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ABSTRACT

Estimatingwhite matter�ber pathwaysfrom a diffusionten-
sor MRI datasethasmany importantapplicationsin medi-
cal research.However, thestandardapproachof performing
trackingon single-tensorestimatesper voxel is confounded
by regionsof multiplepathwaysin differentdirections.Build-
ingonpreviouswork for estimatingmultipletensorsfromMR
valuepartitioning,wepresentherea two-tensor�ber tractog-
raphy methodthat estimatestwo tensorsfrom the acquired
MR values, interpolatedat eachstepof the path, and fol-
lows the tensormostalignedwith thecurrentdirection. The
methodis veri�ed on a syntheticdatasetandappliedto two
locationsof �ber crossingin anin vivo diffusionMRI.

Index Terms— Diffusiontensors,�ber tractography,
multiple-tensorestimation,�ber crossing

1. INTRODUCTION

Two of themajorapplicationsof DiffusionTensorMagnetic
ResonanceImaging(DTI) in thecentralnervoussystemarein
�ber tractography andquantitative white matteranalysis.In
white mattertractography, theshapeof theanisotropicdiffu-
siontensoris usedto delineate�ber tractdirection,andtrace
brain connections.The DTI techniquehasraisedhopesin
theneurosciencecommunityfor abetterunderstandingof the
�ber tractanatomyof thehumanbrain.

Uponinspectionof histology, however, muchof thewhite
matterin primatesiscomposedof multipleinterdigitating�ber
bundles. DTI �ts the averagediffusion in the voxel but on
thespatialscaleof MRI, many voxelswill containmorethan
onemain�ber direction.Fitting diffusiondatafrom heteroge-
neouswhitemattervoxelsto asingletensorcanleadto errors
in boththeassessmentof whitemattertractdisruptionandthe
computedtractdirection.

Oneapproachto resolvingcrossingtractsis to �t two ten-
sorsto thediffusiondata.Tuchet al. [1] wasable,with some
constraints,to solve for two diffusion tensorsin an multi-
tensorextensionof the Stejskal-Tannerequations(presented
in equation(2)) by applyinga conjugategradientalgorithm
to high-angularresolutionacquisitions(HARDI). Thismodel
is alsoexaminedin [2, 3] to analyzepartialvolumingeffects.
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Peledet al. [4] solves the sameset of equationsmore ef�-
cientlyby examiningthedisc-shapeof asingle-tensor�t. Us-
ing the planeof this disc aswell asan assumptionof cylin-
drically symmetricdiffusion,thenumberof unknownscanbe
greatly reducedandthe equationssolved usinga non-linear
least-squaresminimizationalgorithm. In Refs. [5, 6] diffu-
sionspectrumandq-ball imagingis examined.Thisapproach
canbeconsideredmodelfreein thesensethatthe3D Fourier
transformof thesamplesareestimateddirectly on thesphere
yielding a orientationdistribution function(ODF) describing
thediffusion.

Variousmethodshave beenproposedto useDTI datato
visualizetheanatomyof �ber pathwaysandderiveconnectiv-
ity betweendifferentpartsof thebrain in vivo [7]. A simple
andeffectivemethodfor trackingnerve �bers usingDTI is to
follow thedirectionof themaximumdiffusionin eachvoxel,
equivalentto thedirectionof themaineigenvectorin eachten-
sor. This methodis usuallyreferredto astrackingusingthe
PrincipalDiffusionDirection(PDD).

AlternativestoPDDtrackingmethodshavebeenexplored.
Amongthemare“front propagation”methods(alsocommonly
referredto as“f astmarching”techniques)whicharedesigned
to belesssensitive to localnoise[8, 9].

In Ref. [10] trackingis performedby extractingaPDDas
the directionof the maximumof the ODF. This trackingal-
gorithmis thusvery similar to traditionalsingle-tensorPDD
trackingalthoughterminationcriteriaarenotdiscussed.Behrens
et al. [11] pioneereda methodwheretheprobabilitydensity
functionof thelocal �ber orientationis derivedin aBayesian
framework, later extendedby Friman et al. [12]. Ref. [13]
relatesthis probabilisticdiffusiontractography to thecaseof
multiple �ber orientations.In Ref. [10] an ODF is approxi-
matedvoxelwiseby theq-ball [6], andthisODFis reducedto
asetof tensorscapturingmultiplecrossing�ber -bundles.

Anotherapproachto resolvemultipleorientationsis to ex-
plicitly model multiple tensors. Ref. [14] describesa trac-
tography algorithmthatusesmixturesof two Gaussiandensi-
tiesin regionswherethesingleGaussianmodelis inadequate.
Ref. [15] alsousesa multi-tensorapproachfor analysisand
trackingof complex �ber con�gurationsusingoneisotropic
andtwo anisotropictensorsto modelthedata.

In this work we presenta tractography methodbasedon
ourmultiple-tensorestimationmethodpresentedin [16]. One
advantageof the multiple tensorapproachis that it allows



a moremeaningfulterminationcriterion basedon fractional
anisotropy (FA) calculatedfor eachdirectionindependently.
In the singletensorcase,FA will be arti�cially low because
of modelmismatch.

2. METHODS

2.1. Multi-tensor estimation

The Stejskal-Tannerequation(1) describesthe relationship
betweenonediffusion tensorX andthe measuredMRI sig-
nalsSi

Si = S0 exp(� brT
i X r i ) (1)

at a given position. However, sometimesthe measuredS-
valuesarenot well modeledby a singlediffusion tensordue
to thepresenceof multiple �ber bundleorientations.

Tocopewith thissituation,therelationshipbetweenk ten-
sorsX j andthemeasuredSi valuesis

Si = S0

kX

j =1

f j exp(� brT
i X j r i ) (2)

wheref j arenon-negative weightswhich sumto 1 for j =
1; � � � ; k andi = 1; � � � ; n. This modelcanbesolvedusing
any methodfor multiple tensorestimation.Herewe usedthe
onein Ref. [16].

Themulti-tensorestimationprocedurein [16] isaweighted
linearleast-squaresmethod.Thek diffusiontensorsarefound
by solving

min
x j

kWj (Rx j � d)k2
2 (3)

whenj = 1; 2; � � � ; k andwhereWj is a diagonal0-1 matrix
sothat

P k
j =1 Wj equalstheidentitymatrix. In thetwo-tensor

casethe weightsprescribea partitioningof the samplesinto
two distinctsetsfrom eachof whichonetensoris estimated.

2.2. Two-tensorinterpolation

Diffusion weightedimagesS areeffectively discretizedat a
scannerspeci�c resolution- thediffusiontensorsareusually
calculatedat thesediscretizedpositions. Single tensortri-
linear interpolationcan then be doneat a given position p
by evaluatinga weightedsumof neighboringtensorswhere
theweightsdependon thenormalizeddistancefrom p to the
neighboringvoxels.

In thecaseof 2-tensorestimationthisapproachintroduces
acorrespondenceproblemsincetheorderingof thepre-computed
two diffusiontensorsat eachvoxel maybearbitrary. For ex-
ample,if at locationp thereare8 neighboringvoxels, then
thereare28 = 256possiblecombinationsfor choosingwhich
oneof thetwo tensorsateachvoxel shouldbeincludedin the
8 elementweightedsum.

Becauseof this problemwe have chosento component-
wiseinterpolatethediffusionweightedimagesS themselves.
Thisgivesn interpolatedvaluesŜi atany locationp to which

themulti-tensorestimationprocedureof theprevioussection
canbeapplied.

2.3. Two-tensor�ber -tracking

The�ber -trackingis startedfrom a givenpositionp0. TheS-
valuesareinterpolatedat positionp0 andtwo diffusion ten-
sorsX 1(p0) andX 2(p0) arecomputed.Themajoreigenvec-
torse1(X 1) ande1(X 2) areestimated.Sincep0 is generally
not a �ber endpoint,the initial tracking stepmust proceed
alongboththepositiveandnegativeof thesedirectionsto ob-
tain thewhole�bers.

An updatedpositionp1 is foundfor eachof thedirections
by integrating the principal eigenvector using somenumer-
ical procedure. Now, consideringonly one of the updated
positions,theS-valuesareagainelement-wiseinterpolatedat
positionp1 and two new tensorsarecalculated. The track-
ing will now proceedalongthe principal diffusion direction
� e1(X j (p1)) wherethesignandj 2 f 1; 2g is chosensothat
theangulardifferencebetweenthepreviousandcurrentprin-
cipaleigenvectoris minimal. Theoutputof the2-tensortrack-
ing algorithmconsistsof two paths,onefor eachof the two
tensorsestimatedat theinitial positionp0.

2.4. Tract seedingand termination criteria

The seedingand terminationcriteria are usually de�ned in
termsof thesingle-tensorestimateX . This causesproblems
for the tractography methodswhich work by solving equa-
tion (2). Whenthediffusionis describedasasumof multiple
tensorsX 1; X 2; � � � examiningtensorinvariants(suchasFA)
of eachindividual tensorX j maynot be fruitful. In our im-
plementationtrackingproceedsalongeachof theoriginal di-
rectionsuntil a terminationcriterionbasedoneachindividual
tensoranisotropy is met.

2.5. In-vi vo imaging

MRI scanningwasperformedon a 3T GE systemwith an 8
channelcoil. DTI datawasacquiredusingadouble-echoecho
planarparallel imagingsequencewith ASSETfactor2. 51
directionswereacquiredwith b = 700, 8 baselinescanswith
b = 0. Otherscanparameterswere:TR 17000ms,TE 78ms,
FOV 24cm, matrix 144 � 144, 1.7mmslice thickness. 81
axial-obliqueslicesparallelto theAC-PCline wereacquired,
coveringthewholebrain,with atotalscantimeof 17minutes.

3. RESULTS

3.1. Syntheticdata

Figure1 shows anexampleof tensorestimationandtracking
in asyntheticdataset.Thedatasetconsistsof asetof diffusion
weightedimagesS generatedfrom equation(2) where the
diffusion tensorsX j areknown andgivenby a torusmodel.
Thetorusmodelde�nes two diffusiontensorspervoxel, one



(a)Singletensorestimation. (b) Two tensorestimation. (c) Tracking initiated from three seed-
points.

Fig. 1. Resultson thesynthetictorusdataset.

(a)Singletensorestimation. (b) Single-tensortractography seededin re-
gion.

(c) 2-tensortractography with sameseed-
points.

Fig. 2. Resultsnearcorpuscallosumandcoronaradiataaroundcoronalsliceof in vivo DWI.

with its maindiffusiondirectionparallelto thetube,alongthe
largerradius,andtheothergoesaroundthetube,tangentialto
thecircularcrosssection.

A cuttingplanesamplesthe �eld in �gure 1(a)on which
glyphs indicate the single-tensor�t. That the diffusion is
disc-shapedindicating the expectedcrossing�ber trajecto-
ries. Also notethat thereis no well de�ned principal direc-
tion of diffusion,sostandardtractography wouldfail to reveal
theunderlyinganisotropicstructure.Figure1(b) displaysthe
two tensorsestimatedper voxel usingour multi-tensoresti-
mationprocedureoutlinedin section2.1,asvisualizedon the
sameslicethroughthesamedataasin �gure 1(a).The�gure
showsthattheestimateddiffusiontensorsseemto correspond
well with thetwo orthogonalprincipaldiffusiondirectionsin
theoriginal data. Finally, �gure 1(c) show the resultsof our
multi-tensortracking procedure.Sincethe syntheticmodel
is de�ned with uniform FA for all voxels, the tractsin this
exampleterminateaftera �x ednumberof integrationsteps.

All tensorsamplesin �gures 1,2and3 arevisualizedwith
super-quadratictensorglyphs[17].

3.2. MRI data

Figure2 shows resultscenteredaroundthe corpuscallosum
and the ascending�bers of the internal capsuleand corona
radiata. The glyphs in �gure 2(a) indicatea region of high
andconsistentlyorientedplanaranisotropy, suggesting�ber
crossing.Indeed,single-tensor�ber tractography resultsseeded
in the area(�gure 2(b)) fail to passthrough the area,due
to the single tensor�t droppingbelow the FA=0.15 thresh-
old. The two-tensor�ber trackingshown in �gure 2(c) uses
thesameFA=0.15 threshold,with tractspassingthroughthe
region of single-tensorplanaranisotropy. As expectedfrom
prior knowledgeof anatomy, someof the �bers from the in-
ternal capsulesuccessfullyextend upwards into the corona
radiata.

Figure3 showsresultsin aportionof thesuperiorlongitu-
dinalfasciculus,anareawherethedominantanterior-posterior
�bers (left-right in �gure) arecrossedby medial-lateralpro-
jections(up-down in �gure) [13], resultingin theplanaranisotropy
visible in the glyphsof �gure 3(a). While the single-tensor
�ber tracks(�gure 3(b)) follow theanterior-posteriororienta-
tion, thetwo-tensor�ber tracks(�gure 3(c)) have bettercov-
erageof the sameregion, andadditionally indicatesomeof



(a)Singletensorestimation. (b) Single-tensortractography seededin re-
gion.

(c) 2-tensortractography with sameseed-
points.

Fig. 3. Resultsin superiorlongitudinalfasciculus.

thecrossing�bers.

4. DISCUSSION

In this work we have investigatedalternatives to single ten-
sor �ber -tracking. Our resultsshow that multi-tensor�ber -
trackingcanalleviate someof the problemsassociatedwith
single-tensorbasedmethods,particularlywhencrossing�bers
or �ber -bundlesare involved. The presentedtrackingalgo-
rithm providesa straightforwardgeneralizationof its single-
tensorequivalent,andbecauseof this similarity it shouldbe
possibleto incorporateit into alreadyexisting �ber -tracking
softwarewith aminimalnumberof changes.
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