Fiber tracking in g-ball elds
usingregularized particle trajectories
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Abstract. Most of the approachesledicatedto ber tracking from diffusion-

weightedMR datarely on a tensormodel.However, the tensormodelcanonly

resole a single ber orientationwithin eachimagingvoxel. New emepging ap-

proacheshave beenproposedio obtain a betterrepresentatiomf the diffusion

processoccurringin ber crossing.n this paper we adapta trackingalgorithm
to the g-ball representationyhich resultsfrom a sphericalRadontransformof

high angularresolutiondata.This algorithmis basedon a Monte-Carlostrateyy,

usingregularizedparticletrajectorieso samplethe white mattergeometry The
methodis validatedusinga phantomof bundlecrossingnadeup of haemodialy-
sis bers. Themethodis alsoappliedto thedetectiorof theauditorytractin three
humansubjects.

1 Intr oduction

Brownian motion of water moleculesin brain white matteris disturbedby the ber
bundlemicroscopicstructure Thereforethe anisotrogy of the moleculedisplacements
embedsnformationaboutthe ber bundleorientationsHence diffusion MRI, which
probesthesewatermoleculedisplacementgrovidesa way to detectthe mainbundles
andto mapthelargescaleconnectvity of thebrain.

A lot of methodshave beenproposedor this purposeMost of themrely onaten-
sormodelof thewaterdiffusion procesgDiffusion Tensorimaging,DTI) [1, 15]. This
model,however, is too simpleto representhe complex diffusion processoccurringin
voxels lled by ber crossingMore sophisticatednodelshave beerrecentlyintroduced
to overcomethesedif culties [22,8,16]. They usuallyaim atexplainingthe MR signal
asa mixture of tensormodels.They provide corvincing resultsin somecrossingareas,
but lack the versatility requiredto untangleary comple diffusion pattern(fan-shaped
bundle,bending bers, kissing bers, etc.). Therefore anotherstrateyy consistsn us-
ing iconic representationsf the diffusion processnamelyan imagefor eachvoxel.
This point of view alleviatesthe risk of misinterpretingthe MR databecauseof the
narrovnessof themodel.

Diffusion Spectrumimaging (DSI), which providesfor eachvoxel a 3D imageof
thewaterdisplacemenprobability distribution, is the mostattractive solution[25, 12].
UnfortunatelyDSl is basedn samplingthe 3D Fourierspaceof thewaterdisplacement
distribution, which requiredarge pulsed eld gradientsandtime-intensve acquisition.



ThereforeDSI cannot be usedin clinical situations.However, it hasbeenshown re-
cently that the orientationdistribution function (ODF) of this probability distribution
canbereconstructedrom high angularresolutiondiffusionimaging(HARDI) usinga
sphericaltomographidnversioncalled the Funk-Radortransform,alsoknown asthe
sphericaRadontransform[21]. Thistechniquecalledg-ballimagingcouldresole in-
travoxel white matter ber crossingaswell aswhite matterinsertionsinto cortex [23].

In this paperwe proposeanew algorithmto infer ber bundlesfrom g-ballimaging
data.This algorithmcombinesthe ideaof performinga probabilistictractographyf4,
3,16] with regularizationof the curvatureof the particletrajectoriesusedto samplethe
white matterorganization[17,24,13,5]. The methodis rst validatedwith a phantom
of ber crossingmadeup of haemodialysisbers. Then,the methodis successfully
appliedto the detectionof the auditorytractin 3 humansubjects.This tract cannot
be detectedwith the standardDTI-basedstreamlinemethod[14,6,2] becauseof its
crossingwith alarge orthogonabundle.

2 Method

2.1 QBall imaging

The QBall modelhasbeenintroducedby David Tuchin 2002becausg@erformingrou-
tine DSI acquisitionwastoo dif cult [20]. The MR diffusionsignalE is relatedto the
diffusion function P by the Fourier relation whereq is the diffusion
wave-vector Theradial projectionof thediffusionfunctionis calledthe diffusionODF
andis de ned as , Whereu is the unit directionvector Givena
samplingof E onasphergHARDI), David TuchdemonstratethatthesphericaRadon
transformor Funk-Radorransform(FRT) providesagoodapproximatiorof thisODFE
Let us considera function p(w) on a spherewherew is the unit directionvector:for a
givendirectionof interestu, the FRT is de ned astheintegral over the corresponding
equator

(1)

David Tuchdemonstratethatthe FRT of E evaluatedat a particularradiusq' can
bewrittenin cylindrical coordinatess:

(2)

where isthe orderBesseFunction.If we replacethis Besselfunctionby adelta
function, , thenwe obtaintheradial projectionODF exactly. Thereforedueto the
FourierrelationshippetweerthediffusionMR signalandthediffusionfunction,we can
exploit this nding to measurghe displacemenprobabilityin a particulardirectionby
simply summingthe diffusion MR signalalongan equatoraroundthat direction [23,
21]. Q-ball eld is theresultof this summatiorcomputedvoxel by voxel.

In the following, g-ball dataare visualisedaccordingto the following rules.Each
g-ball is representedby a sphericalmesh.Eachnodeof the meshis moved outward
accordingto the water moleculedisplacemenprobability. In orderto maximizethe



information provided by this deformationprocessthis motion is computedas

, wherep is the nodeprobabilityandS the sampled
sphereof the currentvoxel. To improve visualisatiorfurther, eachnodeis givenacolor
relatedto its orientationrelative to the imageaxis: redfor x axis, greenfor y axisand
bluefor z axis,interpolatedn between.

2.2 Fiber directionand ODF

Due to the mathematicalpproximationmentionedabove, the g-ball-basedODF does
not match exactly the actual ODF. Moreover, the relationshipbetweenthe diffusion
ODF andthe ber ODF is anopenissuegovernedfor instanceby the link between
thephysicsof diffusionandsomebiophysicalpropertieof thetissuesuchascell mem-
branepermeabilityor freediffusioncoefcients for thedifferentcellularcompartments.
This issuecorrespondso a crucial researctprogramfor the communityof diffusion
imaging. This program,however, needstime to deliver someanswerswhich should
not stop the developmentof tracking algorithms.Thesealgorithms,indeed,have the
possibility to usecontectual knowledge,namelythe neighborhoodf a voxel, in order
to tacklelocally the inverseproblem:which geometryof ber canexplain suchg-ball
data.Thereforejn thefollowing, we assimilatethe diffusion ODF with the ber ODR,
but the relationshipcould be re ned in the future. Onekey issue,for instancewhen
dealingwith g-ballimagingwill bethe optimalchoiceof theradius of the HARDI
acquisition.Increasing , indeed,sharpenshe Besselkernelandincreaseshe ability
to resolhe distinctdiffusionpeaksbut at the costof alower signalto noiseratio.

2.3 Probabilistic tracking and curvatureregularization

The simplestapproachegor ber tracking, which are basedon DTI, are variantsof
the “streamline” method. The eigervector of the tensorassociatedvith the highest
eigervalueis supposedo provide the local ber direction. Thenthis local direction
is followed stepby stepin orderto build 3D trajectoriessupposedo correspondo the
bundles[14,6,2]. Unfortunately in caseof partial volume ( ber crossing),the diffu-
sion ellipsoid associatedo the tensormay be a disk or a sphere.In suchcasesthe
rst eigervectorindicatesaspuriousber directionleadingto falsefork of thetracking
process.

Variousapproachesiave beenproposedo reducethe badin uence of ambiguous
tensorsThey all involvethe useof theentiretensorinformation.For instancethetensor
is usedin [26,9] to de ect the estimatedber trajectoryleadingto the reconstruction
of “tensorlines”.Anotherapproacttonsiderghetensor eld asaRiemanniammanifold
andthe bers assomegeodesic®f this manifold[10]. Using a regularizationpoint of
view leadsto de ne the bers asatrade-of betweerhighdiffusionalong bers andlow
curvatureconstraintg§17]. Thetensor eld canalsofeeda modelof uncertaintyon the

ber orientationusedto performMonte-Carloestimationsf the connectvity [4, 3] or
probabilistictracking[5].

All theseapproacheperformbetterthanthesimplestreamlinadea.However, when
gettingcloseto the cortex, they getin touchwith large areasof crossing bers where
the reliability of the resultsdrop down. In suchareasthe tracking problembecomes
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Fig. 1. Thenormalizedstandad deviation of the g-ball providesa measue of anisotiopy , that
is usedto weightthein uence of the g-ball on the particle trajectories.

ill-posed becauseof the poor representatiotf the diffusion processprovided by the
tensor Thereis now a consensughathigherangularresolutiondatalike HARDI is re-
quiredto untanglesuchcrossingNew approachearethenneededo infer information
onthe ber orientationfrom suchdata.Themulti-tensorpoint of view convertsHARDI

into a shortlist of ber directionsfor eachvoxel that canbe usedto develop track-
ing approache$l16]. A weaknes®f this stratgy stemsfrom the potentialfailuresof

the procesdeadingto this list, eithera standardtting procedurg22] or moresophis-
ticatedapproache$rom informationtheory[8]. The g-ball approachwhich corverts
directly the diffusion datainto a ber ODF, overcomesghis dif culty . Therefore this
datarepresentatioseemgheperfectcandidatdor developingMonte-Carloestimation
of white mattergeometryIn the following, we describesuchan approachwherethis
geometnyis sampledusingregularizedparticletrajectories.

Like mostapproachespur methodrequiresa Region of Interest(ROI) asinput.
Eachvoxel of this ROI is spatiallysampledin orderto de ne the startingpoints of
particles.Theseparticlesmove insidea continuousgy-ball eld de ned by linearinter
polation. Eachparticleis endaved with aninitial speedn the directionof the g-ball
maximum. Then, eachparticle moves with constantspeedaccordingto a simplistic
samplingschemeiet us note the location of the particleat time , and the
directionof the particlespeedattime :

3
Thebehaiour of the particlespeedlirectioncanbeunderstoodrom asimplemechan-
ical analogy:at eachstepof the trajectorysampling,the new speed results

from atrade-of betweerinertia( ) andaforcestemmingrom thelocal g-ball( ):

(4)

where is aparameterangingbetweer0 andl thatwill bedescribedatter Theorien-
tation of theforceactingontheparticleis choserrandomlyinsideahalf conede ned

from theincidentdirection . Theprobability distribution driving this samplingcor-



respondgo the restrictionof the g-ball to this half cone.Therefore the maximumof
theg-ballinsidethe half conehasthe highestprobability.

Theparameter is the standardleviation of the g-ball normalizedby its maximum
in the eld. Hence thisweightdepend®nthelocationin theg-ball eld. Infact isa
measuref anisotroy [7]. For isotropicvoxels, parameteis smallandthealgorithm
favoursincidentorientation;while for anisotropicvoxels, parameteis large andthe
algorithmfavoursg-ball distribution (seeFig. 1).

Theparticletrajectoryregularizationdepend®n threeparameters:

1. the half-coneangleis usedto discardthe diffusion peakdeadingto high curvature
of thetrajectory In the following, the coneanglede ned from the coneaxisis 30
degrees.

2. theg-ball standardieviation (  parameterjunestheweightof inertia.

3. theconstansampling providesanotheilevel of tuning:increasinghetrajectory
samplingdecreasesurvatureregularization.In all the following, is setsuchas
theparticlesdo a 0.5 mmmove at eachiteration.

In this paperthein uence of thesead hoc parameterss not explored. The algorithm
proposedn this paperindeed,aimsmainly at studyingtheinnerorganizatiorof theg-
ball eld andits links with thebundleorganizationlt is too earlyto addressheoptimal
tuningof suchparameters.

Theparticlespropagatehroughouta maskcomputedrom the T2 image.Trajecto-
ries stoponly whenthey leave the mask.After the propagationa postprocessingan
be appliedto keeponly thereliablepartof a bundle.After selectionof a setof particle
trajectoriesfor instanceusinga secondROl, a meteris usedfor eachvoxel accounting
for thenumberof particleswhich go throughthatvoxel. Then,thetrajectoriescrossing
somevoxelswhosemeteris undera giventhresholdarediscardedasnonsigni cant.

3 Fiber crossingphantom

Thelack of knowledgeaboutthewhite matterorganizatiorof thehumanbrainis ahuge
handicagor thecommunitydeveloping ber trackingalgorithms Consideringhecom-
plexity of theMR diffusionsignal,it is ratherdif cult to validatesuchalgorithmsusing
only simulateddata.Therefore the developmentof phantomswith known geometryis
in our opinioncrucialfor a betterunderstandingf thealgorithmbehaiours[12].

For this purposewe have designeda phantomcorrespondingo two intersecting
ber bundles.It consistsof sheetof parallelhaemodialysis-ibers(Gambro,Poly ux
210H) with aninner diameterof 200 micrometersand an outerdiameterof 250 mi-
crometersSheetf two differentorientationsntersectingat 90 degreeswerestacled
on eachotherin aninterleared fashion[12]. Crossingthicknessis above 2cm. Fibers
aresuspende@ndhold by two armsasseenin Fig. 2. Fibersare permeabldo water
They aredivedin purewatermixedwith gadolinium.

We performedVIRI acquisitionswith a 1.5 Teslamagnet(Signa,GeneraElectrics)
with maximalgradientintensityof mTm . Acquisitionswereperformedwith Spin
echo EPI sequenceand Stejskaland Tannerdiffusion gradient[19]: b valueis 700
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Fig. 2. 1: A phantomof ber crossing Il: A slice of the 512 directionsg-ball acquisitionwith a
zoomonthecrossingarea.g-ballsare superimposedna T2-weightedMR image whoseantensity
is relatedto wateramount.g-balls and MR data havebeenslightly rotatedin order to simplify
thereadingof theg-ball 3D color code Greenandbluerectangleslenotethe regionsof interest
at the origin of ber tradking. llI: Slicesof the numberof particlescrossingeat voxelsat the
end of the ber sampling(left: blue bundle right: greenbundle).IV: Trajectoriesselectedby
a thresholdon the particle densitymap for ead bundle A T2-weightedslice of the phantom
crossingthe bundlesis usedasbadgroundand hidessometrajectories.

smm , equialentto 2000s mm  for diffusion in brain white matter 512 orien-
tationsof the diffusion gradient(HARDI), Matrix 64 x 64, In-planevoxel resolution
3.75x 3.75mm, Slicethicknes2.0mm, TE 66.6ms, TR 3000ms, 1 shot, eld of view



Fig. 3. Left: a slice of the normalizedstandad deviation of the g-ball ( ). Middle: particle
trajectoriesin theinitial g-ball eld (T2-weightedmage behind).Right: particle trajectoriesin
the eld whele the g-ballsof the crossingareahavebeenrotatedaroundthe z axis (20 degrees).

24 cm. Spatialdistortionsof the diffusion-weightedmagesinducedby Eddy currents
werecorrectedbeforeestimationof theg-ball eld. This correctionrelieson asliceby

sliceaf ne geometrianodelandmaximizationof mutualinformationwith thediffusion

free T2-weightedmage.

A slice of theg-ball eld is shavn in Fig. 2. Unfortunately becauseof a dif cult
positioningof the phantomdueto the shapeof its containeythetwo crossingbundles
are not parallelto the slice axes. To clarify the visualisationof the g-ball databased
on color encoding,a rotation aroundthe z-axis hasbeenappliedto the databefore
visualization.Thenthe orientationof eachbundle correspondso a purecolor in the
g-ball mesheqgreenandred). A zoomon the crossingareahighlightsthe additional
information provided by the g-ball comparedo a tensormodel. The diffusion peaks,
however, would provide a betterangulardiscriminationwith higherb value( ).

For eachbundle, the trackingalgorithmis fed with a ROl madeup of 3 voxels,
using 3 x 130 particles.The particlespropagatehroughouta maskde ned from the
T2-weightedimage.This maskcorrespondso the part of the eld of view including
thearti cial bers. It wasde ned from ahighthresholdonintensity(thevoxelsinclud-
ing bers containlesswater which leadsto lesssignal),followed by a morphological
closingin orderto Il up spuriousholes.A slice of the two resultingparticle density
mapsis shovn in Fig. 2. A thresholdof 5 particlesis appliedto thesemapsin order
to createa maskusedto selectreliabletrajectories.The remainingtrajectoriesdo not
includeary spuriousfork in thecrossingarea.

A secondxperimentwasperformedo checkthatthesuccessfutesultwasnotonly
dueto the factthatthe phantombundleshave a straightgeometry With sucha geom-
etry, indeed,curvatureregularizationis sufcient for the particlesto passthroughthe
crossingareawithout trouble.For this secondexperiment,a 20 degreerotationaround
the z axis was appliedto the g-balls of the crossingareacorrespondingo the zoom
of Fig. 2. Thenthe trackingalgorithmwastriggeredwith the samesetof particlesas
for the rst experimentusing rst theinitial g-ball eld andsecondhe modi ed eld.
However, theparticlescouldpropagatehroughouthewhole eld (nomask)andno I-
tering of thetrajectoriesvasappliedusingthe particledensitymap.Theresultsshovn
in Fig. 3 prove thatthe curvatureregularizationdoesnot preventthe particleto follow
therotated ber directionindicatedby the g-ballsof the crossingarea.This obsenation



meanghattheg-ballsof thecrossingareaareanisotropicenougtto opposeheparticle
inertia.

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

A last experimentwas performedto obsene the behaiour of the streamlineap-
proachwith the samedataandthe sameROls. The algorithmwas provided by brain-
VISA software (http://brairvisa.info). Eachvoxel of the ROl wasspatiallysampledn
orderto provide several starting points. The streamlinesvere sampledwith 0.5mm
steps.For eachstep,thetensoris estimatedafter linear interpolationof the 512 diffu-
sion-weightedmagesandthe streamlindollows the directionof the main eigervector
Streamlinesare stoppedby a thresholdon the angle betweentwo consecutie direc-
tions, namelya thresholdon the streamlinecurvature.We performedthe experiment
with four differentthresholdg30dey, 60dey, 80deay, 90day). The resultsareshavn in
Fig. 4. With a 30dey threshold the streamlinesannot passthroughthe crossingarea.
Increasinghethresholdallows the streamlinego go further, but theresultis uncertain.
Whenthestreamlinesemainsnsidethe correctbundle,they includequestionabldigh
curvatureparts.All thesedif culties stemfrom thefactthatthe directionsof thetensor
maineigervectorsin thecrossingareaarenot predictable.

4 Human brain

Oneof thebundlesoftenusedto illustratethebehaiour of trackingmethodss theoptic
tract, which corveys information from the thalamusto the visual cortex in occipital
lobe [6]. The optic tractis interestingfor validationbecauset is oneof the few well
known bundlesof brain architecture A few other primary bundleslik e the pyramidal
tract are usedfor the samepurpose.Surprisingly the auditory tract, which corveys
informationfrom thethalamugo the auditorycortex in temporallobe, is usuallyabsent
from trackingreports.This bundleseemsgo belostin alarge crossingwith orthogonal
bers. To studythepotentialof theapproachdescribedn this paperthelastexperiment
aimsatdetectinghis primarytract.

Theacquisitionausedfor this lastexperimentwerenotinitially dedicatedo g-ball
methodologyThereforetheangularesolutionis low andtheb-valueis too smallto get
accuraténformationon the crossinggeometry Neverthelessthe g-ball approachcan
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Fig.5. I: Thetwo regionsof interest(ROIs) usedto de ne auditorytract are the thalamus(red)
and Hesdl gyrus(green),a goodlandmarkof primary auditory area. Theyellow objectis the
grey matterof thelateral ssure surroundingHesal gyrus.Theblue bundle supposedo corre-
spondto auditory tract, hasbeeninferred from g-ball data. II: Intersectionof the ROIs and of
the tracked bundle with a slice of the anisotopy map (the parameter mentionedn the text)
computednsidethe maskusedfor tracking. Ill: Theg-balls of thevoxelscrossedoy at leastone
particletrajectorylinking thetwo ROls. 1V: therepresentatiorof theauditorytract obtainedafter
thresholdingthe particle densitymapfor the subjectusedabove andfor two othersubjects.



beusedto analyzesuchdata,which hasbeendonefor 3 differentsubjectsThe acqui-
sition parametersirethefollowing: 41 diffusiongradientdirections(HARDI), b value
is 700smm , Matrix 128 x 128, In-planevoxel resolution1.875x 1.875mm, Slice
thicknes2.0mm, TE 66.6ms, TR 2000ms, singleshot,FOV 24 cm. After correction
of thespatialdistortionsinducedby Eddycurrentstheqg-ball eld wasestimatedising
atessellatiorof the spheremadeup of 240nodes.To improve further3D visualization,
a homotheticfactorwas appliedto the g-ball meshesThis factor correspondgo the
normalizedstandarddeviation of the g-ball ( ). Hence,anisotropicg-ballsare larger
thanisotropicones.

A white mattermaskwasusedto preventthe particlesto go throughcorticalfolds.
The procesdeadingto this maskis the following. A low thresholdwasappliedto the
normalizedstandarddeviation of the g-ball in orderto geta rst maskof anisotropic
areasThismaskwasusedo computehehistogranof intensitiesof anisotropiareasn
the T2-weightedmage.A simplehistogramanalysisprovidestwo thresholdsallowing
thede nition of thewhite mattermask.

A goodlandmarkof the primary auditory cortex is called Heschlgyrus,a small
gyrus hiddenin the temporalpart of the lateral ssure [18,11]. This gyrus and the
thalamushave beendravn manuallyin the T2-weightedmageqseeFig. 5). Eachvoxel
of Heschlgyrushasbheenspatiallysampledwith 20 particlesleadingto atotal of 20000
startingpoints (1000voxels in the ROI). After the tracking, the trajectoriesreaching
the thalamusROI areselectedrst. Then,thesetrajectoriesare split in orderto keep
only the partlinking thetwo ROIs. A 3D view of the g-ballscrossedyy the remaining
trajectorieds proposedn Fig. 5. While theauditorybundleorientationis clearcloseto
Heshlgyrusfrom the g-ball shapesthe g-ballsof the crossingareadepictmainly the
orthogonabundlethatdisturbthestreamlineapproachA thresholdof 3 particlesin the
densitymapwasusedto selectfurtherreliabletrajectorieswhich de ned areasonable
putative auditorybundlefor the threesubjectyseeFig. 5).

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

We performedanadditionalexperimento compareglobally the particletrajectories
with streamlinecomputedor the samedataandwith the samestartingpoints,usinga
80 dggreeshresholdon anglesTheresultsareshovn in Fig. 6. The streamlinesreall
attractedoy the orthogonabundle.



5 Conclusion

In this paperwe have exploredthe new possibilitiesprovidedby g-ball representations
for untangling ber crossingduringtracking.We have shavn with the phantomstudy
thattheadditionalinformationonthe ber ODF providedby theg-ballincrease$argely
the potentialof trackingalgorithms.In this paper we advocatethe useof probabilistic
trackingapproachesyhich canembeduncertaintyaboutthe ber ODFE The potential
of thiskind of approachebadalreadybeenshawn in previouswork usingtensor{4, 3,
5] andmulti-tensomodels[16]. Here,we have shavn thatthe probabilisticframewnork
ts perfectlytheinformationprovidedby the g-ball, evenif somemorework hasto be
donein orderto corvert g-ball datainto a morereliable ber ODFE For instancethe
proportionsof the different ber orientationsincludedin a voxel in uence the g-ball
in a way that shouldbe correctedin the ber ODF This could largely biasthe algo-
rithm describedn this paper This algorithmwaskept deliberatelysimpleto prevent
the needfor sophisticatedheoreticaldevelopmentthatwould be meaninglesbecause
of our lack of understandingf the link betweenthe two ODFs. The developmentof
new phantomscould be of greathelpto improve this understandingSomeof the key
parametersvhosein uence on g-ball shouldbe studiedarethe proportionsof the bun-
dles,the anglebetweerthe bundlesandthe bendingof the bundles.

While theexperimentswith thehumanbraindatamaybediscussedyecaus¢heac-
quireddataarefarto optimizethe g-ball representatiorthey shav thatgatheringsome
of the mostadwancedideasof the diffusion community(g-ball, probabilistictracking,
curvatureregularization)allows thetrackingto getcloserto thefew a priori anatomical
knowledgeaboutthebrainconnectity. Thenext stagewill imply to usehigherangular
resolutiondataandhigherb-value,in orderto addresshetrackingof longerbundles.
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