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Evolution de Surfacepar Statistique de Régionpour la
Segmentationen Imagerie par Q-Ball

Résumé: Nousproposonsine méthodede segmentationdesimagesde diffusion a hauterésolu-
tion angulairglHARDI) obtenue&nimagerieparQ-ball (QBI). D'abord, la fonctiondedistribution
d'orientation(ODF) des bres dela matriéreblancheestestiméeal'aide dela basedesharmoniques
sphérique®t d'une méthoded'estimationrécente analytique robusteet rapide. Ensuite,nousuti-
lisonsune éwlution de surfacepar statistiquede régionsur cetteimaged'ODF pour retrouver des
ensemblesle faisceauxde bres cohérentpartageantes mémescaractéristiquesNousmontrons
quenotrenouelle méthodeaeproduitiesrésultattatdel'art baséssurle tenseudediffusion(DT)
et guenousaméliorondes résultatsde segmentationdansles régionsde croisementsle faisceaux
bres, la ou le DT estintrinsequemenltimité. En n, nosrésultatssur desdonnéesimulées,sur
un fantdmebiologique,sur desdonnéeséellesainsiquesurla basede donnéedHARDI publique
comportantl3 sujetsdémontrentjue notreapprocheestreproductible automatiquest apporteune
valeurajoutée@mportantepourla segmentatiord'imagesIiRM pondéréegndiffusion.

Mots-clés: Imageriedu tenseurde diffusion (DTI), imageriede diffusion a hauterésolution
angulaire(HARDI), imageriepar Q-ball (QBI), function de distribution des orientations(ODF),
segmentationcourbede niveau,distanceRiemanniennet Euclidienne
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4 M. DescoteauxRR. Deriche

1 Intr oduction

We would like to segmentwhite matter ber bundlesin which diffusion propertiesare similar and
ultimately comparetheir featureso thosein otherROI in the samesubjector on multiple subjects.
The goalis thusto nd global coherencehat exist amongwhite matter ber tractsbelongingto

the same ber bundle. Existing DTI-basedsegmentationtechniqued|16, 24, 32, 38, 140, 42] are
inherentlylimited by the DT modelandmostoftenblockedin regionsof ber crossingsvhereDTs
are oblateandisotropic. This is why recenthigh angularresolutiondiffusion imaging (HARDI)

techniquessuchas QBI [34] have beenproposedo aid the inferenceof crossing,branchingand
kissing ber con gurations. New methodshave thus startedto appearto segmentbundlesfrom

elds of ODFs[23, 125].

In this paperwe answetthefollowing threequestions1) How canthe segmentatiorproblembe
formulatedandsolvedef ciently ona eld of ODFs?2) Whatis gainedby the ODF with respecto
theDT? 3) Is it possibleto validatethe sgmentatiorresultsandmake the segmentatiorautomatic?
To do so, we proposean ef cient region-basedevel setapproachusing a regularizedand robust
sphericaharmonicgSH) representationf the ODF [[15]. We rst shaw thata betterlocal modeling
of ber crossingsmprovessegmentatiorresultsglobally. Then,we shav thatour ODFsegmentation
is moreaccurateghanthe state-of-the-arb Tl segmentatiorbasedn the EuclidearandRiemannian
distanceq24] in regions of complex ber con gurationsfrom syntheticdata, from a biological
phantomandfrom realdata. The ODF bettercapturesstatisticsn crossingareasandis thusableto

o w throughcomplex ber regionswithoutleakingin thewholewhite matter Finally, we show that
our Q-ball sggmentations reproducibldoy segmentingautomaticallythe corpuscallosum(CC) and
thecorticospinaltract (CST) of the 13 subjectf a public QBI databas§3()].

The paperis organizedasfollows. Section? reviews the existing algorithmsfor segmentation
of white matter ber bundlesfrom diffusion MRI data. Section3.J describesur regularized fast
and robust analytical ODF reconstructiorfor QBI [[15]. Section3.2 presentsour ODF statistical
surface evolution implementedusing the level setframavork. Then, resultscomparingstate-of-
the-artDTI segmentation24] andour automaticODF segmentationare presentedn Sectior on
syntheticdatasetsnda biological phantomwith known groundtruth andon real dataset§rom the
databas§3(]. Finally, we concludewith adiscussiorof theresultsandpresentirectionsfor future
work in Section®@ andd

2 Background on Segmentationof White Matter Fiber Bundles

DT-basedSegmentation Theexisting DT-basedseggmentatiortechniquesn theliteratureare[l16,
24,132,138,140,147). In [42] they de ne aninvariantanisotrofy measurén orderto drive theevolution
of alevel setandisolatestronglyanisotropicor stronglyisotropicregionson the brain, suchasthe
CC andtheventricles.However, thereductionof thefull tensorto a singlescalarvaluecanresultin
arelatively low discriminatecapabilityandpotentiallyyields the segmentatiorof mixedstructures.
Alternatively, [I16, 22, 24,132,137, 138, 40] useor proposedifferentmeasuresf dissimilaritybetween
DTs. In [24, 132, 138, 140), the authorsusethe the Euclideandistanceto compareDTs. In [40], a
k-meansalgorithmis usedwith a spatialcoherenceonstraintandin [[37], anactive contourmodel

INRIA



Q-Ball Imaging Segmentation 5

with a regularity termis usedto performthe sggmentationof differentcerebralstructuressuchas
the thalamusnuclei and the CC. In [3§], a generalizatiorof the region-basedactive contoursto
matrix-valuedimagesis proposed.However, it is restrictedto the two-dimensional(2D) caseand
obviously limited whenit comesto 3D brain data. In [[1€], partial differentialequationshasedon
meancurvaturemotion, self-snales and geodesicactive contourmodelsare extendedto 2D and
3D tensorvaluedimagesby generalizinghe notion of structuretensorto matrix-valueddata. This
methodalsorelieson the EuclideanmetricbetweerDTs. In [22], theauthorsintroducea geometric
measureof dissimilarity by computingthe normalizedtensorscalarproductof two tensorswhich
canbeinterpretedasa measureof overlap. Finally, the methodsexposedin [3&] and[24] rely on
the symmetrizedKullback-Leiblerdivergenceand Riemanniargeodesianetricto derive an af ne

invariantdissimilarity measurebetweenDTs. In this paper our statisticalsurfaceevolution using
level setsis inspiredby the original methodof [29] andrecentDTI extensionof [24, 132], wherea
similar region-basedurfacepropagatioris implementedalsousingthelevel setframework.

HARDI-based Segmentation To our knowledgethereare only two existing HARDI-basedsey-
mentationalgorithms[l23, 25]. In [23], the segmentatioris developedin a non-Euclidearb dimen-
sional(5D) position-orientatiorspace(x; y; z; ; ) 2 <2 x S2. usingthe ODF mapreconstructed
from diffusion spectrumimaging (DSI) [, 139], a procedurecomputationallymore expensve than
QBI. Theextensionfrom 3D to 5D spacdeadsto work with huge5D matricesandthereareimpor-
tantproblemswith datahandlingandstoragewhich only allows to segmentsmall partsof cerebral
structuresln [25], the main contribution is to modelthe ODF with a mixture of von Mishes-Fisher
distributionsandusethe associatednetricin a hiddenMarkov measureeld segmentatiorscheme.
Both the ODF modelingandthe segmentationtechniqueare differentfrom our proposedmethod.
Overall, for both sggmentatioralgorithms[23, 25], the experimentalandvalidationpartsarediffer-
ent.

In this paper we proposean ef cient level setstatisticalsurfaceevolution basedon the ODFs
computedirom QBI thatwe thoroughlyteston syntheticandreal datawith complex ber con g-
urations. The level setimplementatioris simpleandef cient andthe statisticalevolution is robust
with automaticconvergence.Moreover, the ODF reconstructiorfrom QBI hasseveral advantages
thatmale it a goodchoiceof inputimage. First, samplesare only taken on a singlespherein Q-
spaceandthus,theimagingtime is muchsmallerthanthat of the DSI despitesigni cantly higher
angularresolutionmeasurementandgoodsignalto noiseratio. Next, QBI alsohasthe advantage
of beingmodel-independenthich is not the casefor otherHARDI reconstructioomethodssuchas
the multi- ber Gaussiarmodels|[i35], sphericaldecomwolution approache§2, 33] or the diffusion
orientationtransform(DOT) [28] wherea ber responsdunctionneedso beassumed priori. Fi-
nally, aswe will seein the next section,the ODF canbe reconstructedapidly in aregularizedand
compactepresentatiofil5].

3 Methods

GivenaHARDI signalwith N discretemeasuremenisnthe spherewe transformit into aspherical
harmonic(SH) seriesof order™ with R coefcients (R << N) describingthe diffusion ODF.

RR n° 6257



6 M. DescoteauxRR. Deriche

We rst summarizethe importantcontributionsof our regularized,fastandrobust analytical ODF
reconstructiorfor QBI [[15]. Then,we look for the mostprobablepartition of this ODF image of
SHsusingour new region-basedtatisticalsurfaceevolution.

3.1 ODF Estimation from QBI

QBI [34] reconstructghe diffusion ODF directly from the N HARDI measurementsn a single
sphere.The ODF is intuitive becausét hasits maximum(a)alignedwith the underlyingpopulation
of ber(s). However, computingstatisticson a large numberof discreteODF valueson the sphere
is computationallyheary andinfeasibleto integrateinto a segmentationalgorithm of the whole

brain. A morecompactrepresentationf the ODF is thusneeded.In [i3, [15, [19] a simpleanalytic
sphericaharmonic(SH) reconstructiorof the ODF is proposedFor completenessf thearticle,we

now review anddevelopthe main partsof our regularizedanalytical ODF reconstructiorsolution.
Theideais to rst estimateHARDI signalon the spherewith a regularizedsphericalharmonics
approximationand thendo a simplelinear transformatiorof the harmonicsto obtainthe desired
regularizedODF.

SphericalHarmonic (SH) Estimation of the HARDI Signal TheSH,normallyindicatedby Y.™
(C denoteghe orderandm the phasefactor),area basisfor complex functionson the unit sphere.
Explicitly, they aregivenasfollows

s

mg . — 2+ 1(\ m)! m im
YU )= 7+ m)!P\ (cos )€ 1)
where( ; ) obey physicscorvention( 2 [0; ]; 2 [0;2 ]) andP™ is an associated._eg-
endrepolynomial. For k = 0;2;4; ::;;" andm = k; :::;0; :::; k, we de ne the new index
j = jkm) = (k? + k+ 2)=2+ m andde ne our modi ed basisY with elementsY; such

that 8 p_

< 2 RgY™M); if k m<oO

Y = gko; ifm=0 ; (2)

2 Img(Y,"); if0O<m Kk
whereRe(Y.-™) andimg(Y-") representherealandimaginarypartsof Y.M respectiely. Thebasisis
designedo be symmetric realandorthonormal.Symmetryis ensuredy choosingonly evenorder
SHandtheratiosin front of eachtermalsoegsurethatthe modi ed basisis realandorthonormal
with respecto theinnerproduct< f;g >= f gd , where denotedntegrationover the unit
sphereandf is the complex conjugateof f , for f ; g complec functionson the sphere. We thus
approximatehe signalateachof theN gradientdirectionsi as

x
SCis =" ¢Yi(i; i) ©))

j=1

whereR = (* + 1)(" + 2)=2is thenumberof termsin themodi ed SHbasisY of order’. Letting
S betheN x 1 vectorrepresentingheinputsignalfor every encodinggradientdirection,C theR x
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Q-Ball Imaging Segmentation 7

1 vectorof SH coefcients ¢; andB is the N xR matrix constructedvith the discretemodi ed SH

basis 0 1
Yi( 13 1) Yo( 15 1) Yr( 15 1)
B=t : : K @
Yi( Ny n) Yao( N N) Yr( N: N)
we canwrite the setof equationsasan over-geterminedinear systemS = BC . We wantto solve
for the SH seriescoefcients ¢;, whereg, = S(; )Y;(; )d .

At this point, insteadof simply evaluatingthe integralsdirectly asdonein [17] or performinga
straightforvardleast-squarethinimizationasin [\1,133], we addlocal regularizationdirectly into our
tting procedureThisis to be ableto usea high orderestimationwithout over-modelingthe small
perturbationsueto noisein the input diffusion MRI signal. We thusde ne gmeasureE, of the
deviationfrom smoothnessf afunctionf de nedontheunitsphereast (f) = (4 ,f )?d , where
4 , isthe Laplace-Beltramoperator Usingthe orthonormalityof the modi ed SH basis Wherewe
have Yi( )Y;( )d = j ,theabovefunctionalE canberewritten straightforvardly [[15] as

Za X | X | xR
E(f) = 4y CYp 4b GYq d = S (HG)+1*=CTLC; (5)
p q j=1

wherel is simplytheR x R matrixwith entries (j )2("(j )+ 1)? alongthediagonak” (j ) istheorder
associatedvith thej " coefcient, i.eforj = 1;2;3;4;5:6;7;::: “(j) = 0:2,2,2,2;2;4;::). We
thusobtaina closed-formexpressiorfor theregularizationterm. Therefore the quantitywe wishto
minimize canbe expressedn matrix form as

M(C)=(S BC)'(S BC)+ CTLC; (6)

where is theweighton theregularizationterm. The coefcient vectorminimizing this expression
canthenbe determinedust asin the standardeast-squares ( = 0), from which we obtainthe
generalizeaxpressiorfor thedesiredsphericaharmonicseriescoefcient vector

C=(B"B+ L) B'S: (7)

Eromth|s SH coefcient vectorwe canrecoverthe signalonthe Q-ballforany ( ; ) asS(; )=

i1 GY ( ; ): Intuitively, this approachpenalizesan approximationfunction for having higher
ordertermsin its modi ed SHseries.Thiseliminatesmostof thehighordertermsdueto noisewhile
leaving thosethatarenecessaryo describeheunderlyingfunction. However, obtainingthis balance
depend®n choosinga goodvaluefor the parameter . We usethe L-curvenumericalmethod[18]
andexperimentalsimulationsto determinea goodsmoothingparametefil4, [15]. Here, = 0:006
is used,asin [[14,[15].

Analytic ODF Estimation The true diffusion orientationdistribution function (ODF) in a unit
directionu, ( u), is givenby theradial projectionof the probability distribution function (PDF) of
thediffusingwatermolecule.Tuch[134] shavedthatthis diffusion ODF could be estimatedlirectly

RR n° 6257



8 M. DescoteauxRR. Deriche

from the raw HARDI signalS on a single sphereof Q-spaceby the Funk-Radortransform(FRT).
This FRT is essentiallya smoothedversionof the true ODF [[34]. In practice,the FRT valueat a
given sphericalpoint u is the greatcircle integral of the signalon the spherede ned by the plane
throughthe origin with normalvectoru. In Appendixl, we shav how this FRT canbe evaluated
analyticallywith anelegantcorollaryto the Funk-Hecle theoren{4]. The nal ODF reconstruction
on the spherethenbecomesa simplelinear transformatiorof the SH coefcients ¢; describingthe
inputHARDI signalS,

; —>62P 0)g Yi( ;) 8
(-)_j:ll_fz(_)c}l(v)' (®)

)‘=21 35 (G) 1
246 ()

becausé(j ) is alwaysevenin our modi ed SH basis.We seethatthe SHsareeigenfunction®f the

Funk-Radortransformwith eigervaluesdependingnly ontheorder™ of the SH series.

Hence,by usinga SH estimationof the HARDI signal, we have shaoved that the QBI canbe
solved analytically This wasalsoshavedin [i3, [19]. An importantcontribution in favor of our
approachs thatthis solutioncanbe obtainedwhile imposinga well-de ned regularizationcriterion.
The accurag of the modi ed SH seriesapproximationwith the Laplace-Beltramsmoothingwas
establishedhn [14] andour regularizedODF solutionwasalsoshavedto have better ber detection
propertiesandshovedto be morerobustto noisethansimilar solutions[3, [19)].

wheref; aretheSHcoefcients describingheODF  andP-(;,(0) = ( 1

3.2 Statistical Surface Evolution

We now wantto nd a globalcoherencen this eld of Q-ball ODFsrepresentedh the SH basis.
We denotetheimageof ODFsby F : 7! <R sothatforall x 2 , F(x) is an ODF of order’

representedly avectorof R realSH coefcients, F (x) := ff1;::;frg 2 <R. Now, thequestionis
whatis agoodmetricto compareODFs?

DistancesbetweenODFs We wantto capturesimilaritiesanddissimilaritiesbetweertwo ODFs,
i.e two sphericalfunctions ; ©2 S? thatcanberepresentedy real SH vectorsf ;f %2 <R as
shawn in the previous section. Sincethe ODFs comefrom real physicaldiffusion measurements
they areboundedandform anopensubsebf thespaceof real-aluedL ? sphericafunctionswith an
innerproducthy i de ned as

7 7 0 1

X x
hi 4= () ()= @ fivi() fX()Ad: 9)

s $? = j=1

As earlier, becausca,gthe orthonormalityof the SH basis the crosstermsca@celandthe expression
issimplyh ; 9 = ijl f; f . ThereforetheinducedL? normjj jj= " h ; G givingusthe
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Q-Ball Imaging Segmentation 9

distancanetricbetweertwo ODFsis
(f; f j°)2: (10)

The Euclideandistancewas also usedsuccessfullyfor DTI segmentationin [124, 13Z] eventhough
moreappropriatametricsexist suchasthe symmetrizedullback-Leiblerdistancg24,138] andRie-
manniangeodesidistance[24]. Similarly, one canthink of choosinganothermetricto compare
ODFs. For instance sincethe ODF canbe viewed asa probability distribution function (PDF) of
ber orientationsone canusethe Kullback-Leiblerdistancebetweentwo PDFs,asdonein [134].
However, in thatcasethe problemquickly blows up computationallypecaus@neneedgo useall N
discretedataon the spheransteadof the R SH coefcients (R << N). For example,oneneedgo
procesdN = 200valuesinsteadof R = 15 SH coefcients.

Segmentationby Surface Evolution Inspiredby generalworks onimagesegmentatior|ld, 129] ,
we searchor the optimalpartitionS in two regionsS; andS; of theimage . We maximizethea
posterioriframepartitionprobabilityp(SjF ) of obtainingthedesiredsggmentatiorfor theobsened
imageof ODFsF . Themajordifferencein our approactis thatwe useorder4 ODFs,with R = 15
real coefcients whereasn the DT Euclideano w of [24, 132], DTs representetby 6D vectorsare
usedasinputto theregion-basedegmentation Note thatthe order2 SH estimationof the ODF has
six coefcients andis relatedto the DT [[14,127]. TheEuclideanDTI segmentatiori24,37] is thusa
specialcaseof the ODF segmentation.

We usethe level setframework [[11, 12, 26] to representhe optimal partition S asthe zero-
crossingof thelevel setfunction . is de ned asthe usualsigneddistancefunction,i.e. (x) =
Oifx 2 S, (x) = D(x;9)if x 2 Sgand (x) = D (x;9) if x 2 S, whereD(x;S) is
the Euclideandistancebetweenx andS. Hence,the optimal partitionis obtainedby maximizing
p( jF)/ p(Fj )p( ) usingBayesrule. AssumingODFsto beindependentvithin eachregion,we
have % %
p(Fj )= p1(F (x)) p2(F (x)): (11)

x2S X2S 2

At this point, the main assumptioris that p; and p, are Gaussianswhich meansthat eachSH
coefcient of the ODFsfollow a Gaussiaistributionin the differentpartitionsof the Q-ballimage.
Fig.MandFig.Bshaw thatthis Gaussiarmssumptioris reasonableln fact,we seethatthehistograms
for mostof the R coefcients of the ODF are“bell-shaped”. Histogramswere computedrom all
voxelsin amanuakgmentatiorof the CCandCSTin asubjecbf theQBI databas§3()] (histograms
aresimilar for all subjectsof thedatabase).Hence we considera parametriacepresentatiowith a
R-dimensionalGaussianLetting F, 2 <R bethe meanSH ODF vectorin regionr = 1;2and
betheR x R covariancematrix of the ODF vectorsin regionr, thelikelihoodof the ODF F (x) to
bepartof regionr is de nedas

1

:We)(p %(F(X) FO)T YF(x) Fy) (12)

pr(F(Q)iFr; )

RR n° 6257



10 M. DescoteauxRR. Deriche

A

f1 OrderOterm, (j) = 0;j = 1
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OrdeF2terms (1)=2j2 f2
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fio f11 f12 fis LEY fis
OrdeF4terms, (j)=4;j 217;:::;159

Figurel: Histogramsof the SH coefcients representationf the ODFff 1;:::;f 159 in the corpus
callosum(CC). The CC wasmanuallysegmentedrom subject? of the public QBI databas¢30).

A

fi
OrderOterm, (j)=0;j = 1

LMMMJLMM

OrdeFZterms (j) =22 f2 ;1 69

MMMMMMMMM

f10 f11 f1o f13 f1a fis
OrdeF4terms, (1)=4;j 217;:::;159

Figure2: Histogramsof the SH coefcients representationf the ODF ff 1;:::; f 159 in the cortico
spinaltract(CST).TheCSTwasmanuallysegmentedrom subject7 of thepublic QBI databas§3(].

Concerningthetermp( ), it expresseghe probability that the evolving surfacerepresentshe
structureof interestandit canbe usedto introducea prior shapeknowledge[24]. Here,we wantto
favor structureswith smallersurfacejSj withp( ) / exp( jSj). Thiscanbeexpressedvith by
introducingthe Dirac function[41] andthus,we have

z

p( ) = exp( (i (x)jdx): (13)

INRIA



Q-Ball Imaging Segmentation 11

The optimal sggmentatioris thenobtainedby maximizingp(Fj )p( ) or by minimizing of the
negative logarithmsof Eqs. (I3 L3 Thereforethe nal enegy minimizationis
z z z

EC p1ip2) = logpa(F (X)jF1; 1)dx logp2(F (x)jF2; 2)dx + ()ir jdx;
' o i (14)

For given statisticalparameters=1;F,; 1; 2 andregularization of the evolving surface,the

EulerLagrangesquationcanbe computedo derive theimplicit surfaceevolution

@ T p1(FjF1; 1)

— = div—— + lo —

@ 2 rj gpz_(F_JFz; 2) B 3 _
= () divi—+3} loghd (F FYT (MF F)+(F F)T LUF Fy)

(15)
The statisticscanbe updatedaftereachiterationof the ODF o w, asdescribedn [124]. More details
on this level setoptimizationcanbe foundin [i4, 110, 31, 36] The o w formulationis e xible and
onecaneasilyreplacetheinputimagevectorof ODFsF with the standardDT coefcient vector
asin [24,132]. We now comparethe EuclideanDT [24, 132] versionof the o w andmorecomple
RiemanniarDT [24] versionof the o w with our proposedODF o w.

3.3 Q-Ball Data Generationand Acquisitions
SyntheticData We generateyntheticQ-ball datausingthe multi-tensormodel[1, 114, 15,119, 134],

X
S(uj) = HEXP( bu{ D ( )u;) + noise; (16)
k=1

for N encodingdirectionsi 2 f1;::;;Ng. WeuseN = 81 from a3'9 ordertessellatiorof the
icosahedronh= 3000s/mn?, n = 1or2andD( ) thediffusiontensomwith standarcigervalues
[300,300; 1700Kk10 ® mn?/sorientedn direction [(15,134]. Thenoiseis generatedvith acomple
Gaussiamoisewith a standardleviation of 1=35, producinga signalwith SNR 35.

We generatehreesyntheticdataexample,onewith a 2- ber 90 crossing(Fig.B), anothemith
a2- ber branchingcon guration (Fig.[B) anda lastexample(Fig.[B) simulatingcrossingghatcan
occurbetweer'U”- bers (cortico-cortical bers) andlongerstraight ber bundles.Thesesynthetic
datasetdhelp understandhe behavior of the statisticalsurface evolutions when confrontedwith
complex ber geometriesand differentinitializations. We comparethe DT Riemannian24] and
ODF surfaceevolutionsonthis dataseainduse = 2 smoothnessf the surfacein theevolution.

Visualization In this paper DTsandODFsarevisualizedassphericafunctionsstretchedwith re-
specto thesurfacevalues.Thesurfacesarecoloredaccordingo the FractionalAnisotropy (FA) [i€],
with colormapgoingfrom redto bluefor anisotropido isotropicdiffusionpro les. We usethissame
colormapto allow easyvisual comparisondetweerDTs andODFs. As commonlydoneto accen-
tuateODF maxima,we min-maxnormalize[|l34] the ODFsbeforevisualization.

RR n° 6257



12 M. DescoteauxRR. Deriche

Biological Phantom Data We obtainedthe biological phantomfrom Campbellet al [€]. It was
createdrom two excisedrat spinalcordsembeddedn 2% agar The acquisitionwasdoneon 1.5T
Sonatascannetusing 90 encodingdirections,with b = 3000s=smm?, TR= 6:4 s, TE= 110ms,
2.8mmisotropicvoxelsandfour signalaveragegerdirection.We compareheDT Euclideani32],
DT Riemanniar{24] andODF surfaceevolutionson this dataseanduse = 2 smoothnessf the
surfacein theevolution.

Human Brain Data First, we usea humanbrainacquiredat the Leipzig Max Planckinstituteon
awhole-body3T scannef5] with 60 encodingdirections,with b = 1000s/mn?, 72 sliceswith
1.7mmthicknesstwenty oneb = 0 s/mn? images,128 x 128 imagematrix, TE = 100ms, TR
= 12s. We comparethe sggmentationf the DT Euclidean[32], DT Riemanniarf24] and ODF
surfaceevolutions on two well-known ber bundles,the corpuscallosum(CC) and cortico spinal
tract(CST).Weuse = 5smoothnessf thesurfacein the evolution.

Then, we testour ODF segmentationon the public QBI databasg30]. The 13 datasetsere
acquiredon a 1.5T scannemwith 200 encodingdirections,b = 3000s/mn?, 60 sliceswith 2 mm
thicknesstwenty veb= 0s/mn? images]128x 128imagematrix, TE= 93:2ms,TR= 1:9s. For
eachsubjectasinglevoxel in themedialpartof the CCandCST is selectedmanually)to initialize
the ow. Weuse = 10smoothnessf the surfacein theevolution.

4 SegmentationResults& Discussion

ODF-basedgmentationsandealwith regionsof complex ber con gurations.We rst shaw that
the ODF o w is ableto propagatehroughregionsof complex ber crossingshetterthanthe DT-
basedo w usingthe EuclideanandRiemanniardistance$24,132]. We shav comparisonresultson
syntheticdata,on a biologicalphantomandon realdatasetsWe alsoshaw thatthe corpuscallosum
(CC) andthe cortico-spinaltract (CST) of the QBI databasg¢30] canbe sggmentedautomatically
for all subjectsandthatthereexist a variability in thesestructuresacrosghe subjects.

4.1 Synthetic Datasets

First, Fig. @ shaws thatinitialization hasa strongin uence on the nal segmentedsurface. If the

initialization containsstrictly anisotropicDTs/ODFs,the nal surfaceis not ableto passthrough
the ber crossingarea,asseenin Fig.B(a,b). Similarly, the nal surfaceis trappedin the crossing
areawheninitializing strictly in the 2- ber region, asseenin Fig.B(c). Thisis becausehe statistics
of theinitial region have alarge differencewith therestof the DTs/ODFsandhence the evolving

surfaceis blockedfrom connectingo therestof the structure However, if theinitialization contains
amixture of both single ber and2- ber DTs/ODFs,the DT o w propagateshroughthe crossing
region to connectto the similar anisotropicDTs on the other side of the crossingandthe second
ber is completelyignored,asseenin Fig.[3(d,e). The DTs in the crossingare oblateandthere
is no information on the secondorientation. In contrary thereis information aboutthe second
orientationin theODF o w andthesurfaceevolution,seenn Fig.E nds thewhole2- ber structure
ascoherent.
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ODF sphericaffunctions DTsin crossingarea ODFsin crossingarea
(@) (b) (€)
(d) (e)
Init DT Riemann  ODF ow Init DT Riemann  ODF ow

Figure3: Segmentationof the 90 crossingexample. In (a-e),from left to right, the initialization
usedoverlaidontheFA map,theDT Riemanniari24] sgmentatiorandthe ODF o w sggmentation.

t=20 t=20 t=40 t= 60 t= 100 t= 140

Figure4: Evolution in time of the ODF ow onthe 90 crossing. The o w is ableto propagate
throughthe ber crossingareaandrecoverthewhole 2- ber structure.

Fig.5 andFig. 6 shav morecomplex ber con gurationswith abranchingexampleandthe“U”-
bers example.In the RiemanniarDT o w, we seethatthe surfaceremainstrappedin the regions
of theinitial seedindor all initializations.In contrary in the ODF casewhenthe o w is initialized
in the bottomandmiddle partof the branch the whole branchingstructures recoveredbecauséhe
ODF containsa broaderrangeof orientationsin its statistics. For all syntheticdataexperiments,
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DTI ellipsoids ODF sphericaffunctions
@) (b)
(€) (d)
Init DT Riemann  ODF ow Init DT Riemann  ODF ow

Figure5: Sggmentationon a syntheticbranchingexample. In (a-d), from left to right, the initial-
ization usedoverlaid on the FA map, the DT Riemannian24] segmentationand the ODF ow
segmentation. The ODF o w is ableto propagatehroughthe ber crossingareaandrecover the
wholestructure.

DT Riemanniarand DT Euclidean o ws producednearly identical qualitatve sgmentationsaand
we decidedonly to shaw resultsfor the DT Riemanniarcase.

4.2 Biological Phantom Dataset

Fig.7 andFig.8 shav thattheDT o w with theEuclideardistancas unableto segmentthestructure.
The surfaceleaksoutsidethe cordsandthe surfacedivergesbecauséheisotropicDTs in the bers
andisotropicDTsin thebackgroundhave ameandiffusivity in asimilarrange.HencetheEuclidean
distancecannotmale the differencebetweerthetwo regions. This resultwasalsoobtainedn [24].
However, our new ODF o w segmentsthe whole structurequite easily The segmentationalso
agreeswith similar resultspublishedusingthe DT Riemanniano w [24, Fig.12-13].This similarity
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DTI ellipsoids ODF sphericaffunctions
(@) (b)
(€) (d)
Init DT Riemann  ODF ow Init DT Riemann  ODF ow

Figure6: SegmentatioronasyntheticU'- ber example.In (a-d),from left to right, theinitialization
usedoverlaidontheFA map,theDT Riemanniari24] sgmentatiorandthe ODF o w sggmentation.
The ODF o w is ableto propagatehroughthe ber crossingareaandrecoverthewholestructure.

betweertheODF o w andDT Riemanniano w canbeexplainedbecaus¢hecrossingegionis very
small(roughly3x 3 x 2 region) andthus,theoverall coherencandstatisticsof thedesiredstructure
arenotdramaticallyaffectedby this crossing. Althoughthe overall shapeof the segmentationsook
the samein Fig. 7, the actualzerolevel setof the segmentingsurfacein DT Riemanniarand ODF
caseareslightly differentfor somevoxelsat the borderthe structure asseenin Fig 8.

4.3 Human Brain Datasets

We have segmentatedwo large andwell-known ber bundles,the corpuscallosum(CC) andthe
corticospinaltract (CST), on a humanbrain with b-value 1000s/mn? and 60 samplingdirections
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T1 DTs ODFs (a)

(b) (©

Figure7: Segmentatioron a biological phantom.In (a-c),from left to right, theinitialization used
overlaidonthe FA map,theDT Euclidean 24, 32] ow att = 40wherewe seethe surfacestarting
to leakoutsidethe ber structureandthe sggmentatiorof the ODF o w.

t=20 t=20 t =40 t= 60

Figure 8: Evolution in time of the zerolevel setfor the DT Euclidean[24, 32] ow (green),DT
Riemanniar{24] ow (red)andour ODF o w (blue). The contouris placedover the invertedFA
map.

andon the databasérainswith higherb-value3000s/mn? and200samplingdirections.Our ODF
segmentationon real datasetsecovers more structurethan other publishedresultson the CC and
CST[21, 24, 31, 32, 42]. First,Fig. 9 shonvsthatwe areableto reproduceaesultsfrom [24] with the
DT-basedo ws usingboth the Euclideanand Riemanniardistances Fig. 9 andFig. 10 alsoshowv
thatin the DT Euclidean o w, the evolving surfacestopsnearcomplex crossingareawhereoblate
andisotropicDTs(yellow-greenistDTs)blockthe o w. TheDT Riemanniarns ableto connecmore
voxelsthanthe DT Euclidearby slightly evolving into the crossingarea.lt is interestingto note,in
the CST example(Fig. 10), how the o w evolvesasto go aroundcomplex ber crossingsij.e. the
evolution leavesthe expectedstraightinferior-superiordirectionto go andpick up the projectionsof
the CC overlappingwith the CST andgoingto projectto the superiorcortex of the brain. However,
in the CST, the o w is still unableto recoverthebranching ber structureprojectingto the cortex.
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The ODF o w recoversthatbranchingstructureto the differentsulci andalsorecoversmoreof the
posteriorpartsof the spleniumof the CC.

We alsoobsene thatthe ODF o w evolvesmoreeasilythroughthe crossingareaand doesso
after fewer iterationsof the evolution. Corvergenceis obtainedafter 100 iterationsin the CC and
more rapidly after 60 iterationsin the CST. It is importantto point out that this corvergenceis
obtainedautomaticallywithout having to heuristicallystopthe surfaceevolution at a certaintime
t. At somepointin the evolution, the backgroundsurfaceS;) andforeground(evolving surface
S;) statisticsstabilize,i.e. the meanandcovariancematrix in thetwo regionsbecomecoherentand
convergenceis attained. Only a few voxels oscillatein and out of the regionsS; and S, on the
boundaryof the evolving structure! However, asit is oftenthe casein surfaceevolution algorithms
with a boundaryterm and/ora smoothnesserm we have to choosea certainvalue of . In the
Section3.3, we have speci ed our choicesof smoothnesgactor . In practice we obsene thatfor

too large the evolution stopsprematurelyandfor  too smallthe evolution leaksandconnectghe
whole white matter Fortunately resultsare not extremelysensitve to  andin our experiments,
convergenceis obtainedfor  betweer?2 and10 for both syntheticandreal data. Onestill needsto
try afew valuesof to obtainthebestlooking results.

Multi-Subject Study Fig 11 andFig. 12 shov the ODF segmentationgor the CCandCST of all
subjectof the QBI databas§¢30]. The sameparametersvereusedfor all 13 subjectdrom a single
voxel in the medialpart of the CC and CST selected manually)to initialize the o w. It this thus
possibleto segmentthe datasetautomaticallyandresultsarereproducibleacrossmary subjects.

Cornvergencewasalwaysobtainedautomaticallyfor all subjects.Dependingon the subject,80
to 120iterationsof the o w wereneeded.An iterationtakesroughly 0.5 secondon a Dell single
processqar3.4 GHz, 2 GB RAM machine. It is thus quite fastto obtainthe segmentationfor all
subjects.

In Fig. 11, we have sgmentedhe completeCC for mostsubjectawvith thelongerposteriomparts
of thespleniumandthefull genu,asin Fig. 9. In the CSTexampleof Fig. 12, we have alsoobtained
sgmentatiorresultsthatarein mostcasesascompleteasthe segmentatiorin Fig. 10. For the CST
example ,we overlaidthe sgmentedsurfaceonthe GFA [34] to clearlyseetheintendedwhite matter
structureto be sggmentedandalsoto notethe white matterstructuredifferencesacrossubjects For
all subjectsthe GFA slicewasalwaysthe53 9 coronalslicein voxel space.

In boththe CC and CST, we notethat someevolutions prematurelystoppednearthe crossing
areador somesubjectqe.g.subjectsl, 11 and13for the CC andsubjectss and7 for the CST).One
may think that playing with the sggmentatiorparametersuchasinitialization andthe smoothness

of the surfacemightimprove andchangetheresults.In fact,in our experimentsthis wasnot the
case.A carefulvisualinspectionof the QBI datafor thesesubjectsn regionswherethe o w stops
shaws two things: 1) Somesubjectshave “unusual” and “less complete”structuresanatomically
thanothers.For instance subjectl 3 doesnot have a curvinggenuof the CC asall the othersubject
have. Hence,the CC recoveredagreeswith the anatomyof subject13. 2) The ODFsare very
isotropicin regionswherethe o w stopsprematurely The sphericalshapeof the ODFsarealmost

1Thisis seenin the surfaceevolutionsof the CC andCST on the authors web page:
http://www-sop.inria.fr/odysseedm/Maxime.Descteauxpagessey.html
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Initialization DT Euclidean32]
DT Riemanniarj24] ODF ow
t=20 t= 10 t= 50 t=75 t= 100

Figure9: ODF o w segmentationganpropagatehroughcrossingregionsandgeta moreaccurate
segmentationof the corpuscallosum(CC). DT-basedresultsfrom [24] arereproduced.The DT-

basedsegmentationsreoverlaidonanaxialslicewith DTsandthe ODF o w is overlaidonthesame
slice with the ODFs. Thelastrow shaws the evolution in time of the ODF o w with corvergence

after100iterations.

asisotropicasthe DTs. We believe this is becauséhe HARDI signalsuffers from major partial
signalaveragingbecausef noisedueto the high b-valueacquisitionsandmultiple bers crossing
(upto three)in thosecrossingareas Hence thereis no coherencdetweerthecrossingareaandthe
restof the desiredCC/CSTstructureto segment. It is thusnot surprisingthatthe surfaceevolution
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Initialization DTI Euclidean32]
DTl Riemanniarf24] ODF ow
t=20 t=5 t=20 t= 40 t= 60

Figure10: ODF o w canpropagatéhroughcrossingregionsandgeta moreaccurateseggmentation
of thecortico-spinatract(CST).DT-basedesultsfrom [24] arereproducedThelastrow shovsthe
evolutionin time of the ODF o w with cornvergenceafter60 iterations.

stops.Why doesit occurfor thesesubjectsandnot for the othersandwhy doesit not occurfor the
datasepresentedn Figs.9 and10? Is it betterto have a higherspatialresolutionwith lessangular
samplingof the sphereand smallerb-value or a higherangularresolutionsamplingdensitywith a
largerb-valueat the costof largervoxel sizeandlower SNR?
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initialization 1 2 3

9 10 11 12 13

Figure 11: Automatic sgmentationof the corpuscallosum(CC) usingthe ODF o w on the 13
subjectof the QBI databas¢30] from a singleseedpointin themiddle of the CC. Overall CCsare
similar andwe obsene somevariability acrosssubjects.

Overall, mostCC and CST structuresare similar anda signi cant variability acrosssubjectis
obsened. Hence,it is now importantto betterunderstandvhy thesedifferencesoccurandpropose
waysto quantifythis multi-subjectvariability.

5 Discussion

We have presentedh uni ed statisticalsurfaceevolution framework for the sggmentationof ODF
imagesreconstructedrom Q-Ball data. The proposedmethodcombinesstate-of-the-artH ARDI
reconstructiorand state-of-the-artegion-basedsurfaceevolution. To do so, we have introduceda
similarity measurebasedon the sphericalharmonicdescriptionof the ODFE This allowed to for-
mulatea computationallyfeasibleregion-basedDF segmentatiorbasedon the Euclideandistance
betweerODF coefcients. Notethatthis segmentatiorframeavork is generalandcouldbeusedwith
ary inputvectorof coefcients, for instancecoefcients from otherHARDI reconstructionmethods
suchaspersistenangularstructure(PAS) [20], sphericaldecorvolution [33], or diffusion orienta-
tion transform(DOT) [28]. Another contritution of this work wasto shav how the ODF o w is
ableto dealwith complex ber con gurationssuchascrossingandbranching bers. In particular
we shavedthatit is possibleto obtaina setof globally coherentODFsagreeingwith well-known
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initialization 1 2 3

9 10 11 12 13

Figure12: Automaticsegmentatiorof the cortico-spinaltract (CST)usingthe ODF o w onthe 13
subjectof theQBI databasg30] from asingleseedoointin themiddleof theCST. Forthisexample,
thesegmentedsurfaceis overlaidonthe53 ¢ coronalslice of the GFA mapfor all subjectgo clearly
seethe multi-subjectvariability of the white matter Overall CSTsare similar andwe obsere an
importantvariability acrosssubjects.

cerebralanatomicaktructuresComparedo DTI sggmentationthe ODF o w producesnorecom-
pletesggmentation®f ber bundleswith crossingsThis wasillustratedon syntheticdatasetson a
biologicalphantomandon realhumanbraindatasetsFinally, anotheiimportantcontribution wasto

shav thereproducibilityof the surfaceevolution on realdatasetsvith differentb-valuesandangular
resolutionand alsoon the 13 subjectsfrom a public QBI databaselt is now possibleto imagine
performinga multi-subjectstudyinside chosen ber bundlesto quantify certaindiffusion proper

tiesandattemptto follow the evolution of white matterdiseasesuchmultiple sclerosisParkinson,
Alzheimer etc...
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A Corollary of the Funk-Hecke Theorem

The FRT at a givensphericalpointu is the greatcircle integral of the signalon the spherede ned
by the planethroughthe origin with normalvectoru. This canbewritten as
z
G[S](u) = (uTw)S(w)dw: (17)
jwj=1

To solwe this FRT integral involving a Dirac function on the spherewe rst expressthe signal S
as a sphericalharmonic(SH) seriesof order™ andthenwe needa corollary of the Funk-Hecle
theorem[4] to evaluatethe integral. The Funk-Hecle formulais a theoremthat relatesthe inner
productof ary sphericaharmonicwith the projectionon the sphereof any continuougunctionf (t)
de ned ontheinterval [ 1;1]. The 3D versionis statedin [13, 15. The proof of the corollaryis
givenin [13, 15] andthecorollaryis thefollowing:

Corollary of the Funk-Hecke Theorem: Let (t) betheDiracdeltafunctionandY-
ary sphericaharmonicof order™. Then,givenaunit vectoru
z
(uTw)Y:-(w)dw = 2 P-(0)Y-(u); (18)
jwj=1
whereP- (0) the Legendrepolynomialof degree™ evaluatedat O,

( 0 " odd

P-(0) = ,135 (C 1) . (19)
(1= 4G even

Therefore the Funk-Hecle theoremandits corollary may be usefulfor anyoneworking with SH
andseekingsolutionsto integralsoverthe sphere.
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