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Abstract

This paperpresentsa new procedureto estimatethe diffusion tensorfrom a sequenceof
diffusion-weightedimages.The �rst stepof this procedureconsistsof the correctionof
the distortionsusually inducedby eddy-currentrelatedto the large diffusion-sensitizing
gradients.This correctionalgorithmrelieson the maximizationof mutual informationto
estimatethethreeparametersof ageometricdistortionmodelinferredfrom theacquisition
principle.Thesecondstepof theprocedureamountsto replacingthestandardleastsquares
basedapproachby theGeman-McLureM-estimator, in orderto reduceoutlier relatedarte-
facts.Severalexperimentsprove that thewholeprocedurehighly improvesthequality of
the�nal diffusionmaps.
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1 Intr oduction

Thereis currentlyconsiderableinterestin theuseof MRI for imagingtheapparent
diffusionof waterin biological tissues[25]. The physicalprocessunderlyingthis
diffusion is the randomwalk motion of the moleculesin a �uid: due to thermal
agitation,themoleculesareconstantlymoving andcolliding with neighbors.When
the�uid is embeddedinto thecomplex geometryof biologicaltissue,however, the
collisionswith cell membranesandmacromoleculesandtherestrictionto various
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compartmentshighly in�uence this process.Hence,by probing the microscopic
motionof tissularwater, diffusion-weightedimagingprovidesauniquein vivo tool
for studyingthestructureof biological tissue.In particular, this imagingmodality
givesaccessto variousinformationaboutthe brain microstructuresthat could be
usedto improvetheinterpretationof functionalimagingstudies.

Dif fusion-weightedMRI relieson a phenomenonthatcouldhave beenconsidered
asa technicalproblemonly. Whenprotonsareplacedinto a staticmagnetic�eld
(B0), they begin to precess(ie, their magneticvector rotatesaroundB0). A key
point underlyingMRI is the linear relationshipbetweenthe local �eld strength
andthe frequency of the protonprecessionmotion,which is the frequency of the
signal producedin the receiving antenna.Adding a gradientto B0 encodesthe
spinlocalizationinto this frequency, which leadsto imagesafterFouriertransform.
Withoutspecialpreparation,theprotons(spins)precessingin astaticmagnetic�eld
(B0) donotproducesignalin thereceiving antenna(in x-y plane)becauseof lackof
coherencebetweentheindividual precessions(they areall out of phaseandhence
haveno nettransversecomponent).By applyinga 90 degreeradio-frequency (RF)
pulse,thefrequency of which matchesthefrequency of precessionof protons,the
spinscanbemadeto bein phaseandhave a net transversecomponent,producing
signal in an antenna.After the 90 degreeRF pulsethe spinswill againgo out of
phase,mainly becauseof the effect of external �eld inhomogeneities.For static
spins,the dephasingcausedby external �eld inhomogeneitiescanbe eliminated
with a 180degreepulseleadingto what is calleda spinecho.This is not possible
for spinsundergoingdiffusionbecausethey arenot static(their position�uctuates
randomlybecauseof therandomcharacterof thethermalspinmotion).Theresult
is diffusion-relatedsignalattenuation.

While with standardMR sequences,thediffusion-relatedsignalattenuationis neg-
ligible, diffusion imagingsequencesincreasethis effect with the additionof two
strongdiffusion sensitizinggradientpulses[41]. Theseadditionalgradientsin-
creasethe attenuationof the signal producedby the spins that move along the
gradientdirection.Within a simpleisotropicmediumlike a glassof water, theat-
tenuationis relatedto anexponentialof themediumpropertycalledthediffusion
coef�cient 
 (thestandardcoef�cient of Fick's law). By using,for instance,anim-
agewithout diffusionweightingandonediffusion-weightedimage,we cancalcu-
lateaD valuefor eachvoxel. As aconsequenceof their spatialstructure,however,
many substancesandbiological tissuesexhibit anisotropicdiffusionbehavior: the
computeddiffusioncoef�cient dependsonthedirectionof thesensitizinggradient.
Therefore,whenanisotropy of the3D diffusionprocessis of interest,for instance
for �ber bundletracking[37], a symmetricdiffusiontensor
 hasto becalculated
for eachvoxel from a seriesof diffusion-weightedvolumes[6,5]. Eachsuchvol-
umeis acquiredwith a differentapplieddiffusion-sensitizinggradient[41]. These
gradientsareappliedin orderto varya symmetricmatrix ��������������� thatdepends
onthegradientdirection,strengthandtiming [31]. Thediffusion-sensitizinggradi-
entaffectsthesignalintensityof any givenvoxel in amannerthatcanbedescribed

2



by thelinearequation:
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(1)

where
�

denotesthesignalof theselectedvoxel. Whena suf�cient numberof different
!

matricesis used(relatedto at leastsix differentgradientdirections),thediffusiontensor
,

canbeestimated.Suchcalculationsaresimpleif eachvoxel in thedifferentvolumes
representsthesamepointin theanatomyof thesubject,but canbeimpracticalif dif-
ferentvolumesof theseriesaredistortedrelative to eachother. Dif fusion-weighted
images,however, areoften acquiredusingEcho-PlanarImaging(EPI), to reduce
acquisitiontime andartefactsrelatedto physiologicalmotions.Unfortunately, this
fastacquisitionschemeis highly sensitive to eddycurrentsinducedby the large
diffusion gradients[18]. Theseeddycurrentscancausesigni�cant distortionsin
thephase-encodingdirectionwheretheimagebandwidthis quitelow (seeFig. 1).
Sincethe degreeandnatureof this artefact typically vary both with the strength
andorientationof the diffusion-sensitizinggradient,distortionscandramatically
changetheestimateddiffusiontensor.

The methodsfor reducingthe effectsof eddycurrentsmay be divided into three
categories.The�rst onesimplyconsistsof modi�cationsof thegradientsequences
[1]. Thisapproach,however, seemsinsuf�cient to getcompletelyrid of artefacts.A
secondfamily of approaches,which rely deeplyonMR physics,requireadditional
experimentaldata[23,21]. Sincethe eddy-currentdistortionsdo not rely on the
subject'sheadgeometry, thesecumbersomeadditionalacquisitionscanbedoneon
phantomsonly duringa calibrationoperation.Unfortunately, theobtainedcorrec-
tion schemehasto beupdatedon a regularbasisbecauseof someslow variations
of themagnet[9].

Thelastkind of approachesarepurelyretrospective andcanbeconsideredasreg-
istrationmethods.They useadistortiongeometricmodelinferredfrom theacquisi-
tion principle,which leadsto estimatea few parametersusingastandardsimilarity
measurelike cross-correlation[18,13,10].Suchsimplesimilarity measures,how-
ever, are not suf�cient to perfectly take into accountthe complex dependencies
embeddedin equation1 [9]. In this paperwe proposeto estimatethe few param-
etersof thedistortiongeometricmodelusingthemutualinformationassimilarity
measurein orderto achieveamorerobustcorrectionscheme[26,44].

It shouldbe understoodthat EPI imagingleadsto anotherkind of distortionsin-
ducedby susceptibilityartefacts[22] that is not addressedin this paperbecauseit
is notdependenton thediffusiongradient.Thesedistortionsarenonlinearandde-
pendon thesubject'sheadgeometry. They haveto becorrectedto relatefunctional
MRI experimentsperformedwith EPIwith standardhighresolutionanatomicalim-
ages.Severalregistrationschemeshavebeenproposedfor thispurposeusingeither
a freedeformationmodelwith a high numberof parameters[19], or a morecon-
strainedmodel taking into accounta priori knowledgeaboutthe main distortion
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13mT/m (-1,1,0) 22mT/m (-1,1,0)no gradient

Fig.1.Exampleof eddy-currentrelateddistortions(8mmin theworstcase)for twodifferent
diffusionsensitizinggradientmagnitudes.

directionandadifferenceof squaresbasedsimilarity measure[24].

This paperproposesa secondimprovementof thestandardcalculationof thedif-
fusion tensor 
 . The linearity of Eq. 1 usually leadsto a leastsquaresbasedre-
gressionmethod[5]. This approach,however, is not robust to the variouskinds
of noisesthat canbe observed in diffusion-weighteddata[11,7,40,2].Non Gaus-
siannoisecanstemfor instancefrom physiologicalmotions(brain beat),subject
motions[3,14] or residualdistortions.While carefulacquisitionschemesincluding
cardiacgating[16] andnavigatorecho[12,14]mayreducesomeof theseproblems,
someweaknessesof thetensordiffusionmodelleadto otherregressionproblems:
eachvoxel includesseveralwatercompartmentsendowedwith differentdiffusion
processesthataremixedupin thedata[15]. Furthermore,thechoiceof thegradient
directionsusedby theMR sequencecanleadto verydifferentestimationsituations
[33]. Sophisticatedrestorationschemesdedicatedto diffusion-weighteddataare
boundto be developedin the future to improve the situationusing for instance
anisotropicsmoothing[34]. In ouropinion,however, theserestorationmethodscan
not beperfectbecauseof thepoorquality of theraw data.Hence,in orderto over-
comethe in�uence of outlierson the tensorestimation,we proposethe useof a
standardrobust M-estimator[32]. A comparisonof the behaviour of both regres-
sionmethodsin thepresenceof variouslevelsof corrupteddataprovestheinterest
of therobustapproach.An earliershorterversionof thispaperwaspublishedin the
MICCAI proceedings[29].

2 Distortion correction

In thefollowing,echo-planardiffusion-weightedimageswereacquiredin theaxial
plane.Blocks of eight contiguoussliceswereacquiredeach2.8mmthick. Seven
blockswereacquiredcoveringtheentirebraincorrespondingto 56 slicelocations.
For eachslicelocation31imageswereacquired;aT2-weightedimagewith nodif-
fusionsensitizationfollowedby 5 diffusionsensitizedsets(b valueslinearly incre-
mentedto a maximumvalueof >@?A?B?C���D���3� ) in eachof 6 non-colineardirections.
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translation shearstretch

Fig. 2. Thesimplegeometricmodelof eddy-current relateddistortions

In orderto improve the signalto noiseratio this wasrepeated4 times,providing
124 imagesper slice location.The imageresolutionwas128x 128, �eld of view
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For eachslice,eachacquisitionis alignedwith the�rst imageof theseries,which
is thestandardT2-weightedimagewithout diffusionsensitization.This alignment
is doneoneacquisitionat a time, like for fMRI motioncorrectionprocedures.For
conveniencewe usethenotationthattheimageis in theXY plane,andthephase-
encodingdirectionlies alongY. SimpleconsiderationsaboutMR physicsleadto
thefollowing distortionmodel[18]:

Y A residualgradientin theslice-encodingdirectionZ producesuniform transla-
tion alongY;

Y A residualgradientin thefrequency-encodingdirectionX producesa shearpar-
allel to Y (a translationlinearly relatedto X);

Y A residualgradientin thephase-encodingdirectionY producesauniformscaling
in Y direction.

Hence,thegeometricmodel(seeFig. 2) canbewritten for eachcolumn Z as:

[]\

M_^

[a`

Jcb

`

J%deZgf (2)

which amountsto a simple slice dependentaf�ne transformation( ^ is the scale
factor, Jhb a global translation,and Jid a shear).An additionalglobalmultiplicative
correctionby d

j hasto beappliedto theslice intensities,which is doneafteresti-
mationof ��^kf9Jhb@f9J%d6� . This lastcorrectionstemsfrom anenergy conservationbased
MR principle.

In orderto estimatethe af�ne transformation,which bringsa diffusion-weighted
slice into spatialalignmentwith thestandardT2-weightedslice,a similarity mea-
suretakinginto accountthecomplex dependencebetweenintensitiesembeddedin
Eq.1hasto bechosen.Thepurposeof this similarity measureis to returna value
indicatinghow well the two slicesmatchgiven a certaintransformation[27,20].
Ideally, by maximizing this similarity measureone should�nd the af�ne trans-
formation that registersthe slices.The optimal transformation,however, usually
dependson the chosensimilarity measureandon the implementationof its opti-
mization.The cross-correlationmeasureperformspoorly on this problem[8] be-
causethe hypothesisof a linear relationshipbetweenthe T2-weightedintensities
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Fig. 3. Orthogonalslicesof themutualinformationcrossingat theglobal maximum.

andthediffusion-weightedonesis notveri�ed (otherwise,diffusionimagingwould
bemuchlessinteresting).Furthermore,anisosetin theT2-weightedslicemaycor-
respondto a large rangeof valuesin the diffusion-weightedslice.This T2-based
isoset,indeed,hidesthelargevariability of theunderlyingdiffusiontensors.Hence,
thefunctionaldependenceassumedby thesimilarity measuresbasedon weighted
sumsof isosetvariancesis not veri�ed too [45,39].

Therefore,we have chosento rely on themutualinformation,which is a measure
originatingfrom informationtheoryassumingtheleastaboutintensitydependence
[26,44].Theunderlyingconceptis entropy. Theentropy of animagecanbethought
of asameasureof dispersionin thedistributionof theimagegrayvalues.Giventwo
imagesA andB, thede�nition of themutualinformationMI(A,B) of theseimages
is: MI(A,B) = E(A) + E(B) - E(A,B) with E(A) andE(B) theentropiesof the im-
agesA andB, respectively, andE(A,B) theirjoint entropy. Thejoint entropy E(A,B)
measuresthedispersionof the joint probabilitydistribution p(a,b):theprobability
of theoccurrenceof grayvaluea in imageA andgrayvalueb in imageB (at the
sameposition),for all aandb in theoverlappingpartof A andB. Thejoint probabil-
ity distributionshouldhave fewerandsharperpeakswhentheimagesarematched
thanfor any caseof misalignment.Thereforemaximizationof mutualinformation
shouldcorrespondto theoptimalaf�ne transformation�l^�m)n�opf9J

m)n�o

b

f9J

m)n�o

d

� .

Sincethetwo imagesto bealignedare128x128slicesto becomparedto theusual
3D situation,a Parzenwindow is usedto geta robustestimationof thejoint inten-
sity distribution. This Parzenwindow is a truncatedGaussiankernelsuf�cient to
smooththe joint histogram.This approachturnedout to be crucial to prevent the
maximizationalgorithmto be trappedin MI local maxima.Hence,estimationof
MI ��^kf9Jcb4f9J%d9� consistsof a linearresamplingof theimageto bealignedaccording
to Eq.2, followedby theapplicationof theParzenwindow to thejoint histogram.
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ThenMI canbecomputedfrom:

MI ��^kf9Jcb@f9Jqd0� M
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where ˆ is the samplingof the joint probability distribution (in practice ˆ M

‰BF

, becauseof thefew samplesleadingto the joint histogramcomputation),~

o

the
intensity in the target imageand ~Š€ the intensity in the imageto be aligned.The
marginalprobabilities

|

�†~

o

� and
|

�•~l€4� arecomputedby row andcolumnsummation.

Since123 realignmentshave to be performedfor eachsliceof the volume,a fast
optimizationschemeis required.Fortunately, theuseof a Parzenwindow leadsto
a rathersmoothMI landscapearoundthe global maximum(seeFig. 3). In some
cases,severalmaximahave beenobservedneartheglobalone.In suchsituations,
however, we couldnot claim that theglobal maximumwasa bettersolutionthan
thesurroundingmaxima.Hence,Powell algorithmhasbeenusedin thefollowing
to maximizeMI [38]. A multiresolutionapproach,however, may be usedin the
futureto geta morereliableselectionof theoptimalmaximum[36]. For eachnew
image,theinitial positionis (1,0,0),namelytheno distortionsituation.

Thanksto the four repetitionsembeddedin our acquisitionprocess,the accuracy
andthe robustnessof the correctionprocesscanbe evaluated.A �rst experiment
consistsof comparingtheresultsobtainedusingmutualinformationwith theresults
obtainedusinganothersimilarity measure:thecorrelationratio [39]. This experi-
mentaimsatevaluatingwhethertheargumentsaboutintensitydependenceleading
to chooseMI could be supportedby someexperimentalresults.While similarity
measureslike thecrosscorrelationassuminga lineardependencebetweenintensi-
tiesareclearlyill-adaptedto ourproblem,it wasinterestingto testanintermediate
measureassuminga weaker relationshipbut lessdegreesof freedomthanMI. Ro-
bustness,indeed,is usuallyobtainedwhenstronga priori knowledgeis embedded
in thesimilarity measure.

Thecorrelationratio is anasymmetricalsimilarity measureassuminga functional
dependencebetweenboth imageintensities[39]. This measure,which hassome
link with the inter-modalitymeasureproposedin [45], requiresthat the reference
imagebe partitionedinto a numberof intensity isosets,namelybroken up into
areasof similar intensity. Our local implementationrelieson a partitionof theT2-
weightedslice in 64 isosetscorrespondingto intensity rangeswith equallength.
Theseareasare placedover the transformeddiffusion-weightedslice. Then the
variancewithin eachareais calculatedandthesimilarity measureis de�ned from
a weightedsumof thevariances.Thecorrelationratio assumesthateachintensity
isosetin thereferenceimageshouldcorrespondto a low dispersionintensityrange
in theimageto bealigned.

While bothmethodshave givensimilar results,thevariability acrossthefour rep-
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Fig. 4. Comparisonbetweenmutual information and correlation ratio for one gradient
direction: (1,1,0).Reproducibility of the correctionprocessacrossthe four repetitionsin
threegradientdirections,(1,1,0),(1,0,1)and(0,1,1),with sixdifferentstrengths.

target raw image correction

Fig. 5. Exampleof distortioncorrection

etitionswashigherfor thecorrelationratio (seeFig. 4). This lower reproducibility
couldbepredictedsincethefunctionalrelationshipbetweenthetwo slicesassumed
by thecorrelationratio is notveri�ed. Therefore,this resulttendsto provethatmu-
tual informationis moreadaptedto ourproblem.

In general,thecorrectionwasreproducibleacrossthefour repetitions(seeFig. 4).
The largestvariability wasobserved for the translationparameterJ+b , which can
beunderstoodfrom theshapeof MI landscape(seeFig. 3). MI isophotes,indeed,
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arerathercylindrical with a T0 orientedaxisalongwhich somelocal maximacan
beobserved.An interestingresultis thefactthatthehighestvariability is obtained
for the threerepetitionsof the pureT2-weightedtarget (no sensitizinggradient)
for which ^NM‹> , Jqd�MŒ? but JcbŽ• M•? . This observation tendsto prove that eddy
currentshavelongtermtrendsthatcorruptseveralconsecutiveacquisitions.Finally,
theestimateddistortions�t well with thephysicalinterpretationmentionedabove:
Thexy andyz gradientsinducea scaling,thexz andyz gradientsinducea global
translation,andthexy andxz gradientsinduceashearing.

3 Robust tensorestimation

Theestimationof thediffusiontensoris donefrom linearequation1. The • matrix
in this equationdependsonly on thesequence,andcanbecomputedfrom Bloch's
equations,eitherformally or numerically[30,31].Eachdiffusion-weightedgradi-
ent choiceleadsto a different • matrix. To get a solvablelinear system,at least
six differentdirectionsof diffusion-weightedgradientshave to be chosen.In the
simplestcasewith only onegradientstrengthfor eachof six directions,the linear
systemis madeup of six equationsandsix unknown valuesto be estimated(the
symetrictensorcomponents).In suchsituations,thesolutionis straightforward.

In morerealisticsituations,however, moreacquisitionsareperformedto improve
thesignalto noiseratio andastandardestimationprocedurehasto bedesigned.In
thecaseof thedatausedin thispaper, for instance,� vedifferentgradientstrengths
wereusedfor eachof six directions,leadingto 30equations.Thisschemehasbeen
repeatedfour timesleadingto 120 equations.Anotherkind of datasetconsistsof
usingonly onegradientstrengthbut a lot of differentdirections[17]. This choice
allowsaminimal in�uenceof thedirectionchoiceonthetensorestimation.Thisin-
�uence, indeed,stemsfrom thefactthatthetensormodelis usuallynotsuf�cient to
perfectlydescribedtheactualdiffusionprocess.This remarkconcernsnotonly the
problemof �ber crossing[43,28],but alsothemulti watercompartmentissue[14].
Futurework, indeed,mayleadto acknowledgeacomplex dependencebetweenthe
diffusiontensorandthegradientstrength.Anyway, whenthemodelto beestimated
is asingletensor, asecondmodelhasto bechosenfor noise�rst, thenanestimator
canbederived.

While tradition andeaseof computationhave madethe leastsquaresmethodthe
popularapproachfor theregressionanalysisyielding thetensormatrix estimation
[5], this methodbecomesunreliableif someoutliersarepresentin the data.The
noisemodelunderlyingthe leastsquaresestimator, however, is deeplyrelatedto
the Gaussiandistribution. Unfortunately, MR artefactsand someweaknessesof
the tensormodelleadus to claim that thedatado includesomeoutliersrelatively
to this distribution.Robustregressionmethodscanbeusedin suchsituations[32].
TheM-estimatorsarethemorepopularrobustmethods.Theseestimatorsminimize
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Fig. 6. In�uenceof outliers onthenumberof nonpositivetensormatricesandonthedirec-
tion of highestdiffusion.

Fig. 7. Left: rawT2-weightedimage. Right: tensorfractionalanisotropy[35] withoutand
with distortioncorrectionandrobustregressor. Fractionalanisotropyis a ratio which mea-
suresthevariability betweenthediffusiontensoreigenvalues.Without thecorrections,the
distortionsin theY directionscreatea layer of veryanisotropic tensors. With thecorrec-
tion, this layer hasalmostdisappeared and the boundarybetweengrey and whitematter
hasbeenlargely improved.
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MP? . A residualis de�ned asthedifferencebetweenthedata
point andthe�tted value.For theleastsquaresmethod‘’��“

v

�”MN“9�

v . Severalother ‘

functionshave beenproposedwhich reducethe in�uence of large residualvalues
on the estimated�t. We have chosenoneof the mostpopularones,the Geman-
McLure estimator‘’��“

v

�•M –"—
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—
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QSF
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v{¤@¥ . This estimator
cancelsout the in�uence of the large residualslocatedlargely beyond œ because

‘ is �at outsidea centeredbasin.In contrast,the leastsquaresapproachis mainly
drivenby theselargeresiduals.TheM-estimateof thediffusiontensoris obtained
by converting the minimization into an iteratedweightedleastsquaresproblem.
Theinitial guessis thesolutionof thestandardleastsquares.

In orderto comparethebehaviour of the two estimators,raw datahave beencor-
ruptedwith variouslevelsof outliers(of coursesomeactualoutliersarealsopresent
in thesedata).For a givenexperiment,a percentage¦ of the124 imagesis mod-
i�ed. For suchimages,an additionalerror Ÿ is addedto eachvoxel. This error is
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sampledfrom a Gaussiandistributionwhosemeanis themeanintensityinsidethe
brain,andwhosestandarddeviationis atenthof themean.Two measurescomputed
for thevoxelslocatedinsidethebrainallow usto assesstheeffectof theseoutliers.
The�rst oneis thenumberof nonpositiveestimatedtensors,which have no phys-
ical interpretation.Suchsituationscan occur becauseno positivity constraintis
embeddedin the�tting process.Thesecondmeasureis themeanangularvariation
betweenthedirectionof highestdiffusionaccordingto the tensorsestimatedwith
andwithoutoutliers.Thisdirectioncorrespondsto thetensoreigenvectorassociated
with the largesteigenvalue.Theevolution of thesemeasuresrelatively to theper-
centageof outliers ¦ is proposedin Fig. 6. Thesuperiorityof theGeman-McLure
estimatoris straightforward.

It shouldbenotedthata simpleway of addinga positivity constraintinto theten-
sorestimationwould consistin projectingtheestimatedtensoron themanifoldof
positive tensors.Unfortunately, this approachwould amountto replacingnegative
eigenvalueswith zero,whichwould leadto nonde�nite tensorwith nomorephys-
ical meaning.In ouropinion,theexistenceof a few nonpositive tensorsmaystem
from someweaknessesof thetensormodel,which is too simpleto accountfor the
complexity of thediffusionprocessoccurringinto a brainvoxel. Thereforethefu-
ture of diffusion imaging is in the designof moresophisticatedmodelsinferred
for instancefrom highersamplingof thesensitizinggradientdirection[17,42,43].
Whatever themodelto beestimated,however, robustapproacheswill be required
to dealwith thebadqualityof diffusion-weightedraw data.

4 Conclusion

This paperhaspresenteda robustprocedureto estimatethediffusion tensorfrom
a sequenceof diffusion-weightedimages.This procedureis madeup of a robust
correctionof theeddy-currentrelateddistortionsandof a robustestimationof the
tensormatrix. Furtherwork, however, could still improve this procedure.For in-
stance,theissueof distortioncorrectionin thepresenceof subjectmotionremains
completelyopen,like in thecaseof functionalMRI. Nevertheless,our new proce-
durealreadyhighly improvesthequality of thediffusionmapwhich is illustrated
by anisotropy imagesin Fig. 7. Thewholeschemehasbeenappliedwith success
to morethan100datasets,includingnumerousclinical cases.

Thebasictenetunderlyingour procedureis therobustnessto outliersthatcanbias
eithercross-correlationbasedrealignmentproceduresor leastsquaresbasedten-
sor estimation.While this tenetis very usualin the �eld of computervision, the
�eld of MR physicsis muchmoreusedto leastsquaresbasedapproachesthatare
boundto fail with poordata.Therefore,we think thatthe�eld of diffusionimaging
maybecomein a nearfuturepropitiousfor rich collaborationsbetweenthetwo re-
search�elds. Foreseeabledevelopmentof MR diffusion imagingwill rapidly call
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for re-evaluationof theprocedureproposedin this paper. Theapparitionof ultra-
fastparallelimagingapproachesusingseveralcoils [4] andhighangularresolution
imagingsequences[17,42,43],indeed,will fathernew postprocessingchallenges.
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