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ABSTRACT

Estimatingwhite matter ber pathwaysfrom a diffusionten-
sor MRI datasethas mary importantapplicationsin medi-
cal research.However, the standardapproacthof performing
tracking on single-tensoestimateger voxel is confounded
by regionsof multiple pathwaysin differentdirections.Build-
ing onpreviouswork for estimatingnultipletensordsrom MR
valuepartitioning,we presentereatwo-tensorber tractag-
raphy methodthat estimateswo tensorsfrom the acquired
MR values, interpolatedat eachstep of the path, and fol-
lows the tensormostalignedwith the currentdirection. The
methodis veri ed on a syntheticdatasetandappliedto two
locationsof ber crossingn anin vivo diffusionMRI.

Index Terms— Diffusiontensors,ber tractographj,
multiple-tensotestimation, ber crossing

1. INTRODUCTION

Two of the major applicationsof Diffusion TensorMagnetic
Resonancémaging(DTI) in thecentralnenoussystemarein
ber tractograpl and quantitatve white matteranalysis.In
white mattertractograply, the shapeof the anisotropicdiffu-
siontensoris usedto delineateber tractdirection,andtrace
brain connections. The DTI techniquehasraisedhopesin
theneuroscienceommunityfor a betterunderstandingf the
ber tractanatomyof the humanbrain.

Uponinspectiorof histology howvever, muchof thewhite
matterin primateds composedf multipleinterdigitating ber
bundles. DTI ts the averagediffusionin the voxel but on
the spatialscaleof MRI, mary voxelswill containmorethan
onemain ber direction.Fitting diffusiondatafrom heteroge-
neouswhite mattervoxelsto a singletensorcanleadto errors
in boththeassessmemtf white mattertractdisruptionandthe
computedractdirection.

Oneapproacho resolvingcrossingractsisto t twoten-
sorsto thediffusiondata.Tuchetal. [1] wasable,with some
constraintsto solve for two diffusion tensorsin an multi-
tensorextensionof the Stejskal-Bnnerequationgpresented
in equation(2)) by applyinga conjugate gradientalgorithm
to high-angularesolutionacquisitiongHARDI). This model
is alsoexaminedin [2, 3] to analyzepartialvoluming effects.
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Peledet al. [4] solvesthe samesetof equationsmore ef -
ciently by examiningthedisc-shapef asingle-tensort. Us-
ing the planeof this disc aswell asan assumptiorof cylin-
drically symmetricdiffusion,thenumberof unknavnscanbe
greatlyreducedandthe equationssolved using a non-linear
least-squareminimization algorithm. In Refs.[5, 6] diffu-
sionspectrumandg-ballimagingis examined.Thisapproach
canbe considerednodelfreein the sensehatthe 3D Fourier
transformof the samplesareestimatedlirectly onthe sphere
yielding a orientationdistribution function (ODF) describing
thediffusion.

Variousmethodshave beenproposedo useDTI datato
visualizetheanatomyof ber pathwaysandderive connectv-
ity betweendifferentpartsof the brainin vivo [7]. A simple
andeffective methodfor trackingnene bers usingDTI is to
follow thedirectionof the maximumdiffusionin eachvoxel,
equialentto thedirectionof themaineigervectorin eachten-
sor. This methodis usuallyreferredto astrackingusingthe
PrincipalDiffusionDirection (PDD).

Alternativesto PDDtrackingmethodshave beenexplored.
Amongthemare“front propa@tion” methodgalsocommonly
referredto as“f astmarching’techniquesjyvhich aredesigned
to belesssensitve to local noise[8, 9].

In Ref. [10] trackingis performedby extractinga PDD as
the directionof the maximumof the ODF. This trackingal-
gorithmis thusvery similar to traditionalsingle-tensoPDD
trackingalthoughterminationcriteriaarenotdiscussedBehrens
etal. [11] pioneereca methodwherethe probability density
functionof thelocal ber orientationis derivedin a Bayesian
framawork, later extendedby Frimanet al. [12]. Ref. [13]
relatesthis probabilisticdiffusiontractograph to the caseof
multiple ber orientations.In Ref.[10] an ODF is approxi-
matedvoxelwise by theq-ball [6], andthis ODFis reducedo
asetof tensorscapturingmultiple crossing ber-bundles.

Anotherapproacho resole multiple orientationss to ex-
plicitly model multiple tensors. Ref. [14] describesa trac-
tograply algorithmthatusesmixturesof two Gaussiardensi-
tiesin regionswherethesingleGaussiamodelis inadequate.
Ref. [15] alsousesa multi-tensorapproachor analysisand
trackingof complex ber con gurationsusingoneisotropic
andtwo anisotropidensordo modelthe data.

In this work we presenta tractograpl methodbasedon
our multiple-tensoestimatiormethodpresentedh [16]. One
advantageof the multiple tensorapproachis that it allows



a more meaningfulterminationcriterion basedon fractional

anisotroy (FA) calculatedfor eachdirectionindependently
In the singletensorcase,FA will be arti cially low because
of modelmismatch.

2. METHODS

2.1. Multi-tensor estimation

The Stejskal-Bnnerequation(1) describeghe relationship
betweenonediffusiontensorX andthe measuredRI sig-
nalsS;

S = Spexp( br! Xr;) (1)

at a given position. However, sometimeshe measureds-
valuesare not well modeledby a singlediffusiontensordue
to thepresencef multiple ber bundleorientations.

To copewith thissituation therelationshigbetweerk ten-
sorsX; andthemeasured; valuesis

Si = So
i=1

f; exp( br{ Xjri) (2)

wheref; arenon-ngative weightswhich sumto 1 for j =
1 ;kandi = 1; ;n. This modelcanbe solved using
ary methodfor multiple tensorestimation.Herewe usedthe
onein Ref.[16].

Themulti-tensorestimatiorproceduren [16] is aweighted
linearleast-squaremethod.Thek diffusiontensorsarefound
by solving

minkW; (Rx;  d)k3 3)
Xj
whenj 5 1,2, ;k andwhereW; is adiagonal0-1 matrix
sothat J-k:l W, equalgtheidentity matrix. In thetwo-tensor

casethe weightsprescribea partitioning of the samplesnto
two distinctsetsfrom eachof which onetensoris estimated.

2.2. Two-tensorinterpolation

Diffusion weightedimagesS are effectively discretizedat a
scannesspeci ¢ resolution- the diffusiontensorsareusually
calculatedat thesediscretizedpositions. Single tensortri-
linear interpolationcan then be done at a given position p
by evaluatinga weightedsum of neighboringtensorswhere
theweightsdependon the normalizeddistancefrom p to the
neighboringvoxels.

In thecaseof 2-tensoestimatiorthisapproachntroduces

acorrespondengaroblemsincetheorderingof thepre-computed

two diffusiontensorsat eachvoxel may be arbitrary For ex-
ample,if atlocationp thereare 8 neighboringvoxels, then
thereare2® = 256possiblecombinationgor choosingwhich
oneof thetwo tensorsat eachvoxel shouldbeincludedin the
8 elementweightedsum.

Becauseof this problemwe have chosento component-
wiseinterpolatethediffusionweightedimagesS themseles.
This givesn interpolatedvaluesS; atary locationp to which

the multi-tensorestimationprocedureof the previous section
canbeapplied.

2.3. Two-tensor ber -tracking

The ber-trackingis startedfrom a givenpositionpg. The S-

valuesareinterpolatedat positionp, andtwo diffusion ten-
sorsX 1(po) andX 2(pg) arecomputed.The majoreigervec-
torse; (X 1) andey(X ;) areestimated.Sincepg is generally
not a ber endpoint,the initial tracking step must proceed
alongboththe positive andnegative of thesedirectionsto ob-

tainthewhole bers.

An updatedpositionp; is foundfor eachof thedirections
by integrating the principal eigervector using somenumer
ical procedure. Now, consideringonly one of the updated
positions the S-valuesareagain element-wisénterpolatecdat
positionp; andtwo new tensorsare calculated. The track-
ing will now proceedalongthe principal diffusion direction

e1(Xj (p1)) wherethesignandj 2 f 1;2g is chosersothat
theangulardifferencebetweerthe previousandcurrentprin-
cipaleigervectoris minimal. Theoutputof the 2-tensotrack-
ing algorithm consistsof two paths,onefor eachof the two
tensorsestimatedattheinitial positionpg.

2.4. Tract seedingand termination criteria

The seedingand terminationcriteria are usually de ned in
termsof the single-tensoestimateX . This causegproblems
for the tractograpl methodswhich work by solving equa-
tion (2). Whenthediffusionis describedasa sumof multiple
tensorsX 1; X 5; examiningtensorinvariants(suchasFA)
of eachindividual tensorX; may not be fruitful. In ourim-
plementatiortrackingproceedslongeachof the original di-
rectionsuntil aterminationcriterionbasedn eachindividual
tensoranisotropy is met.

2.5. In-vivoimaging

MRI scanningwas performedon a 3T GE systemwith an 8

channetoil. DTI datawasacquiredusingadouble-ech@cho
planarparallelimaging sequencevith ASSET factor2. 51
directionswereacquiredwith b= 700, 8 baselinescanawith

b= 0. Otherscanparametersvere: TR 17000ms,TE 78ms,
FOV 24cm, matrix 144 144, 1.7mmslice thickness. 81
axial-obliqueslicesparallelto the AC-PCline wereacquired,
coveringthewholebrain,with atotalscantime of 17 minutes.

3. RESULTS

3.1. Syntheticdata

Figurel shavs anexampleof tensorestimationandtracking
in asynthetioddatasetThedatasetonsistof asetof diffusion
weightedimagesS generatedrom equation(2) wherethe
diffusiontensorsX; areknown andgivenby atorusmodel.
Thetorusmodelde nestwo diffusiontensorgpervoxel, one



(a) Singletensorestimation.

(b) Two tensorestimation.

(c) Tracking initiated from three seed-
points.

Fig. 1. Resultsonthe synthetictorusdataset.

(a) Singletensorestimation.
gion.

(b) Single-tensotractograpl seededn re-

(c) 2-tensortractograpl with sameseed-
points.

Fig. 2. Resultsnearcorpuscallosumandcoronaradiataaroundcoronalslice of in vivo DWI.

with its maindiffusiondirectionparallelto thetube,alongthe
largerradius,andthe othergoesaroundthetube tangentiato
thecircularcrosssection.

A cuttingplanesampleghe eld in gure 1(a)onwhich
glyphs indicate the single-tensort.  That the diffusion is
disc-shapedndicating the expectedcrossing ber trajecto-
ries. Also notethatthereis no well de ned principal direc-
tion of diffusion,sostandardractograpk wouldfail to reveal
theunderlyinganisotropicstructure.Figure 1(b) displaysthe
two tensorsestimatedper voxel using our multi-tensoresti-
mationprocedurenutlinedin section2.1,asvisualizedon the
sameslicethroughthe samedataasin gure 1(a). The gure
shavsthatthe estimatedliffusiontensorseento correspond
well with thetwo orthogonalprincipal diffusiondirectionsin
the original data. Finally, gure 1(c) shav 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 tensorsamplesn gures 1,2and3 arevisualizedwith
superquadratidensorglyphs[17].

3.2. MRI data

Figure 2 shaws resultscenteredaroundthe corpuscallosum
andthe ascendingbers of the internal capsuleand corona
radiata. The glyphsin gure 2(a) indicatea region of high
and consistentlyorientedplanaranisotrofy, suggestingber
crossing.Indeedgsingle-tensomer tractograpl resultsseeded
in the area( gure 2(b)) fail to passthroughthe area,due
to the singletensor t droppingbelon the FA=0.15 thresh-
old. Thetwo-tensorber trackingshovn in gure 2(c) uses
the sameFA=0.15thresholdwith tractspassingthroughthe
region of single-tensoplanaranisotroy. As expectedfrom
prior knowledgeof anatomy someof the bers from thein-
ternal capsulesuccessfullyextend upwardsinto the corona
radiata.

Figure3 shavsresultsin aportionof thesuperiodongitu-
dinalfasciculusanareawvherethedominantanteriorposterior
bers (left-right in gure) arecrossedy medial-lateralpro-
jections(up-davnin gure) [13], resultingin theplanaranisotroy
visible in the glyphsof gure 3(a). While the single-tensor
ber tracks( gure 3(b))follow theanteriorposteriororienta-
tion, thetwo-tensorber tracks( gure 3(c)) have bettercov-
erageof the sameregion, and additionally indicate someof



(a) Singletensorestimation.
gion.

(b) Single-tensotractograpl seededn re-

(c) 2-tensortractograpl with sameseed-
points.

Fig. 3. Resultsn superiorongitudinalfasciculus.

thecrossingbers.

4. DISCUSSION

In this work we have investigatedalternatvesto single ten-
sor ber-tracking. Our resultsshav that multi-tensor ber-
tracking can alleviate someof the problemsassociatedvith
single-tensobasednethodsparticularlywhencrossingbers
or ber-bundlesareinvolved. The presentedrackingalgo-
rithm providesa straightforvard generalizatiorof its single-
tensorequivalent,andbecausef this similarity it shouldbe
possibleto incorporateit into alreadyexisting ber-tracking
softwarewith a minimal numberof changes.
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