusion ODF by a
certaindiffusion ODF kernelfor a single ber in orderto obtaina sharpenedDF The procedure
is sketchedin Fig.[l We assumehat the estimateddiffusion ODF, , is formed by convolution
betweerthesingle ber diffusionODF kernel,R, andthetrue ber FOD.Hence thedecowolution
of thediffusionODF by the diffusion ODF kernelcanrecoverasharp ber ODF

The convolution onthe spherebetweerk and sharp(Fig-nh) canbewrittenas

z

(w= . R(u w) sharr{W)dW: (4)
jwj=

INRIA
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In orderlgo solvethisinteg,ral,we rst replace and sharpWith their respectre SH estimationof

order’, ;¢Yj(u)and sthaerj (u) andobtain
X (u) X ’ (U w)Yj (w)d
GYj(u)= G R(u w)Y;j(w)dw:
s e SNATP s '

At this point, we usethe Funk-Hecle theoremstatedin Appendix[Al to solve the integral over the
spherebetweerR andthe sphericaharmonicY; . The Funk-Hecle formulais atheoremthatrelates
the inner productof any sphericalharmonicwith ary continuousfunction de ned on the intenval
[ 1;1]. It wasalsoat the core of our analytical ODF estimationpresentedn Section3] [I16].
Hence we obtain
g “

qsharp_ ﬁ where fj =2 . P+, (R(t)dt; (5)
P-, is a Legendrepolynomialof order’; andcoefcients f; comefrom the Funk-Hecle formula,
which is expandedin Eq.[I3 of AppendixBl Therefore,the nal sharp ber ODF expressionat
positionp is givenby

x G
sharfWp = 2 P (OFY (u): (6)
j=1
For therestof the paperwe de ne this ODF asthesharp ber ODF (fODF).
Themainconsideratioris thusthe creationof aviablediffusionODF kernelR. Assumingthata
Gaussiartandescribehediffusionof watermoleculedor asingle ber, we choosea prolatetensor
pro le with eigervaluese; e, = e3 to representhis GaussianThen,usingthe analyticalrelation
betweendiffusion tensorand diffusion ODF [[18, I5&], we obtainour diffusion ODF kernelR. In
the syntheticsimulationsof [[18, 55] andin the model-basedpproactof [[14], valuesof [e;; e;; €]
arechosenfrom physiologicaldata. Here,we preferto estimatethe diffusion ODF kerneldirectly
from our realdatasetasdonein Tournieretal [55,5€6)] for single ber responsdunction. All details
aregivenin AppendixBl wherethe analyticaldiffusion ODF kernel,R, is derived. In practice the
averageprolatetensorpro le is estimatedrom 300 voxelswith highestFA value,asthesetensors
caneachbeassumedo containasingle ber population.

3.3 Deterministic Multidir ectional ODF Tracking

We extendtheclassicaktreamlindgechnique$, 13,142] basedndiffusiontensomprincipaldirection
to take into accountmultiple ODF maximaat eachstep.We denotep(s) asthecurve parameterized
by its arc-length.This curve canbe computedasa 3D pathadaptingits tangentorierlgationlocally
accordingo vector eld v. Hence for agivenstartingpoint pg, we solve p(t) = po + é v(p(s))ds:
Theintegrationis typically performedhumericallywith Euleror Runge-Kuttaschemesf order2 or
4. In the Eulercase we have the discreteevolution equation

Pr+t = Pn + V(Pn) S (7)

RR n° 6273



10 M. DescoteauxRR. Deriche A. Anwander

N
(a) dODFkernel FOD = dODF

—

X

Signal dODF fODF sharp

(b)

Figurel: Sketchof the corvolution/decomolution. In (a), the corvolution betweenthe diffusion
ODF (dODF)kernelandthe ber orientationfunction (FOD) producesa smoothdiffusion ODFE In
(b), we shav a sketchof the decomwolution sharpening.The Funk-RadonTransform(FRT) of the
simulatedHARDI signalon the sphereproducesa smoothdiffusion ODF. This diffusion ODF is
transformednto a sharp ber ODF (fODF) by the decowolution with the diffusion ODF kernelof

().

where sisasmallenoughstepsizeto obtainsubvoxel precision.A continuoudinear, cubic,spline
or geodesi@] interpolationof thevector eld canbedoneat eachstepfor the subvoxel points. A
goodreview is foundin [@] andmorerecentlyin [E,E]
For seedpointpg, for agivenanisotroy measureéd thatcanbe FA, GeneralizedA (GFA) [@]

or ary othermeasurefor anisotrogy threshold 4,50 , for curvaturethreshold , for ExtractMax ; p)
afunctionreturningthelist | of vector(s)orientedalongeachODF, , maximum(a)at point p, for
size() returningthe sizeof list | andfor I; representinghe;] th elementof list |, our algorithmcan
be describedsfollows:

INRIA



Q-Ball Imaging Tractography 11

(0) Estimateeld of fODF, sharp with Eq.B
(1) Setseedpy andsetv(pg) = argmax, Sharr{u)pO
(2) Updatecurve accordingo Eq.[4
If A(pn) < taniso then STOP;
V() VP 1) ¢ e sTOP,
Jv(pn)iliiv(pn 1)ii ,
Let | = ExtractMax( sharppn)- If size() > 1
then SPLIT curve;fori = 1tojlj
do (1) with po = pn andv(po) = i;

ODF estimationis donewith order” = 4;6 or 8 asin [[L8] andODF kernelestimatedrom our real
dataset.To extract ODF maxima, it is generallyassumedhat they are simply given by the local

maximaof the normalizedODF ([0,1]), wherethe function surpassea certainthreshold(here,we

use0.5). In practice we projectthe ODF ontothespherdessellatedvith a ne mesh.We usea 16th

ordertessellatiorof the icosahedronwhich gives1281sampledirectionson the sphere.Then,we

implementa nite differencenethodonthemesh.If ameshpointis aboveall its neighborsandif this

pointhasan ODF valueabove 0.5, we keepthemeshpoint directionasa maxima.This thresholding
avoids selectingsmall peaksthat may appeardueto noise. Othermore complex methodsexist to

extractthemaximasuchthe methodpresentedh [27] or sphericaNewton's method[55].

In ourimplementationywe useFA andtaniso = 0:1 asa maskto preventtracksto leak outside
white matter we setcurvinganglethresholdt = 75 and s = 0:1 andwe useEulerintegration
andclassicaltrilinear interpolationto obtaindODF, fODF andDT at subvoxel precision. For the
restof the paper DT-STR refersto this algorithmusingthe DT principal eigervector dODF-STR
andfODF-STRrefersto this algorithmusinga singledODF/fODFmaximathatis the closesto the
incomingtangentirectionof the curve, andSPLIT-STRrefersto this algorithmusingall available
fODF maximawith splitting at eachstep.

3.4 Probabilistic ber ODF Tracking

In this sectionwe proposeanextensionof therandomwalk methodproposedy Anwanderetal. [4]
andKochetal. [[35] to usethemultidirectional ber ODF Imaginea particlein aseedvoxel moving
in arandommannemith aconstanspeedvithin thebrainwhite matter Thetransitionprobabilityto
aneighboringpointdepend®nthelocal fODF, sharp ThisfODF is discretizednto 120directions
evenly distributedandat every time step,oneof thesel20directionis picked at randomaccording
to thefODF distribution. Thisyieldshighertransitionalprobabilitiesalongthemain ber directions.
Hence the particlewill move with a higherprobabilityalonga ber directionthanperpendiculato
it. We starta large numberof particlesfrom the sameseedpoint, let the particlesmove randomly
accordingto the local fODF and countthe numberof timesa voxel is reachedby the path of a
particle. Therandomwalk is stoppedvhenthe particleleavesthewhite mattervolume.

For eachelementaryransitionof theparticle theprobabilityfor amovementirom theseedpoint
x to thetargetpointy in oneof the 120directionsu,y is computedastheproductof thelocalfODFs
in directionuyy , i.e.

P(X! ¥)= shardUx)x  shargUxy)y ®)
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whereP (x | y) is theprobabilityfor atransitionfrom pointx to pointy and Sh(.m[(uxy)X is the
ber ODFin pointx in directiony.

Thetransitiondirectionsin thelocal modelarelimited to 120discretedirectionscorresponding
totheangularsamplingresolutionof theacquireddata,andthestepsizeof theparticlestepwas x ed
to 0.5. We usedtrilinear interpolationof the fODF for the subvoxel positionand projectedto 120
discretedirections(sameasour realdatagradientencodings)Moreover, voxelswithin the CSFand
voxelscontainingmainly gray matterwereexcludedfrom thetrackingusinga maskcomputedrom
a minimum FA valueof 0.1 anda maximumADC valueof 0.0015. Thesevalueswere optimized
to producea good agreementvith the white mattermaskfrom the T1 anatomy The maskwas
morphologicallychecled for holesin regionsof low anisotroly dueto crossing bers. Finally, a
total of 100000particlesweretestedfor eachseedvoxel. To remove artifactsof the randomwalk,
only voxels which were reachedby at least100 particleswere usedfor further processing. For
visualizationpurposesthe dynamicrangeof the connectity valueswas changedy logarithmic
transformatiorandthe entiretractogramwasnormalizedbetweerD andl. For therestof the paper
the 3-dimensionatlistribution of connected/oxelsto the seedvoxel is calledatractagram

The main noveltiesin the probabilisticalgorithm comparedo previous publishedversions[4,
38] arethe useof the fODF after decorwolution of the diffusion data,the higherangularsampling
combinedwith a continuousinterpolationof the dataandthe subvoxel tracking of the streamline.
Thedecowolutionsharpeningpre-processingtepis shavn to have adramaticdimpacton the quality
of thetractogram For therestof the paperthemethodustdescribeds referredto asfODF-PROBA.

3.5 Data Acquisition
3.5.1 Synthetic Data Generation

We generatesyntheticODF datausingthe multi-tensormodelwhich is simpleandleadsto anana-
lytical expressiorof the ODF [l18]. For a givenb-factorandnoiselevel, we generatehe diffusion-
weightedsignal

X r
S(ui)=  pce MiPxui 4 noise; (9)
k=1

whereu; is thei™ gradientdirectionon the sphere,n is the numberof bers, py is the volume
fractionof thek™ ber andD thek™ diffusiontensorpro le orientedrandomly We usetensor
pro le Dy estimateddirectly on our real datasetusing 300 voxels with highestFA from our real
dataset.Finally, we add complex Gaussiamoisewith standarddeviation of , producinga signal
with signalto noiseratio (SNR)of 1= .

3.5.2 Human Brain Data

Diffusion weighteddataandhigh-resolutionT ; -weightedimageswereacquiredin 8 healthyright-
handedvolunteers(25 4 years,4 females)on a whole-body3 TeslaMagnetomTrio scanner
(SiemensErlangen)equippedvith an8-channeheadarraycoil [4]. Writteninformedconsentvas
obtainedfrom all subjectsin accordancevith the ethicalapproval from the University of Leipzig.
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The spin-echoecho-planaimaging sequenceTE = 100 ms, TR = 12 s, 128 x 128 image ma-
trix, FOV = 220 x 220 mm?, consistsof 60 diffusion encodinggradients[32] with a b-value of
1000s/mn?. Sevenimageswithout ary diffusion weightingsare placedat the beginning of the
sequenceandafter eachblock of 10 diffusionweightedimagesasanatomicakeferenceor of ine
motioncorrection.Themeasuremerdf 72 sliceswith 1.7mmthicknesgno gap)coveredthewhole
brain. Randomvariationsin the datawerereducedy averaging3 acquisitionsyesultingin anac-
quisitiontime of about45 minutes. No cardiacgatingwasemployedto limit the acquisitiontime.
Theissueof cardiacgatingis discussedn [[33]. Additionally, fat saturationvasemployedandwe
used6/8 partial Fourierimaging,a Hanningwindow Itering andparallelacquisition(generalized
auto-calibratingpartially parallelacquisitionsreductionfactor= 2) in the axial plane.

The brainis peeledfrom the T1-anatomywhich wasalignedwith the Talairachstereotactical
coordinatesystem[53]. The 21 imageswithout diffusion weightingsdistributedwithin the whole
sequencavereusedto estimatanotioncorrectionparametersisingrigid-bodytransformation§31],
implementedn [22]. Themotion correctionfor the 180 diffusion-weightedmageswascombined
with a global registrationto the T1 anatomycomputedwith the samemethod. The gradientdi-
rectionfor eachvolumewas correctedusingthe rotation parametersThe registeredimageswere
interpolatedto the new referenceframewith an isotropicvoxel resolutionof 1.72 mm andthe 3
correspondingcquisitionsandgradientdirectionswereaveraged.

3.6 Evaluation of the Decorvolution Sharpening Transformation
3.6.1 Spherical Decorvolution

For comparisonwith our sharpfODF, we also reconstructthe FOD using sphericaldecowolu-
tion [55]. We implementthe Itered SD (fSD) [55] usingsphericalharmonicsandlow-pass Iter
[1,1,1,0.8,0.1multiplying eachcoefcient of order™ 2 fO0; 2; 4; 6; 8g respectrely (detailsin [5€].
This Itering isintroducedo reduceheeffectof noiseandspuriougpeaksproblemproducedy high
ordersphericaharmoniccoefcients of the FOD estimation.Therearemorevery recentversionsof
sphericadecomwolutionwith regularizationl5(] andpositivity constraintwith supetresolution[|56)
thathave justappearedn theliterature.Here,we chooseo compareagainsthe classicafSD [I55)]
becausédt hasbeenextensvely studiedin theliterature.

3.6.2 Synthetic Data Experiment

We evaluateand quantify the angularresolutionlimitation, the ber detectionsuccesandangular
errormadeon the detectednaximawhenusingthe diffusion ODF (dODF) (Eq.[), the sharp ber

ODF (fODF) (Eq.[B) andthe ltered SD (fSD) [I55] describedn Section3.6.1 First, to evaluate
angularresolutionlimitations, we generatenoise-freesyntheticdatafor two bers wherewe vary
the crossinganglebetweenbers to determinethe critical angleat which only a single maximum
is detectednsteadof two. Then,to evaluate ber detectionsuccessye usenoisy syntheticdata
generatedvith SNR 35 andwith 1, 2, or 3 bers choserrandomlywith equalvolumefractionand
randomanglebetweenbers setabove 45 . We generatel 000suchHARDI pro le separatelyand
countthe numberof timeswe correctly detectthe numberof ODF maxima. For the simulations,
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14 M. DescoteauxRR. Deriche A. Anwander

we alsovary estimationorder’ = 4; 6 and8, useb-valuesof 1000,3000and5000s/mn¥ anduse
samplingdensitiesof N = 81 and 321 on the hemispherecorrespondingo a 3'¢ and 7" order
tessellatiorof the icosahedromespectiely. We alsorecordthe angularerror madein degreeson
eachdirection. Next, to evaluateangularerror madeon the detectedmaxima,we x thefODF and
fSD estimationorderat® = 6 andusea simulationwith b= 3000s/mn?, N = 60 (samegradient
directionsas our real dataacquisition),separatiorangleof 60 , SNR = 30 and volume fraction
p1 = p2 = 0:5. Finally, we shav qualitative simulatedresultsthatillustrate the effect of varying
HARDI signalgeneratiorparametersuchasb-value,SNR, separatiorangleandvolumefractionin

Eq.B

3.6.3 Real Data Experiment

First, we shav the effect of the decomwolution sharpeningqualitatively on a regions with known

ber crossingdetweenwo andthreedifferent ber populations.Then,we comparedeterministic
trackingmethodsDT/dODF/fODF/SPLITSTR andprobabilisticdODF/fODF-PROBA on comple

ber bundles.We studythe performancef the differentalgorithmsto reconstrucseveralcommis-
sural ber tractsin onesubject.Differentseedmasksweregeneratean the color codedFA maps.
Fiber tractsand connectvity distributionswere generatedrom every voxel in the mask. For the
reconstructiorof the bers passinghroughthe anteriorcommissurédAC), a seedvoxel wasplaced
in the mid-sagittalcrosssectionof the AC anda secondrackingwas startedfrom two seedspne
ontheleft andright sideof the mid-sagittalcrosssection;for thecommissuralbers connectinghe
contralaterainferior andmiddlefrontal gyrusa seedvoxel wasde ned in themid-sagittalsectionof

therostralbody of the CC (Talairach0, 18, 18); for thetapetumandtemporalcommissuralbers we

selected! seedvoxelsbetweertheleft lateralventricleandthe optic radiationcloseto the splenium
of the CC (Talairach-22,-42,24).

3.6.4 Quantifying the Projectionsof the Corpus Callosum

As an application,we investigatechow the reconstructiorof transcallosalber connectionsould
be improved with the fODF in the group of 8 subjects. We show in which partsof the CC we
canreconstructbers connectingthe ventralandlateral partsof the cortex. These bers crossthe
coronaradiataandpartsof the superiordongitudinalfasciculug/53] andcannotbe detectedwith the
simpletensormodelandarelimited with the dODFE Regionsof interest(ROIs) for the white matter
tractographyn eachsubjectwerede ned by the sagittalcrosssectionof the CC. For eachseedvoxel
in the ROI the fODF-PROBA tractographywasperformedseparately To evaluatethe connectvity
to lateralandventralcortical areas,The percentag®f random ber tractsreachinglateral partsof
thebrain(Talairach> 30) arequanti ed. Theresultis color codedon the mid-sagittalplane.
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Angularresolutionlimitations (a)
b= 5000s/mn? b= 3000s/mn? b= 1000s/mn?
order’ | fODF fSD dODF | fODF fSD dODF | fODF fSD dODF

8 30 33 55 31 38 58 52 54 74
N = 81 6 39 42 55 42 46 59 52 58 74
4 51 52 59 52 54 63 57 63 75

8 29 32 44 30 36 50 45 50 69
N = 321 6 37 40 47 38 43 52 45 55 69
4 50 50 56 52 55 60 56 62 72
Fiberdetectionsuccesgb)

b= 5000s/mn? b= 3000s/mn? b= 1000s/mn?
order’ | fODF fSD dODF | fODF fSD dODF | fODF fSD dODF

8 100% 100% 78% | 94% 94% 61% | 86% 85% 56%
N =81 6 9% 99% 76% | 91% 90% 60% | 69% 67% 54%
4 70% 70% 62% | 63% 63% 55% | 62% 60% 52%

(0]

100% 100% 96% | 100% 100% 87% | 95% 95% 55%
100% 100% 88% | 100% 100% 84% | 66% 70% 53%
4 83% 83% 62% | 78% 76% 62% | 58% 56% 52%

N = 321

»

Tablel: ODF sharpeningaindsphericaldecorvolutionimprove ber detectiorandincreasesngular
resolutionQBI. The sharp ber ODF (fODF) and Itered sphericaldecotvolution (fSD) [55] have
similar ber detectionandangularresolutionbehaior that outperformthe classicaldiffusion ODF

(dODF).We testeffectsof changingestimationorder™, b-valueandsphericalsamplingdensityN .

Simulationsweredoneon 1000HARDI pro les. In (&) HARDI pro les aregeneratedvith SNR 35

andwith a randomnumberof crossing bers betweenl, 2 and3 andwith randomanglebetween
bers abose 45 . In (b), noise-freeHARDI simulationsare generatedvith 2 bers crossing. We

reporttheanglebetweenbers underwhich only a singleODF maximais detected.
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fODF mean and std deviation‘ —
fSD mean and std deviation +——<—i

Estimation angular error in degrees
N
T
L

0 ! ! ! ! ! ! ! !
10 20 30 35 40 45 50 1000

SNR

Figure2: Effectof varyingSNRonthedetectednaximaof thesharpber ODF (fODF) and Itered
sphericadecowolution (fSD) [B5]. We plot themeanandstandardieviation of the estimatecangle
errorfor the ber simulationwith separatiorangleof 60 , b= 3000s/mn? andN = 81.

b= 1000s/mn¥ b= 3000s/mn¥

% % %
4 % %
4 G
49 % %
4 2 G
v de

dODF fSD fODF dODF fSD fODF

Figure3: Effectof varyingestimationorder® andb-valueon thediffusionODF (dODF),sharp ber
ODF (fODF) and Itered sphericadecoolution (fSD) [@]
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fODF

fSD

dODF min-max

dODF
Noise-free SNR= 50 SNR= 30 SNR= 20 SNR= 10

Figure4: Effectof varyingSNRonthediffusionODF (dODF),sharp ber ODF (fODF) and Itered
sphericadecorvolution (fSD) [55].

4 Results

4.1 Effect of the Decorvolution Sharpening Transformation

Synthetic Data Simulations Tbl. 1(a) rst shavs thatthe angularresolutionof QBI is improved
with thesharp ber ODF by approximatel\20 overall simulations.ThetablealsoshavsthatfODF
hasa slightly betterangularresolutionthanfSD [55], with anaverage5 differencein favor of the
fODF. Theimprovementfor order™ = 8 is the mostapparentwith anincreaseof approximately
25 betweenfODF anddODEF At order™ = 6, theincreasds approximatelyl5 betweenfODF
anddODF. As expectedthelessapparentmprovements for lowestorder” = 4, wherethe ODFis
too smoothfor the decorvolution sharpeningo make animportantdifference.Moreover, it is also
expectedthatthe angularresolutionincreasesonsiderablyfor higherb-values.However, notethat
the differenceis very smallwhencomparingo = 5000s/mn? andb = 3000s/mn¥ columns.Note
alsothatincreasingthe samplingschemedoesnot make animportantgainin angularresolutionin
this experiment.Thereis a differenceof only a few degreeswhengoingfrom samplingN = 81to
N = 321 This suggestshatincreasinghe numberof samplingdirectionsis notimportantif one
usesa low sphericaharmonicorderestimation.Finally, it is importantto point out thatwhenboth
the dODF andfODF successfullydetectthe underlying ber populationswe recordno noticeable
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fODF

fSD

dODF min-max

dODF
90 60 50 45 40

Figureb: Effectof varyingseparatiorangleon the diffusionODF (dODF),sharp ber ODF (fODF)
and Itered sphericadecorvolution (fSD) [55].

differencein angularerrormadeon the ODF maxima,i.e. the sharpeningloesnotintroduceerrors
onthedetectednaxima.

Then,Tbl. 1(b) shavsthatsharpeningncreaseshesuccessateof ber detectionn thesynthetic
datasimulationdescribedn Section3.6.2 We alsoseethatthe fODF andfSD have very similar
successatein this simulation. ThefODF hasbettersuccessatethanfSD somecasedecausé has
a slightly betterangularresolutionlimitation. The moreimportantincreasan successgate occurs
for high estimatiororder In particular for b-value1000s/mn¥, order’ = 8 andsamplingN = 321
thereis anincreaseof 40% andfor b = 3000s/mn¥, * = 6;8 andN = 81 thereis anincreaseof
morethan30%betweerfODF anddODF. Notethatsharpeningheb-value1000s/mn¥ datahasthe
effectof improving ber detectiorto abovethelevel of b-value3000s/mn? datawithoutsharpening
for mostorder estimationsand similarly, whencomparingthe dODF columnatb = 5000s/mn?
and fODF columnatb = 3000s/mn?. Moreover, increasingthe sphericalsamplingdensity N
increaseshe successateof ber detection.This is moreapparentt high order™ = 8 andfor b-
value> 1000s/mn? for thedODF Finally, notealsothat,for agivenb-value thefODF columnata
low samplingN = 81 hasbetter ber detectionsuccesshanfor thedODFcolumnathigh sampling
N = 321

Next, Fig. 2 shavs the effect of noiseon the angularerror of detectednaximafrom fODF and
fSD. We do notplot the curve for thedODF asit overlapsthefODF curve. ThefSD andfODF curve
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fODF

fSD

dODF min-max

dODF
p2 = 0:5 p2 = 0:6 p2 = 0:7 p2 = 0:8 p2 = 0:9

Figure6: Effectof varyingvolumefractiononthe diffusionODF (dODF),sharp ber ODF (fODF)
and Itered sphericadecorvolution (fSD) [55].

have a similar pro le but we seea smallimprovementof approximatelyl to 2 in angularerror.

Notethatthe ODF maximaaredetectedisinga ne meshwith 1281 samplingon the hemisphere,
giving roughly 4 betweeneachmeshpoint. Overall, the meanangularerroris thuslessthanan

angularsample.

Finally, gures 3-6 qualitatvely shawv the effect of varying the HARDI signal parametersn
the dODF, fODF andfSD reconstructionsin thesesyntheticsimulations,the tensorpro les were
estimatedrom our real data. Fromthe 300 voxelswith highestFA value,we found anaverageFA
of 0:7 andanaverageeigervalueratio of e;=e; = 0:26. We usesimulationsvith N = 60, b= 3000
s/mn?, separatiorangleof 60 , equalvolumefractionp; = p, = 0:5 andthenvary independently
theb-value,SNR, separatiorangleandvolumefraction. Note that gures 3-6 con rm quantitatve
obsenationsmadefrom Thl. 1. The angularresolutiongain of the fODF over dODF is striking.
Also, thefODF pro le is overallmoresharpthanthefSD pro le. However, it is possibleto seethat
fODF peakis not alwaysaswell alignedwith the true directionasit is for the fSD. In particular
Fig 3 shavs the differencein the reconstructiorwhenchangingestimationorder™ andb-value. As
expectedthe bestangularresolutionis obtainedfor high ™ andhigh b-value. However, for * = 8,
spuriouspeaksdueto noisebecomemoreimportant. We thuschooseo x theorderat™ = 6 and
b = 3000s/mn? for the othersimulations. Fig. 4 shows that the fODF reconstructioris robust
to noise. Even at low SNR, the angularresolutionis consered and the spuriouspeakseffect is
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not dramaticfor SNR> 10. We x SNR 30 for othersimulations. Fig 5 qualitatively shows the
gainin angularresolutionbetweerfSD andfODF. ThefODF is ableto betterdiscriminatethe two
ber compartmentsatseparatiormngleof 45 andfSD seemdimited below separatiormngleof 50 .
Finally, Fig 6 shavsthatfODF is ableto discriminate ber compartmentslearlyfor equalfractions
upto volumefractionof 30%. For smallerfractionsonly asinglecompartmenis detectedAll these
simulationsand gures agreewith publishedresultsin [14, 55, 56].

ThereforethesharpeninglecowolutionimprovesQBI considerablyOur syntheticdatasimula-
tionsshaw thatcrossing bers aremoreeasilydetectedandthatthe angularresolutionlimitation is
improvedwith thefODF. Thesharpeningransformatiorhasthe desiredeffect of enhancinghe un-
derlying ber populationwhich makesit easierto detectcrossingber con gurationswith smaller
separatiorangle. Comparedo fSD [55], the fODF behaessimilarly while working directon the
dODF and not on the signal. The fODF hasa slightly betterangularresolutionand fSD makes
slightly lessangularerroron the detectednaxima.

Real Data Experiment Fig. 7a qualitatively shaws the effect of the decomwolution sharpening
transformatioron a singlevoxel of ourrealdatasetThis voxel wasselectedattheinterfacebetween
the bers to the lateral motor stripe and the SLF (Talairach-34 -4 29). We seethat the dODF
nd only onemaximabut thatthereseemgo be anothersingle ber compartmentvith lessvolume
fraction. ThefODF is ableto discriminatehesecondber compartmenandtherecordedseparation
angleis 62 . As theestimationorderincreaseshe secondber compartments moreevidentatthe
costof spuriouspeaksappearingor © = 8. We againseethat ber detectionandangulamresolution
areimprovedwith thedecorvolution sharpeningransformation.

Fig. 7b shavs the multidirectionalinformation coming from the diffusion ODF andthe sharp
ber ODFonaregion of interestin acoronalslice (Talairach-4 ) of thehumanbraindatasetin this
ROI, the CC formstheroof of thelateralventriclesandfansoutin amassve collateralradiation the
corticospinaltract (CST) lies lateralto the ventricleandis directedvertically andthe SLF crosses
the baseof the precentralgyrusin anteriorposteriordirection. The lateral projectionsof the CC
crossthe CSTandthe SLE Fibersof the SLF partly intersecwith the bers of theCSTandtheCC.
Somevoxels of the dODF andfODF in area(a,a’) containthesethree ber bundlescrossing.lt is
thussurprisingthatrecentwork [8] reportno voxelswith threecrossings.In fact, area(a) in this
ROI, containsa large strip of voxelswith low FA < 0:15 runningat the medialborderof the SLF,
wherecrossingswith three ber populationsare detectedn the fODF. Overall, the fODF recovers
morevoxelswith 2- ber crossingghanthe dODE In fact,in a maskof the white-matteywe detect
twice asmary voxelswith two ber populationswith thefODF estimationwhencomparedvith the
dODFreconstruction.

4.2 Tracking

In this section,we compareand studytracking resultsfrom the deterministictrackingalgorithms,
DT-STR,dODF-STR fODF-STR,andSPLIT-STRof Section3.3, andfrom the probabilistictrack-
ing algorithm,dODF-PROBA andfODF-PROBA of Section3.4. Thetrackingis performedon a
synthetichranchingdataexampleandon humanwhite matter ber bundleswith known crossingsn
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(@)
dODF dODFmin-max =4 =6 =8

(b)

Figure7: Decorvolution sharpeningon real dataimproves ber detectionof QBI by increasing
angularmresolution.In the (1), the secondmaximais missedn the diffusion ODF (dAODF) andmin-
max normalizeddODE With sharpeningthe secondber directionis identi ed evenatlow orders
of* = 4and” = 6. Therealdatavoxel in (a) wasmanuallyselectedby anexpertat the interface
betweermotor stripeandsuperiodongitudinalfasciculus.In (b), therearemorecrossinggetected
usingthe ber ODF (a,b)thandODF (a',b"). The ROI shaws crossingsetweerthe cortical spinal
tract/ coronaradiata(cst/cr) (going up in the plane),superiorlongitudinal bers (slIf) (comingout
of theplane)andthelateralprojectionsof the corpuscallosum(cc) (in the plane).(a,a’) aretilted to
seethe ber directionsmoreclearly.
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regionswhereDT-basedhlgorithmsarelimited. Overall, we obsenethreeresults:1) fODF-PROBA
andSPLIT-STRareableto trackthrough ber crossingandrecovercrossingfanningandbranching
ber con gurations,2) SPLIT-STR andfODF-PROBA arebetterthandODF-basec&nd DT-based
trackingin regionsof ber crossingsand3) fODF-PROBA hasthe classicaladvantage®of proba-
bilistic algorithmsover deterministicSPLIT-STR andalsois ableto recorer mary projectionsfrom
the CCto lateralareasof the cerebralkortex.

4.2.1 Deterministic ODF-basedTracking

Fig. 8a shaws the limitations and differencesof DT-STR resultscomparedo the fODF-STRand
SPLIT-STRresults. Trackingwas startedat the bottomof the branchin all cases Note thatwhere
DTsareprolatewith principaldirectionnot agreeingwith thetrue ber orientationsthe ODFshave
multiple maximathatmatchwith the underlying ber population.Hence the pathfollowedby DT-
STRis wrongandfollows a falsedirectionthattakesit to the middle of the branch.Hadtherebeen
anotherstructurebehindthe branchingbers, thetractcouldhave easilyleakedin theotherstructure
anddiverged. On the otherhand,fODF-STRhasthe advantageof following the right direction. If
thereare two possibleorientations,it goesin direction closestto its incoming direction. On the
otherhand,SPLIT-STR splits andfollows both ODF directionswhenpossiblewhich recoversthe
full branchingstructure.lt is interestingo notethedifferencebetweerdODFandfODF streamlines
in the crossingarea. The fODF-STR splitting occursseveral voxels lower in the branchingwhere
the separatioranglebetweenthe two ber compartmentss lower than60 . Finally, we seethat
thetractogranof thefODF-PROBA for threedifferentinitialization. The fODF-PROBA is notvery
sensitve to initialization andableto recover the branchingstructurestartingfrom voxelsat theleft,
middle andright of the structure.Notethatthereis a aying of tractsfrom oneparallel ber to the
neighboringbers within the syntheticbundle. This is expectedrom probabilistictrackingandthis
is why onetypically thresholdghetractogranto obtainthe mostprobabletracts.

Fig. 8b shavsabranchingber con gurationin thesameROI asseenin Fig. 7. Onesetof tracts
(red bers) arestartedrom avoxel in the CC andanothersetof tractsarestartedrom avoxel in the
CST (green/yellav bers). As expected, SPLIT-STR recoversthe branchingcon guration of both
ber tractsandrecovers bers projectingin motorareasn two gyri. Ontheotherhand fODF-STRis
ableto stepthroughthecrossingsvhereaslODF-STRandDT-STRarelimited. Both bers starting
from the CST andfrom the CC take the averagedirectionof thetwo ODF orientationsandprojects
only the medialmotor cortex. tracking. The anglebetweenber compartmentss between60 and
80 in thatareaandthe dODF cannotdiscriminateclearlythetwo ber populations.

4.2.2 Probabilistic Tracking

Anterior Commissural Fibers Trackingof the anteriorcommissura(AC) bers in Fig. 9 shavs
the advantagesf the fODF-PROBA trackingover dAODF-PROBA and DT-STRtracking. dODF-
PROBA and DT-STR are blocked closeto the seedpoint by low FA areas. Particlesof dODF-
PROBA cannotpropagateo the temporalpolesbecausdhe pathsare diffusive and leak outside
the anteriorcommissurabundle,which is only a few voxel wide aroundthe seedpoint. However,
with a multiple seedingapproach DT-STR and dODF-STRare ableto recover both pathsto the
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fODF fODF anddODFSPLIT-STR fODF-STR DT-STR

fODF-PROBA with 3 differentinitialization voxel (left, middle,right)
(a)

TlandRGBmaps  SPLITFSTR fODF-STR dODF-STR DT-STR
(b)

Figure8: SPLIT-STRis ableto recovertheknown ber fanningcon gurations.In (a),deterministic
trackingwasstartedatthebottomof thebranchin all casesHARDI datawasgenerateavith b-value
of 3000s/mn?, N = 81andSNR 35. fODF-PROBA wasalsodonewith 3 differentinitializations
overlaidon DT principal eigervector fODF-PROBA is not particularly sensitve to initialization.
In (b), SPLIT-STRrecoversknown branchingcon gurationsto the two motorgyri from both seed
points. We have colored bers startingfrom the CC in red and bers startingfrom the CST in
green/yellav.

temporalpoles,aspublishedin Catanietal [12]. In contrary deterministicfODF-STRandSPLIT-
STR tracking can reconstructthe bers connectingthe temporalpole via the AC from a single
seedpointin the mid-sagittalcrosssection.Probabilistictractographydonewith the fODF suggest
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FA-RGB map dODFTractogram fODF Tractogram
DT-STR dODF-STR fODF-STR
2seedDT-STR 2 seeddODF-STR SPLIT-STR

Figure9: Trackingof theanteriorcommissurebers (ac). Probabilistictrackingis shovn on coronal
andaxial slicesthroughthe ac. We alsoshowv a 3D renderingof thetractogramiso-surfice.fODF-
Probareacheghe temporalpole closeto the uncinatefasciculus(unc) whereasdODF-Probacan
only reconstruce.smallpart. Deterministictractographyneedanultiple seedingnitializationin the
DT anddODF casedueto thesmalldiameterof theacon this subject.

additionalprojectiongo moreposteriompartsof thetemporalobeandthroughtheanteriorsubinsular
white matterto the inferior occipitofrontalandinferior longitudinalfascicle. Moreover, a second
anteriorpathway was found on the right hemispherdor this subject(Fig. 9, top row middle and
right).

Callosal bers to the inferior and middle frontal gyrus DT-STR andfODF-STRtrackingcan
only nd the commissuralbers connectingthe medial partsof the frontal lobe (Fig. 10, second
row, left and middle). Fanningof the ber bundleto the inferior and middle frontal gyrus was
found with the SPLIT-STR methodon the left hemisphereandto a lower extenton theright. The
tractogramcomputedwith the fODF-PROBA methodrevealsa stronginterhemisphericonnection
of thelateralpartsof thefrontal lobe. Additional bers arefoundbranchingto theanteriorthalamic
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Tractogramtop view top-left-frontview fODF-PROBA bers

DT-STR fODF-STR SPLIT-STR

Figure 10: Trackingof the projectionsof the corpuscallosumto Broca's area. The probabilistic
tractogramis shavn on a coronaland sagittalslice and as 3D rendering. The tractogramshows
asymmetrywith strongerconnectiongo the left inferior and middle frontal gyrusthanto the ho-
molog area. We alsoshaw a selectionof the probabilistic bers coloreddifferently dependingon
their end point projectionsto the lateral or medial areas. From the deterministicmethodsonly
SPLIT-STRcanreconstructhis comple structure.

radiation(Fig. 10, top left). Fig. 10, top right shovs sample ber tractsincludedin the probability
map(left, middle).

Callosal bers to the temporal lobe Fig. 11 shavs the bers in the spleniumof the CC, which
sweepinferiorly alongthe lateralmargin of the posteriorhorn of the lateral ventricle which form
thetapetum.These bers arein closecontactto the commissuralbers connectingthe precuneus
of bothhemispheresOn theleft hemispherghe splitting is closeto the 4 voxel seedregion andall
methodscanbind both parts. Only SPLIT-STRandfODF-PROBA canreconstructhe splitting in
both hemisphereso the bundlesconnectinghe temporallobe andthe parietallobe. The bers to
thetemporallobe split to the trans\ersetemporal(Heschels) gyrusandto the inferior longitudinal
fasciculusProbabilistictractographylsosuggesa closerelationto the posteriorthalamicradiation.
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Tractogram fODF-PROBA bers

DT-STR fODF-STR SPLIT-STR

Figurell: Probabilistictractogranof asingleseedoointin thetapetum(tap)reconstructshe bers
crossingthe cc andconnectingooth temporallobes. Deterministictrackingwasinitialized from 4
seedpointsin thetapetum.SPLIT-STRreconstructethis complec structure.

4.3 Quantifying Lateral Projectionsof the Corpus Callosum

Fig. 12 shavs the color labelingof the ROI indicatingregionswith stronglateralconnectvity. The
color correspondso the percentag®f bers which crossa para-sagittaplan ( Talairach> 30) as
indicatedby thelinesonthe coronalslice. For all subjectsa maximumnumberof lateral bers was
foundin the genuor the rostralbody of the CC connectingthe inferior and middle frontal cortex
andthe premotorcortex. The callosal bers interdigitateswith the bers of the coronaradiata.The
tractogramfor the voxel with the mostlateralconnectionshavs bers to theleft andright middle
frontal gyrusandthe left inferior frontal gyrusin additionto the connection®f the medialfrontal
cortex. The proportionof lateral bers in thisvoxel is 20% 6% for the 8 subjects.

A secondpeak (bright color) was found in the isthmusor spleniumof th CC connectingthe
temporalareas.The correspondingbers lie deepto the optic radiationin the tapetumandconnect
thetemporallobe andin particularto the auditorycortex. The proportionof temporal bers in this
voxelis 30% 10%for the 8 subjects.
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Figurel12: Quanti cation of theratio of lateral bers ( Talairach> 30) in the differentpartsof the
corpuscallosum(cc) typically completelymissedin DT tractography All 8 subjectsshav strong
lateral connectvity in the genuor the rostral body of the cc and a secondpeakin the splenium.
fODF-PROBA nds morethan10%of lateral bers in large partsof thecc.

5 Discussion

We have proposedan integral conceptfor tractographyof crossingand splitting ber bundlesin

the brain basedon the sharp ber ODF reconstructiorfrom QBI. First, we have developeda new

decowolution sharpeningransformatiorfrom diffusion ODF (dODF)to sharp ber ODF (fODF)

from regularizedandanalyticalestimationof the ODF [18]. Then,we have shovedthatthe fODF

considerablymproves ber detectiorandangularresolutioncomparedo the standara@lODF by ap-
proximately20 . We have alsoshovedthatthe fODF behaesvery closelyto the Itered spherical
decowolution (fSD) estimationof the FOD. We have comparedhe dODF, fODF andfSD recon-
structionsmethodsand reproducedsimulatedresultspublishedin the literature. Finally, we have

extensively comparedothnew trackingalgorithmsandhave performedexpertvisual validationon

complex ber bundlesof ahumanbraindatasetln particulay weillustratedanimportantapplication
for the modelingof interhemisphericognitive networks with a quanti cation of the projectionsof

thecorpuscallosum.We have quanti ed regionsof thecorpuscallosumwherewe areableto recover

bers projectingto thelateralcortex.

We have proposedanimportantimprovementof QBI. The standardQ-ball dODFreconstruction
is smoothwith large contributions outsidethe principal directionsof diffusion. Even after min-
maxnormalizationthe dODF haspoorangularresolution,especiallyat lower b-values.Hence this
dODF is not necessariljthe bestobjectto be working with if oneis interestedn the underlying
ber population. To our knowledge,our sharpeninglecowolutionis the rst attemptto transform
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thediffusionODFinto a ber ODFE. We now have thedistribution of therelative importanceof each
ber in avoxel insteadof having anorientationdistribution of the diffusionin eachdirection.

The decowolution sharpenings well-de ned andthe dODF kernelis estimateddirectly from
thereal data. Therefore,we have very few parameterso setin this approach.Oneonly needsto
chooseheapproximatiororder™ of thesignalandtheregularizationparametef17, 18]. Thismakes
thefODF estimatiorfastandrobustwhenworking with sphericaharmonicsThepowerful tool was
againthe Funk-Hecle theorem,asin the derivation of our previous analytical ODF solution[18].
Thistheoremallowsto solvetheintegralonthespherebetweerthesingle ber diffusionODFkernel
andary sphericaharmonic! The nal fODF is asimplelineartransformatiorof the coefcients of
thedODFE

Therefore,anybody working with QBI and/ora diffusion ODF canbene t from our work and
applyour sharpenindgransformatiorto obtaina ber ODF It is importantto point outthatspherical
decowolution (SD) is anothemethodto obtaina fODF, alsocalledFOD ( ber orientationdensity)
in the SD literature[1, 3, 14, 34, 50, 55, 56]. In thiswork, we have comparedur sharpfODF to the

Itered sphericaldecowolution (fSD) of Tournieretal [55]. Our simulationscomparedheeffect of
varyingb-value,estimationorder, SNR,separatiorangleandvolumefraction. We have shovedthat
our fODF producesstablepro les thatarevery similar to thoseobtainedfrom fSD. Quantitatvely,
we foundthatthe fODF hasslightly betterangularresolutionof approximatelys while makinga
slightly largerangularerroron thedetectedber directionof approximatelyl.5 .

In our sharpfODF reconstructionye have two mechanismshatlimit the spuriouspeaksand
negative valueseffect problemsobsenedin the decomolution method$. First, we chooseto focus
on low order estimationsof the ODF, i.e. we usea 4th or 6th order estimationof the fODF. We

nd thatthetrade-of betweemoisein the higherorderfrequencieandgainin angularresolution
is not necessaryor our tractographyapplication,especiallyin the caseof probabilistictracking.
Moreover, the bestresultsin our real dataexperimentsare obtainedfor estimationorder™ = 4. It
alsohasthe advantageof a very fastfODF estimation(lessthan20 second®n therealdatasetand
goodcompressiompropertiedecausave only needto storel5 coefcients atevery voxel. Notethat
Tournieret al [55, 56] mostly considerhigh estimationordersof * = 8, 10, 12. Thusthey needto

Iter highorderfrequencie$55 or veryrecentlyusea positivity constrainwith supesresolutionon
thesphericallecomwolution[56] thatalsoimprovestheangularesolution.A secondnechanisnthat
limits the effect of spuriouspeaksin our solutionis the Laplace-Beltramregularizationincludedin
the estimationof the sphericalharmoniccoefcients describingthe HARDI signal[17, 18]. This
regularizationis in a similar spirit asthegradientconstraintregularizationrecentlyproposedn [50].
Note that we have x ed our regularizationparametetto keepa fast solution but we could have
alsousedL-curves[17] or othermethodgo estimatethe optimal regularizationparameteat every
voxel, asin [50]. Overall, we have shavedthatour fODF is robustto spuriouspeaksandnegative
valuesonthe sphereby usingalow approximatiororderandaregularizationparameterlt is partof
currentwork to seehow we cantheoreticallyeliminatenegative valuesandspuriougpeaksappearing
at higherharmonicordersandseeif it is possibleto do sowhile working directly on the harmonic

INotethatwith a very similar derivation, onecanalsousethe Funk-Hecle theoremto solve the sphericaldecowolution
to reconstructhe FOD of Tournieretal. [55] withoutthe needfor rotationalharmonics.
?Dell'Acqua etal [14] usea Richardson-Lug numericalmethodthatforbids negative valueson the sphere.
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coefcients without having to projectonthesphereandwithouttheneedfor iterative algorithmg[ 15,
56].

In this paper we shavedthatit is possibleto resole andimprove ber crossingdetectionon a
real datasetith alow samplingschemeanda low b-value(60 DW imagesandb = 1000s/mn¥).
In theory Q-spacemaging methodsneedthe narrov pulseapproximationandin particular QBI
approximationof the diffusion ODF is bestfor high b-values. Although not shavn here,we are
alsoableto resole ber crossingsfrom datasetsvith 81 DW imagesandb-value of 1000s/mn?
(datapresentedn [17]) aswell asclinical datasetsvith 41 DW imagesandb-valueof 700 s/mn?
from a 1.5 T scannet. Therefore the factthatthe sharp ber ODF estimationis fastandsimple
to implementandthatit canresole ber crossingsn datasetsvith low b-valuesandlow spherical
samplingschemess promisingfor potentialclinical applicationsof QBI.

Our proposedODF is thusa goodfunctionto be usedfor tractographyWe have usedit in both
our deterministicand probabilistictracking extensionsof previous DT-basedmethods.We clearly
shaved that the resultsareimproved over standardDT-basedmethods. In the deterministiccase,
the fODF hasa betterangularresolutionand the maximaof crossingand splitting ber bundles
are detectedmore easily Hence,we shaved that SPLIT-STR canfollow more multiple maxima
andrecover mostof fanningstructuresn the regionsstudied. Although sensitve to initialization,
SPLIT-STRtrackingwasableto recoversimilarbundlesasthefODF-PROBA methodn mostcases.

SPLIT-STRis thusanef cient andeasyway to obtaina goodideaof ber tractsstartingfrom
only a few seeds.The underlyingassumptiorof SPLIT-STRis thatall multiple pealed ber ODF
have anunderlyingbranchingstructure which makesit reasonabléo follow all availablemaximaat
eachstep.Thisis thereasorfor usinga curvaturethresholdof thetractsof 75 insteadof 90 . This
thresholdavoidsfollowing tractsthrough“pure” crossingcon gurationswherewe know thatwe are
thensteppinginto unwanted ber bundles. This raisesquestiondor multidirectionaldeterministic
tractographyShouldthetrackingalgorithmsplit asmuchaspossibleto recoserasmuch ber struc-
ture aspossiblebeforeclusteringandpost-processinthe tractsto separateheminto bundles?Or,
shouldthetrackinghave a built-in schemeo differentiatethe differentsub-wvoxel crossingpossibil-
ities anddecidewhetheror not a tract shouldbe split in the trackingprocess#or instancesplit in
the caseof a branchingoundlebut not split in the caseof a crossingber becausét is assumedhat
it stepsinto a different ber bundle. Informationaboutthe local geometry curvatureandtorsion
of tractscanhelpfor this problem[51] andin [52], preliminaryresultsare obtaineddiscriminating
crossingandbranchingsub-voxel ber con gurations.

To dealwith the uncertaintyin the dODF or fODF maxima,a probabilisticapproachs more
robust. In a probabilisticcase the sharpeningperationhasits greatesimportanceust asit is in
probabilisticDTI tracking[4, 35, 38, 54]. For DTI probabilistictracking,heuristicsharpeningaking
a power of the diffusiontensoris doneto obtaina tensorrepresentinghe ber distribution, which
is crucialto obtaindecentrackingresults? Similarly, in ODF-basegrobabilistictracking,thetrac-
togramsare diffusive andleak into unwantedbundlesif donewithout sharpening.However, this
leakingeffect is not asdominantin probabilisticODF trackingasit is probabilisticDTI tracking.

3Dataset®f the public QBI databasef Pouporetal [47]
4Note thatthis DTI sharpening:analsobe donewith sphericaldecowolution appliedon the sphericalharmonicrepre-
sentatiorof thediffusiontensor 20].
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The min-max normalizationof the sampleddODF valuesto the rangebetween0 and 1 removes
the isotropic partandthe shapeof the dODF is sharpenedHowever, this min-maxnormalization
subtractsa differentvaluefrom eachODF andmightintroduceartifactsto the probabilistictracking
result. The shapeandwidth of thelobesof the min-maxdODF do not correspondo the ber distri-

butionin thevoxel. We believe thatthe sphericadecowolution of the dODFby thediffusionkernel
estimatedlirectly from thediffusionsignalof single ber populationis the naturaltransformatiorof

thedODFto asharpfODF. Thissharpeninglsoremovestheisotropicpartof the ODFandimproves
theangularresolutionof crossingber distributions.

Microscopy of white mattershaws that the nere bers are not completelyparallel within a
bundle. Probabilistictractographyincludesthis incertitude. The reconstructedbers spreadout to
neighboringvoxelswithin theholecrosssectionof a ber bundle. This makesthealgorithmrobustto
theinitialization. Differentstartingpointswithin anareato the samebundleleadto similar tracking
results.Thespreadingf thetractographyo theholebundleenableshe sggmentatiorof theselected

ber bundlein its total extent. Thisis a clearadvantageover deterministidracking.In deterministic
tracking, the sensitvity to initialization hasto be solved with multiple initialization usinga larger
startingregion anda combinationof targetregions.

Theprobabilistictractogramis anintuitive representatioof theresultwhenoverlaidon anatom-
ical slices.Thisvisualizationallowsto look attheexactlocationof the ber bundle.Moreover,a3D
renderingof theiso-surficeof the probabilistictractograngivesanoverview of thelocationandthe
branchingstructureof the ber bundlesstartingfrom theinitial seedpoint. The connectvity index
from thetractogramalsoallows a quantitatve comparisorof the connectvity pro les from different
seedpoints. Thisis atthe heartof the connectvity-basedcortex parcellationof [4]. Thequantitatve
connectvity measurebetweena seedanda targetvoxel or region provided by the tractogramcan
be combinedwith functionalconnectvity to study cortical networks. In counterpartprobabilistic
tractographysuffersfrom connectvity valuesdecreasingvith thedistancerom theinitial seedooint
dueto thefanningof ber bundles.lt is partof currentwork to studythis openproblem.

For all thesereasonsalthoughslower than SPLIT-STR, we nd that fODF-PROBA is more
cornvenientto usefor tractography Overall, the trackingis lesssensitve to initialization andthe
tractogramoutput more informative thanthe 3D curvesoutputby SPLIT-STR. fODF-PROBA is
thusavery goodtool to studyspeci ¢ ber bundlesandcomparethe projectionsfor mary subjects.
In particular for ber tractswhich areknown to intersectwith otherbundleslik e the callosal bers,
DT-basedractographycanonly reconstruct part of the bers or might even nd wrongconnec-
tionsin theintersectionposition. We wereableto shav areasof the CC whereclassicalDT-based
propagationsiswell asSPLIT-STRandfODF-STRwerelimited by theintersectiorwith thecorona
radiataandthe superiorlongitudinalfasciculus. We showv thatwe can nd bers from the lateral
cortex in amajor partof the CC. CurrentDT-basednethodseglectthese bers completely(atleast
in the frontal lobe), which might leadto wrong interpretationf the brain functions. This impor-
tant contribution opensto mary neuroscienc@erspectiesandapplications.It is now importantto
continuethis type of experimentandfocuson complex ber bundlesinvolvedin speci ¢ functional
taskswhereDT]I trackingis in mostcasesery limited.
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A Funk-Hecke Theorem

Letf (t) becontinuouson[ 1;1]andY: arny sphericaharmonicof order™ in C3, the spaceof 3D
comple functions.Then,givena unit vectoru
z Z,
fuTw)Y-(w)dw = ()Y (u); where =2 P-(O)f (t)dt (10)
jwj=1 1

andP- thelLegendrepolynomialof degree’.

B Diffusion ODF Kernel for Sharpening

Assumingthat a Gaussiancan describethe diffusion of water moleculesfor a single ber, asin
DTI, thecorrespondingliffusionsignalthatwould be measuredh directionu is S(u) = e bu Du
Withoutlossof generalitywe assuméhatthe ber is alignedwith the z-axisandit hasapro le with
eigervaluege;; e;; e1] (e1 >> &),

0 1

D= @ e A :
€1
This pro le is estimatedlirectly from the real data,taking 300 voxelswith highestFA valueaswe

arecon dent thatthereis a single ber populationatthoselocations.In thatcasejt is easyto shav
thatthe correspondingliffusionODF, , is givenby

r

1 1
= — - " 11
() Z u'D W’ (11)
whereZ is anormalizationconstan{16, 18, 58]. Now, we have
1 1
u'™D lu= Zsii®P + —cod ; (12)
€2 €
whereu = [x;y;z]" withx = cos sin ;y = sin sin ;z= cos .
1
1 1 ., 1 2 1 .
= — = + = = _ + 2 13
() 7 & sin o cog > cod (e, )+ e (13)
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Lettingt := cos representhe dot productbetweenthe direction of the ber andthe point of
evaluation, ( t) isdenedfort 2 f 1;1g. Thisis thedomainwe needto applythe Funk-Hecle
formulato. We thusde ne thediffusionODF kernelas
1 ! 21
R(t):= (t)= > (;=e¢ Dt>+1 ?; where Z = . (=g 1t?+ 1

1
2

dt:

(14)
Therefore,the Funk-Hecle integral betweendiffusion ODF kerneland sphericalharmonicof
Egs.5and10is
Cj)=2 PL(MORMAE = — Py (1) (e=a 2+ 1
1 1

1
2

dt; (15)

which canbe solved analytically using MAPLE. Dueto the normalizationfactor Z, the diffusion
ODF kernelonly depend®n theratio betweerthe eigervaluese,=¢;.
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