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Abstract. Most of the approachesdedicatedto �ber tracking from diffusion-
weightedMR datarely on a tensormodel.However, the tensormodelcanonly
resolve a single�ber orientationwithin eachimagingvoxel. New emerging ap-
proacheshave beenproposedto obtaina betterrepresentationof the diffusion
processoccurringin �ber crossing.In this paper, we adapta trackingalgorithm
to the q-ball representation,which resultsfrom a sphericalRadontransformof
high angularresolutiondata.This algorithmis basedon a Monte-Carlostrategy,
usingregularizedparticletrajectoriesto samplethewhite mattergeometry. The
methodis validatedusinga phantomof bundlecrossingmadeup of haemodialy-
sis�bers. Themethodis alsoappliedto thedetectionof theauditorytractin three
humansubjects.

1 Intr oduction

Brownian motion of water moleculesin brain white matteris disturbedby the �ber
bundlemicroscopicstructure.Therefore,theanisotropy of themoleculedisplacements
embedsinformationaboutthe �ber bundleorientations.Hence,diffusionMRI, which
probesthesewatermoleculedisplacements,providesa way to detectthemainbundles
andto mapthelargescaleconnectivity of thebrain.

A lot of methodshave beenproposedfor this purpose.Most of themrely on a ten-
sormodelof thewaterdiffusionprocess(Dif fusionTensorImaging,DTI) [1,15]. This
model,however, is too simpleto representthecomplex diffusionprocessoccurringin
voxels�lled by �ber crossing.Moresophisticatedmodelshavebeenrecentlyintroduced
to overcomethesedif�culties [22,8,16]. They usuallyaimat explainingtheMR signal
asa mixtureof tensormodels.They provideconvincingresultsin somecrossingareas,
but lack theversatility requiredto untangleany complex diffusionpattern(fan-shaped
bundle,bending�bers, kissing�bers, etc.).Therefore,anotherstrategy consistsin us-
ing iconic representationsof the diffusion process,namelyan imagefor eachvoxel.
This point of view alleviatesthe risk of misinterpretingthe MR databecauseof the
narrownessof themodel.

DiffusionSpectrumImaging(DSI), which providesfor eachvoxel a 3D imageof
thewaterdisplacementprobabilitydistribution, is themostattractive solution[25,12].
UnfortunatelyDSI is basedonsamplingthe3D Fourierspaceof thewaterdisplacement
distribution,which requireslargepulsed�eld gradientsandtime-intensiveacquisition.



ThereforeDSI cannot be usedin clinical situations.However, it hasbeenshown re-
cently that the orientationdistribution function (ODF) of this probability distribution
canbereconstructedfrom high angularresolutiondiffusionimaging(HARDI) usinga
sphericaltomographicinversioncalledthe Funk-Radontransform,alsoknown asthe
sphericalRadontransform[21]. This techniquecalledq-ball imagingcouldresolve in-
travoxel white matter�ber crossingaswell aswhite matterinsertionsinto cortex [23].

In thispaper, weproposeanew algorithmto infer �ber bundlesfrom q-ball imaging
data.This algorithmcombinesthe ideaof performinga probabilistictractography[4,
3,16] with regularizationof thecurvatureof theparticletrajectoriesusedto samplethe
white matterorganization[17,24,13,5]. Themethodis �rst validatedwith a phantom
of �ber crossingmadeup of haemodialysis�bers. Then, the methodis successfully
appliedto the detectionof the auditory tract in 3 humansubjects.This tract cannot
be detectedwith the standardDTI-basedstreamlinemethod[14,6,2] becauseof its
crossingwith a largeorthogonalbundle.

2 Method

2.1 QBall imaging

TheQBall modelhasbeenintroducedby David Tuchin 2002becauseperformingrou-
tine DSI acquisitionwastoo dif�cult [20]. TheMR diffusionsignalE is relatedto the
diffusion function P by the Fourier relation

�
������� ��������� �

whereq is the diffusion
wave-vector. Theradialprojectionof thediffusionfunctionis calledthediffusionODF
andis de�ned as �
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, whereu is the unit directionvector. Given a
samplingof E onasphere(HARDI), David TuchdemonstratedthatthesphericalRadon
transformorFunk-RadonTransform(FRT) providesagoodapproximationof thisODF.
Let usconsidera functionp(w) on a spherewherew is theunit directionvector:for a
givendirectionof interestu, theFRT is de�ned asthe integral over thecorresponding
equator. -
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David Tuchdemonstratedthat theFRT of E evaluatedat a particularradiusq' can
bewritten in cylindrical coordinatesas:
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where
L

% is the T�U�V orderBesselFunction.If we replacethisBesselfunctionby a delta
function, W
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, thenwe obtaintheradialprojectionODF exactly. Therefore,dueto the
FourierrelationshipbetweenthediffusionMR signalandthediffusionfunction,wecan
exploit this �nding to measurethedisplacementprobabilityin a particulardirectionby
simply summingthe diffusion MR signalalongan equatoraroundthat direction[23,
21]. Q-ball �eld is theresultof this summationcomputedvoxel by voxel.

In the following, q-ball dataarevisualisedaccordingto the following rules.Each
q-ball is representedby a sphericalmesh.Eachnodeof the meshis moved outward
accordingto the water moleculedisplacementprobability. In order to maximizethe



information provided by this deformationprocess,this motion is computedas
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, wherep is thenodeprobabilityandS thesampled
sphereof thecurrentvoxel.To improvevisualisationfurther, eachnodeis givenacolor
relatedto its orientationrelative to the imageaxis: red for x axis,greenfor y axisand
bluefor z axis,interpolatedin between.

2.2 Fiber dir ectionand ODF

Dueto themathematicalapproximationmentionedabove, theq-ball-basedODF does
not matchexactly the actualODF. Moreover, the relationshipbetweenthe diffusion
ODF and the �ber ODF is an openissuegovernedfor instanceby the link between
thephysicsof diffusionandsomebiophysicalpropertiesof thetissuesuchascell mem-
branepermeabilityor freediffusioncoef�cients for thedifferentcellularcompartments.
This issuecorrespondsto a crucial researchprogramfor the communityof diffusion
imaging.This program,however, needstime to deliver someanswers,which should
not stop the developmentof trackingalgorithms.Thesealgorithms,indeed,have the
possibility to usecontextual knowledge,namelytheneighborhoodof a voxel, in order
to tacklelocally the inverseproblem:which geometryof �ber canexplain suchq-ball
data.Therefore,in thefollowing, we assimilatethediffusionODF with the�ber ODF,
but the relationshipcould be re�ned in the future.Onekey issue,for instance,when
dealingwith q-ball imagingwill be theoptimalchoiceof the radius
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of theHARDI
acquisition.Increasing
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, indeed,sharpenstheBesselkernelandincreasestheability
to resolvedistinctdiffusionpeaksbut at thecostof a lowersignalto noiseratio.

2.3 Probabilistic tracking and curvatureregularization

The simplestapproachesfor �ber tracking,which are basedon DTI, are variantsof
the “streamline” method.The eigenvector of the tensorassociatedwith the highest
eigenvalue is supposedto provide the local �ber direction.Then this local direction
is followedstepby stepin orderto build 3D trajectoriessupposedto correspondto the
bundles[14,6,2]. Unfortunately, in caseof partial volume(�ber crossing),the diffu-
sion ellipsoid associatedto the tensormay be a disk or a sphere.In suchcases,the
�rst eigenvectorindicatesaspurious�ber directionleadingto falsefork of thetracking
process.

Variousapproacheshave beenproposedto reducethebadin�uence of ambiguous
tensors.They all involvetheuseof theentiretensorinformation.For instancethetensor
is usedin [26,9] to de�ect theestimated�ber trajectoryleadingto the reconstruction
of “tensorlines”.Anotherapproachconsidersthetensor�eld asaRiemannianmanifold
andthe�bers assomegeodesicsof this manifold [10]. Usinga regularizationpoint of
view leadsto de�ne the�bers asatrade-off betweenhighdiffusionalong�bers andlow
curvatureconstraints[17]. Thetensor�eld canalsofeeda modelof uncertaintyon the
�ber orientationusedto performMonte-Carloestimationsof theconnectivity [4, 3] or
probabilistictracking[5].

All theseapproachesperformbetterthanthesimplestreamlineidea.However, when
gettingcloseto thecortex, they get in touchwith largeareasof crossing�bers where
the reliability of the resultsdrop down. In suchareas,the trackingproblembecomes
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Fig.1. Thenormalizedstandard deviation of theq-ball providesa measure of anisotropy h , that
is usedto weightthein�uenceof theq-ball on theparticle trajectories.

ill-posedbecauseof the poor representationof the diffusion processprovided by the
tensor. Thereis now a consensusthathigherangularresolutiondatalike HARDI is re-
quiredto untanglesuchcrossing.New approachesarethenneededto infer information
onthe�ber orientationfrom suchdata.Themulti-tensorpointof view convertsHARDI
into a short list of �ber directionsfor eachvoxel that canbe usedto develop track-
ing approaches[16]. A weaknessof this strategy stemsfrom the potentialfailuresof
theprocessleadingto this list, eithera standard�tting procedure[22] or moresophis-
ticatedapproachesfrom informationtheory[8]. The q-ball approach,which converts
directly the diffusion datainto a �ber ODF, overcomesthis dif�culty . Therefore,this
datarepresentationseemstheperfectcandidatefor developingMonte-Carloestimation
of white mattergeometry. In the following, we describesuchan approachwherethis
geometryis sampledusingregularizedparticletrajectories.

Like most approaches,our methodrequiresa Region of Interest(ROI) as input.
Eachvoxel of this ROI is spatiallysampledin orderto de�ne the startingpointsof ^

particles.Theseparticlesmove insidea continuousq-ball �eld de�ned by linear inter-
polation.Eachparticle is endowed with an initial speedin the directionof the q-ball
maximum.Then,eachparticle moves with constantspeedaccordingto a simplistic
samplingscheme:let us note
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Thebehaviour of theparticlespeeddirectioncanbeunderstoodfrom asimplemechan-
ical analogy:at eachstepof the trajectorysampling,the new speed
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where
p

is aparameterrangingbetween0 and1 thatwill bedescribedlatter. Theorien-
tation
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of theforceactingontheparticleis chosenrandomlyinsideahalf conede�ned
from theincidentdirection
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. Theprobabilitydistributiondriving this samplingcor-



respondsto the restrictionof the q-ball to this half cone.Therefore,the maximumof
theq-ball insidethehalf conehasthehighestprobability.

Theparameter
p

is thestandarddeviationof theq-ball normalizedby its maximum
in the�eld. Hence,this weightdependson thelocationin theq-ball �eld. In fact

p

is a
measureof anisotropy [7]. For isotropicvoxels,

p

parameteris smallandthealgorithm
favoursincidentorientation;while for anisotropicvoxels,

p

parameteris largeandthe
algorithmfavoursq-ball distribution (seeFig. 1).

Theparticletrajectoryregularizationdependson threeparameters:

1. thehalf-coneangleis usedto discardthediffusionpeaksleadingto high curvature
of thetrajectory. In thefollowing, theconeanglede�ned from theconeaxis is 30
degrees.

2. theq-ball standarddeviation (
p

parameter)tunestheweightof inertia.
3. theconstantsamplingW(l providesanotherlevel of tuning:increasingthetrajectory

samplingdecreasescurvatureregularization.In all the following, W(l is setsuchas
theparticlesdoa 0.5mmmoveat eachiteration.

In this paper, the in�uence of thesead hoc parametersis not explored.The algorithm
proposedin thispaper, indeed,aimsmainly atstudyingtheinnerorganizationof theq-
ball �eld andits links with thebundleorganization.It is tooearlyto addresstheoptimal
tuningof suchparameters.

Theparticlespropagatethroughouta maskcomputedfrom theT2 image.Trajecto-
ries stoponly whenthey leave the mask.After the propagation,a postprocessingcan
beappliedto keeponly thereliablepartof a bundle.After selectionof a setof particle
trajectories,for instanceusingasecondROI, ameteris usedfor eachvoxel accounting
for thenumberof particleswhichgo throughthatvoxel. Then,thetrajectoriescrossing
somevoxelswhosemeteris undera giventhresholdarediscardedasnonsigni�cant.

3 Fiber crossingphantom

Thelackof knowledgeaboutthewhitematterorganizationof thehumanbrainis ahuge
handicapfor thecommunitydeveloping�ber trackingalgorithms.Consideringthecom-
plexity of theMR diffusionsignal,it is ratherdif�cult to validatesuchalgorithmsusing
only simulateddata.Therefore,thedevelopmentof phantomswith known geometryis
in our opinioncrucialfor a betterunderstandingof thealgorithmbehaviours[12].

For this purpose,we have designeda phantomcorrespondingto two intersecting
�ber bundles.It consistsof sheetsof parallelhaemodialysisFibers(Gambro,Poly�ux
210 H) with an inner diameterof 200 micrometersandan outerdiameterof 250 mi-
crometers.Sheetsof two differentorientationsintersectingat 90 degreeswerestacked
on eachotherin an interleaved fashion[12]. Crossingthicknessis above 2cm.Fibers
aresuspendedandhold by two armsasseenin Fig. 2. Fibersarepermeableto water.
They aredivedin purewatermixedwith gadolinium.

We performedMRI acquisitionswith a1.5Teslamagnet(Signa,GeneralElectrics)
with maximalgradientintensityof vKT mT m w

�

. Acquisitionswereperformedwith Spin
echoEPI sequenceand Stejskaland Tannerdiffusion gradient[19]: b value is 700
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Fig.2. I: A phantomof �ber crossing. II: A slice of the512directionsq-ball acquisitionwith a
zoomonthecrossingarea.q-ballsaresuperimposedona T2-weightedMRimagewhoseintensity
is relatedto wateramount.q-ballsandMR datahavebeenslightly rotatedin order to simplify
thereadingof theq-ball 3D color code. Greenandbluerectanglesdenotetheregionsof interest
at the origin of �ber tracking. III: Slicesof thenumberof particlescrossingeach voxelsat the
endof the �ber sampling(left: blue bundle, right: greenbundle). IV: Trajectoriesselectedby
a thresholdon the particle densitymap for each bundle. A T2-weightedslice of the phantom
crossingthebundlesis usedasbackgroundandhidessometrajectories.

s mmw

�

, equivalent to 2000s mmw

�

for diffusion in brain white matter, 512 orien-
tationsof the diffusion gradient(HARDI), Matrix 64 x 64, In-planevoxel resolution
3.75x 3.75mm,Slicethickness2.0mm,TE 66.6ms,TR 3000ms,1 shot,�eld of view



Fig.3. Left : a slice of the normalizedstandard deviation of the q-ball ( h ). Middle : particle
trajectoriesin theinitial q-ball �eld (T2-weightedimage behind).Right: particle trajectoriesin
the�eld where theq-ballsof thecrossingareahavebeenrotatedaroundthez axis(20degrees).

24 cm. Spatialdistortionsof thediffusion-weightedimagesinducedby Eddycurrents
werecorrectedbeforeestimationof theq-ball �eld. This correctionrelieson a sliceby
sliceaf�ne geometricmodelandmaximizationof mutualinformationwith thediffusion
freeT2-weightedimage.

A slice of theq-ball �eld is shown in Fig. 2. Unfortunately, becauseof a dif�cult
positioningof thephantomdueto theshapeof its container, thetwo crossingbundles
arenot parallel to the slice axes.To clarify the visualisationof the q-ball databased
on color encoding,a rotation aroundthe z-axis hasbeenappliedto the databefore
visualization.Thenthe orientationof eachbundlecorrespondsto a purecolor in the
q-ball meshes(greenandred).A zoomon the crossingareahighlightsthe additional
informationprovidedby the q-ball comparedto a tensormodel.The diffusionpeaks,
however, wouldprovidea betterangulardiscriminationwith higherb value(

�

D

).

For eachbundle, the trackingalgorithm is fed with a ROI madeup of 3 voxels,
using3 x 130 particles.The particlespropagatethroughouta maskde�ned from the
T2-weightedimage.This maskcorrespondsto the part of the �eld of view including
thearti�cial �bers. It wasde�ned from ahighthresholdon intensity(thevoxelsinclud-
ing �bers containlesswater, which leadsto lesssignal),followedby a morphological
closingin orderto �ll up spuriousholes.A slice of the two resultingparticledensity
mapsis shown in Fig. 2. A thresholdof 5 particlesis appliedto thesemapsin order
to createa maskusedto selectreliabletrajectories.The remainingtrajectoriesdo not
includeany spuriousfork in thecrossingarea.

A secondexperimentwasperformedto checkthatthesuccessfulresultwasnotonly
dueto the fact that thephantombundleshave a straightgeometry. With sucha geom-
etry, indeed,curvatureregularizationis suf�cient for theparticlesto passthroughthe
crossingareawithout trouble.For this secondexperiment,a 20 degreerotationaround
the z axis wasappliedto the q-ballsof the crossingareacorrespondingto the zoom
of Fig. 2. Thenthe trackingalgorithmwastriggeredwith the samesetof particlesas
for the�rst experimentusing�rst the initial q-ball �eld andsecondthemodi�ed �eld.
However, theparticlescouldpropagatethroughoutthewhole�eld (nomask)andno�l-
teringof thetrajectorieswasappliedusingtheparticledensitymap.Theresultsshown
in Fig. 3 prove thatthecurvatureregularizationdoesnot preventtheparticleto follow
therotated�ber directionindicatedby theq-ballsof thecrossingarea.Thisobservation



meansthattheq-ballsof thecrossingareaareanisotropicenoughto opposetheparticle
inertia.

Fig.4.Streamlinealgorithmwith differentthresholdsontheanglebetweentwoconsecutivesteps.
a) 30degrees,b) 60 degrees,c) 80 degreesd) 90degrees

A last experimentwasperformedto observe the behaviour of the streamlineap-
proachwith thesamedataandthesameROIs. Thealgorithmwasprovidedby brain-
VISA software(http://brainvisa.info).Eachvoxel of theROI wasspatiallysampledin
order to provide several startingpoints. The streamlineswere sampledwith 0.5mm
steps.For eachstep,the tensoris estimatedafter linear interpolationof the512diffu-
sion-weightedimagesandthestreamlinefollows thedirectionof themaineigenvector.
Streamlinesarestoppedby a thresholdon the anglebetweentwo consecutive direc-
tions, namelya thresholdon the streamlinecurvature.We performedthe experiment
with four differentthresholds(30deg, 60deg, 80deg, 90deg). Theresultsareshown in
Fig. 4. With a 30deg threshold,thestreamlinescannot passthroughthecrossingarea.
Increasingthethresholdallows thestreamlinesto go further, but theresultis uncertain.
Whenthestreamlinesremainsinsidethecorrectbundle,they includequestionablehigh
curvatureparts.All thesedif�culties stemfrom thefactthatthedirectionsof thetensor
maineigenvectorsin thecrossingareaarenotpredictable.

4 Human brain

Oneof thebundlesoftenusedto illustratethebehaviourof trackingmethodsis theoptic
tract, which conveys information from the thalamusto the visual cortex in occipital
lobe [6]. The optic tract is interestingfor validationbecauseit is oneof the few well
known bundlesof brain architecture.A few otherprimary bundleslike the pyramidal
tract are usedfor the samepurpose.Surprisingly, the auditory tract, which conveys
informationfrom thethalamusto theauditorycortex in temporallobe,is usuallyabsent
from trackingreports.This bundleseemsto belost in a largecrossingwith orthogonal
�bers. To studythepotentialof theapproachdescribedin thispaper, thelastexperiment
aimsatdetectingthis primarytract.

Theacquisitionsusedfor this lastexperimentwerenot initially dedicatedto q-ball
methodology.Therefore,theangularresolutionis low andtheb-valueis toosmallto get
accurateinformationon the crossinggeometry. Nevertheless,theq-ball approachcan
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Fig.5. I: Thetwo regionsof interest(ROIs) usedto de�ne auditory tract are the thalamus(red)
and Heschl gyrus(green),a goodlandmarkof primary auditory area.Theyellowobjectis the
grey matterof thelateral �ssure surroundingHeschl gyrus.Thebluebundle, supposedto corre-
spondto auditory tract, hasbeeninferred from q-ball data. II: Intersectionof the ROIs and of
the tracked bundlewith a slice of the anisotropy map(the parameter h mentionedin the text)
computedinsidethemaskusedfor tracking. III: Theq-ballsof thevoxelscrossedby at leastone
particletrajectorylinking thetwoROIs.IV: therepresentationof theauditorytractobtainedafter
thresholdingtheparticledensitymapfor thesubjectusedaboveandfor two othersubjects.



beusedto analyzesuchdata,which hasbeendonefor 3 differentsubjects.Theacqui-
sition parametersarethefollowing: 41 diffusiongradientdirections(HARDI), b value
is 700s mmw

�

, Matrix 128x 128,In-planevoxel resolution1.875x 1.875mm, Slice
thickness2.0mm,TE 66.6ms,TR 2000ms,singleshot,FOV 24 cm.After correction
of thespatialdistortionsinducedby Eddycurrents,theq-ball �eld wasestimatedusing
a tessellationof thespheremadeupof 240nodes.To improvefurther3D visualization,
a homotheticfactorwasappliedto the q-ball meshes.This factorcorrespondsto the
normalizedstandarddeviation of the q-ball (

p

). Hence,anisotropicq-ballsare larger
thanisotropicones.

A white mattermaskwasusedto preventtheparticlesto go throughcorticalfolds.
Theprocessleadingto this maskis the following. A low thresholdwasappliedto the
normalizedstandarddeviation of the q-ball in orderto get a �rst maskof anisotropic
areas.Thismaskwasusedtocomputethehistogramof intensitiesof anisotropicareasin
theT2-weightedimage.A simplehistogramanalysisprovidestwo thresholdsallowing
thede�nition of thewhite mattermask.

A good landmarkof the primary auditorycortex is calledHeschlgyrus,a small
gyrus hiddenin the temporalpart of the lateral �ssure [18,11]. This gyrus and the
thalamushavebeendrawn manuallyin theT2-weightedimages(seeFig.5).Eachvoxel
of Heschlgyrushasbeenspatiallysampledwith 20particlesleadingto atotalof 20000
startingpoints(1000voxels in the ROI). After the tracking,the trajectoriesreaching
the thalamusROI areselected�rst. Then,thesetrajectoriesaresplit in order to keep
only thepart linking thetwo ROIs.A 3D view of theq-ballscrossedby theremaining
trajectoriesis proposedin Fig. 5. While theauditorybundleorientationis clearcloseto
Heshlgyrusfrom theq-ball shapes,theq-ballsof thecrossingareadepictmainly the
orthogonalbundlethatdisturbthestreamlineapproach.A thresholdof 3 particlesin the
densitymapwasusedto selectfurtherreliabletrajectories,which de�ned a reasonable
putativeauditorybundlefor thethreesubjects(seeFig. 5).

Fig.6. Left: theentire setof particle trajectoriesright: theequivalentsetof streamlines.

Weperformedanadditionalexperimentto comparegloballytheparticletrajectories
with streamlinescomputedfor thesamedataandwith thesamestartingpoints,usinga
80degreesthresholdonangles.Theresultsareshown in Fig. 6. Thestreamlinesareall
attractedby theorthogonalbundle.



5 Conclusion

In this paper, wehaveexploredthenew possibilitiesprovidedby q-ball representations
for untangling�ber crossingduring tracking.We have shown with thephantomstudy
thattheadditionalinformationonthe�ber ODFprovidedby theq-ball increaseslargely
thepotentialof trackingalgorithms.In this paper, we advocatetheuseof probabilistic
trackingapproaches,which canembeduncertaintyaboutthe �ber ODF. Thepotential
of this kind of approacheshadalreadybeenshown in previouswork usingtensor[4, 3,
5] andmulti-tensormodels[16]. Here,wehaveshown thattheprobabilisticframework
�ts perfectlytheinformationprovidedby theq-ball, evenif somemorework hasto be
donein order to convert q-ball datainto a morereliable �ber ODF. For instance,the
proportionsof the different �ber orientationsincludedin a voxel in�uence the q-ball
in a way that shouldbe correctedin the �ber ODF. This could largely biasthe algo-
rithm describedin this paper. This algorithmwaskept deliberatelysimpleto prevent
theneedfor sophisticatedtheoreticaldevelopmentthatwould bemeaninglessbecause
of our lack of understandingof the link betweenthe two ODFs.The developmentof
new phantomscouldbeof greathelp to improve this understanding.Someof thekey
parameterswhosein�uence onq-ball shouldbestudiedaretheproportionsof thebun-
dles,theanglebetweenthebundlesandthebendingof thebundles.

While theexperimentswith thehumanbraindatamaybediscussed,becausetheac-
quireddataarefar to optimizetheq-ball representation,they show thatgatheringsome
of themostadvancedideasof thediffusioncommunity(q-ball, probabilistictracking,
curvatureregularization)allows thetrackingto getcloserto thefew apriori anatomical
knowledgeaboutthebrainconnectivity. Thenext stagewill imply to usehigherangular
resolutiondataandhigherb-value,in orderto addressthetrackingof longerbundles.
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