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Abstract

This paperpresentsa new procedureto estimatethe diffusion tensorfrom a sequencef
diffusion-weightedmages.The rst stepof this procedureconsistsof the correctionof
the distortionsusually inducedby eddy-currentelatedto the large diffusion-sensitizing
gradients.This correctionalgorithmrelieson the maximizationof mutualinformationto
estimatahethreeparametersf ageometriadistortionmodelinferredfrom theacquisition
principle. Thesecondstepof the procedureamountgo replacingthe standardeastsquares
basedapproactby the Geman-McLuréM-estimatoyin orderto reduceoutlier relatedarte-
facts.Several experimentsprove thatthe whole procedurehighly improvesthe quality of
the nal diffusionmaps.
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1 Intr oduction

Thereis currentlyconsiderablénterestin the useof MRI for imagingtheapparent
diffusion of waterin biological tissueg25]. The physicalprocesaunderlyingthis
diffusion is the randomwalk motion of the moleculesin a uid: dueto thermal
agitation,themoleculesareconstantlymoving andcolliding with neighborsWhen
the uid is embeddedhto the complex geometryof biologicaltissue however, the
collisionswith cell membranesndmacromoleculesndthe restrictionto various
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compartmentsighly in uence this processHence,by probing the microscopic
motionof tissularwater diffusion-weightedmagingprovidesauniquein vivo tool

for studyingthe structureof biologicaltissue.ln particular this imagingmodality
givesaccesgo variousinformationaboutthe brain microstructureghat could be

usedto improve theinterpretatiorof functionalimagingstudies.

Diffusion-weightedVIRI relieson a phenomenoihatcould have beenconsidered
asatechnicalproblemonly. Whenprotonsare placedinto a staticmagnetic eld
(B0O), they begin to precesqie, their magneticvector rotatesaroundB0). A key
point underlying MRI is the linear relationshipbetweenthe local eld strength
andthe frequeng of the protonprecessiomimotion, which is the frequeng of the
signal producedin the receving antennaAdding a gradientto BO encodeshe
spinlocalizationinto thisfrequeng, whichleadsto imagesafter Fouriertransform.
Withoutspeciabpreparationtheprotong(spins)precessingn astaticmagneticeld
(BO) donotproducesignalin thereceving antenndin x-y plane)becausef lack of
coherencdetweertheindividual precessiongthey areall out of phaseandhence
have no nettrans\ersecomponent)By applyinga 90 degreeradio-frequeng (RF)
pulse,thefrequeng of which matcheghefrequeny of precessiorf protons,the
spinscanbe madeto be in phaseandhave a nettrans\ersecomponentproducing
signalin an antennaAfter the 90 degreeRF pulsethe spinswill againgo out of
phase mainly becauseof the effect of external eld inhomogeneitiesFor static
spins,the dephasingcausedoy external eld inhomogeneitiesan be eliminated
with a 180 degreepulseleadingto whatis calleda spinecho.This is not possible
for spinsundegoingdiffusionbecausehey arenot static(their position uctuates
randomlybecausef the randomcharacteof the thermalspinmotion). Theresult
is diffusion-relatedsignalattenuation.

While with standardMR sequenceshediffusion-relatedignalattenuations neg-
ligible, diffusionimaging sequencescreasehis effect with the addition of two
strong diffusion sensitizinggradientpulses[41]. Theseadditional gradientsin-
creasethe attenuationof the signal producedby the spinsthat move along the
gradientdirection.Within a simpleisotropicmediumlik e a glassof watet the at-
tenuationis relatedto an exponentialof the mediumpropertycalledthe diffusion
coefcient (thestandardoefcient of Fick'slaw). By using,for instanceanim-
agewithout diffusionweightingandonediffusion-weightedmage,we cancalcu-
latea D valuefor eachvoxel. As a consequencef their spatialstructure however,
mary substanceandbiologicaltissuesexhibit anisotropicdiffusion behaior: the
computediffusioncoefcient depend®nthedirectionof thesensitizinggradient.
Therefore whenanisotroly of the 3D diffusion processs of interest,for instance
for ber bundletracking[37], asymmetricdiffusiontensor hasto be calculated
for eachvoxel from a seriesof diffusion-weightedrolumes|[6,5]. Eachsuchvol-
umeis acquiredwith a differentapplieddiffusion-sensitizingyradient/41]. These
gradientsareappliedin orderto vary a symmetricmatrix thatdepends
onthegradientdirection,strengthandtiming [31]. Thediffusion-sensitizingyradi-
entaffectsthe signalintensityof ary givenvoxel in amanneithatcanbedescribed



by thelinearequation:

(1)

where denoteghe signalof the selectedsoxel. Whena sufcient numberof different
matricess used(relatedto atleastsix differentgradientdirections) thediffusiontensor
canbeestimated.Suchcalculationsaresimpleif eachvoxelin thedifferentvolumes
representthesamepointin theanatomyof thesubjectput canbeimpracticalif dif-
ferentvolumesof the seriesaredistortedrelative to eachother Diffusion-weighted
images,however, are often acquiredusing Echo-Planatmaging (EPI), to reduce
acquisitiontime andartefactsrelatedto physiologicalmotions.Unfortunately this
fastacquisitionschemes highly sensitve to eddy currentsinducedby the large
diffusion gradients[18]. Theseeddy currentscan causesigni cant distortionsin
the phase-encodingdirectionwheretheimagebandwidthis quite low (seeFig. 1).
Sincethe degreeand natureof this artefact typically vary both with the strength
and orientationof the diffusion-sensitizinggradient,distortionscan dramatically
changehe estimatedliffusiontensor

The methodsfor reducingthe effects of eddy currentsmay be divided into three
cateyories.The rst onesimply consistof modi cationsof thegradientsequences
[1]. Thisapproachhowever, seemsnsufcient to getcompletelyrid of artefacts. A
secondamily of approachesyhichrely deeplyon MR physics requireadditional
experimentaldata[23,21]. Sincethe eddy-currentdistortionsdo not rely on the
subjects headgeometrythesecumbersomedditionalacquisitionscanbe doneon
phantomsonly during a calibrationoperation.Unfortunately the obtainedcorrec-
tion schemehasto be updatedon a regular basisbecausef someslow variations
of themagnef9].

Thelastkind of approachearepurelyretrospectie andcanbe consideredsreg-
istrationmethodsThey useadistortiongeometrianodelinferredfrom theacquisi-
tion principle,which leadsto estimateafew parametersisinga standardsimilarity
measurdik e cross-correlationl8,13,10].Suchsimple similarity measureshow-
ever, are not sufcient to perfectly take into accountthe complex dependencies
embeddedn equationl [9]. In this paperwe proposeto estimatethe few param-
etersof the distortiongeometricmodelusingthe mutualinformationassimilarity
measuren orderto achiave amorerobustcorrectionschemg26,44].

It shouldbe understoodhat EPI imagingleadsto anotherkind of distortionsin-
ducedby susceptibilityartefacts[22] thatis not addresseth this paperbecausét
is notdependenon thediffusiongradient.Thesedistortionsarenonlinearandde-
pendonthesubjects headgeometry They have to be correctedo relatefunctional
MRI experimentgperformedwith EPlwith standardighresolutionanatomicaim-
ages Severalregistrationscheme$iave beenproposedor this purposeusingeither
a free deformationmodelwith a high numberof parameter$19], or a morecon-
strainedmodeltaking into accounta priori knowledgeaboutthe main distortion
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Fig. 1. Exampleof eddy-curentrelateddistortions(8mmin theworst case)or two different
diffusionsensitizinggradientmagnitudes.

directionandadifferenceof squaredbasedsimilarity measurg24].

This paperproposes secondmprovementof the standardcalculationof the dif-
fusiontensor . Thelinearity of Eq. 1 usuallyleadsto a leastsquaresasedre-
gressionmethod[5]. This approachhowever, is not robust to the variouskinds
of noisesthatcanbe obseredin diffusion-weighteddata[11,7,40,2].Non Gaus-
siannoisecanstemfor instancefrom physiologicalmotions(brain beat),subject
motions[3,14] or residualdistortions.While carefulacquisitionschemesncluding
cardiacgating[16] andnavigatorecho[12,14]mayreducesomeof theseproblems,
someweaknessesf the tensordiffusionmodelleadto otherregressiorproblems:
eachvoxel includesseveralwatercompartmentendaved with differentdiffusion
processethataremixedupin thedata[15]. Furthermorethechoiceof thegradient
directionsusedby the MR sequenceanleadto very differentestimationsituations
[33]. Sophisticatedestorationschemesiedicatedo diffusion-weighteddataare
boundto be developedin the future to improve the situationusing for instance
anisotropicsmoothing34]. In ouropinion,however, theserestoratiormethodscan
not be perfectbecausef the poorquality of theraw data.Hence,in orderto over
comethe in uence of outlierson the tensorestimation,we proposethe useof a
standard-obust M-estimator[32]. A comparisorof the behaiour of bothregres-
sionmethodsn the presencef variouslevelsof corrupteddataprovestheinterest
of therobustapproachAn earliershorterversionof this papemwaspublishedn the
MICCAI proceeding$29].

2 Distortion correction

In thefollowing, echo-planadiffusion-weightedmageswereacquiredn theaxial
plane.Blocks of eight contiguoussliceswere acquiredeach2.8mmthick. Seven
blockswereacquiredcoveringtheentirebraincorrespondindo 56 slicelocations.
For eachslicelocation31imageswvereacquireda T2-weightedmagewith no dif-

fusionsensitizatiorfollowedby 5 diffusionsensitizedsets(b valueslinearly incre-
mentedto a maximumvalueof ) in eachof 6 non-colineardirections.
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Fig. 2. Thesimplegeometricmodelof eddy-curent relateddistortions

In orderto improve the signalto noiseratio this wasrepeated! times, providing
124 imagesper slice location. Theimageresolutionwas128x 128, eld of view

For eachslice,eachacquisitionis alignedwith the rst imageof the serieswhich
is the standardr 2-weightedimagewithout diffusion sensitizationThis alignment
is doneoneacquisitionat atime, like for fMRI motion correctionprocedureskor
conveniencewe usethe notationthattheimageis in the XY plane,andthe phase-
encodingdirectionlies alongY. Simple considerationgboutMR physicsleadto
thefollowing distortionmodel[18]:

A residualgradientin the slice-encodinglirectionZ producesuniform transla-
tion alongy;

A residualgradientin the frequeng-encodingdirectionX producesa sheampar

allelto Y (atranslationlinearly relatedto X);

A residualgradientn thephase-encodindirectionY producesuniformscaling
in'Y direction.

Hence the geometrionodel(seeFig. 2) canbewrittenfor eachcolumn  as:

(2)

which amountsto a simple slice dependenafne transformation( is the scale
factor aglobaltranslationand ashear)An additionalglobalmultiplicative
correctionby — hasto be appliedto the slice intensities which is doneafter esti-
mationof . Thislastcorrectionstemsrom anenegy conserationbased
MR principle.

In orderto estimatethe af ne transformationwhich bringsa diffusion-weighted
slice into spatialalignmentwith the standardl 2-weightedslice, a similarity mea-
suretakinginto accounthe complex dependencbetweerintensitiesembeddedn
Eq.1lhasto be chosen.The purposeof this similarity measuras to returna value
indicatinghow well the two slicesmatchgiven a certaintransformation27,20].
Ideally, by maximizing this similarity measureone should nd the afne trans-
formation that registersthe slices. The optimal transformationhowever, usually
dependson the chosensimilarity measureand on the implementatiorof its opti-
mization. The cross-correlationmeasurgperformspoorly on this problem([8] be-
causethe hypothesif a linear relationshipbetweerthe T2-weightedintensities
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Fig. 3. Orthogonalslicesof the mutualinformationcrossingat the global maximum.

andthediffusion-weighteaness notveri ed (otherwisediffusionimagingwould
bemuchlessinteresting) Furthermoreanisosetin the T2-weightedslicemaycor-
respondto a large rangeof valuesin the diffusion-weightedslice. This T2-based
isosetjndeedhidesthelargevariability of theunderlyingdiffusiontensorsHence,
the functionaldependencassumedby the similarity measure®asedon weighted
sumsof isosetvariancess notveri ed too [45,39].

Therefore we have choserto rely on the mutualinformation,which is a measure
originatingfrom informationtheoryassuminghe leastaboutintensitydependence
[26,44]. Theunderlyingconcepis entropy. Theentropy of animagecanbethought
of asameasuref dispersionn thedistribution of theimagegrayvalues Giventwo
imagesA andB, thede nition of the mutualinformationMI(A,B) of theseimages
is: MI(A,B) = E(A) + E(B) - E(A,B) with E(A) andE(B) the entropiesof theim-
agesA andB, respectrely, andE(A,B) theirjoint entrogy. Thejoint entrogy E(A,B)
measureshe dispersiornof the joint probability distribution p(a,b):the probability
of the occurrenceof grayvalueain imageA andgrayvalueb in imageB (atthe
sameposition),for all aandb in theoverlappingpartof A andB. Thejoint probabil-
ity distribution shouldhave fewer andsharpempeakswhentheimagesarematched
thanfor any caseof misalignmentThereforemaximizationof mutualinformation
shouldcorrespondo theoptimalaf ne transformation

Sincethetwo imagesto be alignedare128x128slicesto be comparedo the usual
3D situation,a Parzenwindow is usedto getarobustestimationof thejoint inten-
sity distribution. This Parzenwindow is a truncatedGaussiarkernelsufcient to
smooththe joint histogram.This approachturnedout to be crucialto preventthe
maximizationalgorithmto be trappedin Ml local maxima.Hence,estimationof
Ml consistf alinearresamplingof theimageto be alignedaccording
to Eq. 2, followed by the applicationof the Parzenwindow to the joint histogram.



ThenMI canbecomputedrom:

Ml

where is the samplingof the joint probability distribution (in practice

, becausef the few sampledeadingto thejoint histogramcomputation), the
intensityin the targetimageand theintensityin the imageto be aligned.The
maiginal probabilities and arecomputeddy row andcolumnsummation.

Sincel23realignmenthave to be performedfor eachslice of the volume,a fast
optimizationschemas required.Fortunately the useof a Parzenwindow leadsto

a rathersmoothMI landscaperoundthe global maximum(seeFig. 3). In some
casesseveral maximahave beenobsened nearthe global one.In suchsituations,
however, we could not claim that the global maximumwas a bettersolutionthan
the surroundingmaxima.Hence Powell algorithmhasbeenusedin the following

to maximizeMI [38]. A multiresolutionapproachhowever, may be usedin the
futureto geta morereliableselectionof the optimalmaximum[36]. For eachnew

image,theinitial positionis (1,0,0),namelythe no distortionsituation.

Thanksto the four repetitionsembeddedn our acquisitionprocessthe accurayg
andthe robustnessf the correctionprocesscanbe evaluated A rst experiment
consistof comparingheresultsobtainedusingmutualinformationwith theresults
obtainedusinganothersimilarity measurethe correlationratio [39]. This experi-
mentaimsat evaluatingwhetherthe agumentsaboutintensitydependenckading
to chooseMI could be supportedoy someexperimentalresults.While similarity
measure$ik e the crosscorrelationassuming linear dependencbetweenntensi-
tiesareclearlyill-adaptedto our problem,it wasinterestingto testanintermediate
measureassuminga wealer relationshipbut lessdegreesof freedomthanMI. Ro-
bustnessindeed,is usuallyobtainedwhenstronga priori knowledgeis embedded
in the similarity measure.

The correlationratio is anasymmetricabimilarity measureassuminga functional
dependencéetweenboth imageintensities[39]. This measurewhich hassome
link with the inter-modality measurgproposedn [45], requiresthatthe reference
image be partitionedinto a numberof intensity isosets,namely broken up into
areasf similar intensity Our local implementatiorrelieson a partition of the T2-
weightedslice in 64 isosetscorrespondingo intensity rangeswith equallength.
Theseareasare placedover the transformeddiffusion-weightedslice. Then the
variancewithin eachareais calculatedandthe similarity measures de ned from
aweightedsumof the variancesThe correlationratio assumeshat eachintensity
isosetin thereferencamageshouldcorrespondo alow dispersiorintensityrange
in theimageto bealigned.

While both methodshave givensimilar results the variability acrosshe four rep-
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Fig. 4. Comparisonbetweenmutual information and correlation ratio for one gradient
direction: (1,1,0).Repoducibility of the correction processacrossthe four repetitionsin
threegradientdirections,(1,1,0),(1,0,1)and(0,1,1),with six differentstrengths.

target raw image correction
Fig. 5. Exampleof distortioncorrection

etitionswashigherfor the correlationratio (seeFig. 4). This lower reproducibility
couldbepredictedsincethefunctionalrelationshigbetweerthetwo slicesassumed
by thecorrelationratiois notveri ed. Thereforethisresulttendsto prove thatmu-
tual informationis moreadaptedo our problem.

In generalthe correctionwasreproducibleacrosghe four repetitions(seeFig. 4).
The largestvariability was obsened for the translationparameter , which can
be understoodrom the shapeof M| landscapdseeFig. 3). Ml isophotesjndeed,



arerathercylindrical with a TO orientedaxis alongwhich somelocal maximacan
be obsenred. An interestingresultis thefactthatthe highestvariability is obtained
for the threerepetitionsof the pure T2-weightedtarget (no sensitizinggradient)
for which , but . This obsenation tendsto prove thateddy
currentshavelongtermtrendsthatcorruptseveralconsecutreacquisitionsFinally,

the estimatedlistortionst well with the physicalinterpretatiormentionedabove:

Thexy andyz gradientanducea scaling,the xz andyz gradientanducea global
translationandthexy andxz gradientdnducea shearing.

3 Robust tensor estimation

Theestimationof thediffusiontensoris donefrom linearequationl. The  matrix
in this equationdepend®nly on the sequenceandcanbe computedrom Bloch's
equationsegitherformally or numerically[30,31]. Eachdiffusion-weightedgradi-
entchoiceleadsto a different matrix. To geta solvablelinear system at least
six differentdirectionsof diffusion-weightedyradientshave to be chosenlin the
simplestcasewith only onegradientstrengthfor eachof six directions thelinear
systemis madeup of six equationsandsix unknavn valuesto be estimatedthe
symetrictensorcomponents)ln suchsituationsthe solutionis straightforvard.

In morerealisticsituations however, more acquisitionsare performedto improve
thesignalto noiseratio anda standardestimationproceduréhasto be designedin
the caseof thedatausedin this paperfor instance, ve differentgradientstrengths
wereusedfor eachof six directions Jeadingto 30 equationsThis scheméhasbeen
repeatedour timesleadingto 120 equationsAnotherkind of datasetonsistsof
usingonly onegradientstrengthbut a lot of differentdirections[17]. This choice
allowsaminimalin uence of thedirectionchoiceonthetensorestimationThisin-
uence, indeed stemdrom thefactthatthetensomodelis usuallynotsufcient to
perfectlydescribedheactualdiffusionprocessThis remarkconcernsiotonly the
problemof ber crossing43,28],but alsothe multi watercompartmenissue[14].
Futurework, indeedmayleadto acknavledgea complex dependencbetweerthe
diffusiontensorandthegradientstrength Anyway, whenthemodelto beestimated
is asingletensorasecondnodelhasto bechoserfor noise rst, thenanestimator
canbederived.

While tradition and easeof computationhave madethe leastsquaresnethodthe
popularapproacHor the regressioranalysisyielding the tensormatrix estimation
[5], this methodbecomeaunreliableif someoutliersare presentin the data.The
noisemodelunderlyingthe leastsquaresstimatoy however, is deeplyrelatedto
the Gaussiandistribution. Unfortunately MR artefactsand someweaknessesf
thetensormodelleadusto claim thatthe datado include someoutliersrelatively
to this distribution. Rolhustregressiormethodscanbe usedin suchsituationg32].
TheM-estimatorsaarethemorepopularrobustmethodsTheseestimatorgninimize
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tion of highestdiffusion.

Fig. 7. Left: raw T2-weightedmage. Right: tensorfractionalanisotopy[35] withoutand
with distortioncorrectionandrobustregressorFractionalanisotopyis a ratio which mea-
suresthe variability betweerthe diffusiontensoreigenvalues.Wthout the corrections,the
distortionsin the Y directionscreatea layer of very anisotiopic tensos. With the correc-
tion, this layer hasalmostdisappeagd and the boundarybetweergrey and white matter
hasbeenlargely improved.

the sumof a symmetric,positive-de nite function of theresiduals , with a
uniqueminimumat . A residualis de ned asthedifferencebetweerthedata
pointandthe tted value.For theleastsquaresnethod . Severalother

functionshave beenproposedwvhich reducethe in uence of large residualvalues
on the estimatedt. We have chosenone of the mostpopularones,the Geman-

McLure estimator —, where . This estimator

cancelsout the in uence of the large residualdocatedlargely beyond because

is at outsidea centeredbasin.In contrastthe leastsquarespproactis mainly
drivenby theselarge residuals The M-estimateof the diffusiontensoris obtained
by corverting the minimizationinto an iteratedweightedleastsquaregroblem.
Theinitial guesss the solutionof the standardeastsquares.

In orderto comparethe behaiour of the two estimatorsyaw datahave beencor-
ruptedwith variouslevelsof outliers(of coursesomeactualoutliersarealsopresent
in thesedata).For a givenexperiment,a percentage of the 124imagesis mod-
i ed. For suchimages,anadditionalerror is addedto eachvoxel. This erroris

10



sampledrom a Gaussiardistribution whosemeanis the meanintensityinsidethe
brain,andwhosestandardleviationis atenthof themean.Two measuresomputed
for thevoxelslocatedinsidethebrainallow usto assessheeffect of theseoutliers.
The rst oneis the numberof nonpositive estimatedensorswhich have no phys-
ical interpretation.Such situationscan occur becauseno positivity constraintis
embeddedhn the tting processThe secondneasuras the meanangularvariation
betweerthe directionof highestdiffusion accordingto the tensorsestimatedvith
andwithoutoutliers.Thisdirectioncorrespond#o thetensoreigervectorassociated
with the largesteigervalue.The evolution of thesemeasureselatively to the per
centageof outliers is proposedn Fig. 6. The superiorityof the Geman-McLure
estimatoris straightforvard.

It shouldbe notedthata simpleway of addinga positivity constraintinto the ten-
sor estimationwould consistin projectingthe estimatedensoron the manifold of

positive tensors Unfortunately this approachwould amountto replacingnegative
eigervalueswith zero,whichwould leadto nonde nite tensorwith nomorephys-
ical meaningln our opinion,the existenceof a few nonpositive tensoramay stem
from someweaknessesf thetensormodel,which is too simpleto accountfor the
complity of the diffusionprocessoccurringinto a brainvoxel. Thereforethe fu-

ture of diffusionimagingis in the designof more sophisticatednodelsinferred
for instancefrom highersamplingof the sensitizinggradientdirection[17,42,43].
Whatever the modelto be estimatedhowever, robustapproachesvill berequired
to dealwith the badquality of diffusion-weightedaw data.

4 Conclusion

This paperhaspresentedh robust procedurego estimatethe diffusion tensorfrom
a sequencef diffusion-weightedmages.This procedures madeup of a robust
correctionof the eddy-currentelateddistortionsandof a robustestimationof the
tensormatrix. Furtherwork, however, could still improve this procedureFor in-
stancetheissueof distortioncorrectionin the presencef subjectmotionremains
completelyopen likein the caseof functionalMRI. Neverthelesspur new proce-
durealreadyhighly improvesthe quality of the diffusion mapwhich is illustrated
by anisotroy imagesin Fig. 7. The whole schemehasbeenappliedwith success
to morethan100datasetsincludingnumerouglinical cases.

Thebasictenetunderlyingour proceduras the robustnesgo outliersthatcanbias
either cross-correlatiomasedrealignmentproceduresr leastsquaresdasedten-
sor estimation.While this tenetis very usualin the eld of computervision, the
eld of MR physicsis muchmoreusedto leastsquaredasedapproachethatare
boundto fail with poordata.Thereforewe think thatthe eld of diffusionimaging
may becomen a nearfuture propitiousfor rich collaborationdetweerthetwo re-
searchelds. Foreseeablelevelopmentof MR diffusionimagingwill rapidly call

11



for re-evaluationof the procedureproposedn this paper The apparitionof ultra-
fastparallelimagingapproachesasingseveralcoils [4] andhighangularesolution
imagingsequencefl7,42,43],indeed will fathernew postprocessinghallenges.
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