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Évolution deSurfacepar StatistiquedeRégionpour la
Segmentationen Imagerie par Q-Ball

Résumé: Nousproposonsuneméthodedesegmentationdesimagesdediffusionà hauterésolu-
tion angulaire(HARDI) obtenuesenimagerieparQ-ball (QBI). D'abord,la fonctiondedistribution
d'orientation(ODF)des�bres dela matrièreblancheestestiméeàl'aide dela basedesharmoniques
sphériqueset d'une méthoded'estimationrécente,analytique,robusteet rapide.Ensuite,nousuti-
lisonsuneévolution desurfaceparstatistiquederégionsurcetteimaged'ODF pour retrouver des
ensemblesde faisceauxde �bres cohérentspartageantles mêmescaractéristiques.Nousmontrons
quenotrenouvelleméthodereproduitlesrésultatsétatdel'art baséssurle tenseurdediffusion(DT)
et quenousamélioronsles résultatsde segmentationdansles régionsde croisementsde faisceaux
�bres, là où le DT est intrinsèquementlimité. En�n, nosrésultatssur desdonnéessimulées,sur
un fantômebiologique,sur desdonnéesréellesainsiquesur la basede donnéesHARDI publique
comportant13 sujetsdémontrentquenotreapprocheestreproductible,automatiqueet apporteune
valeurajoutéeimportantepourla segmentationd'imagesIRM pondéréesendiffusion.

Mots-clés : Imageriedu tenseurde diffusion (DTI), imageriede diffusion à hauterésolution
angulaire(HARDI), imageriepar Q-ball (QBI), function de distribution desorientations(ODF),
segmentation,courbedeniveau,distancesRiemannienneetEuclidienne
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4 M. Descoteaux,R.Deriche

1 Intr oduction

We would like to segmentwhite matter�ber bundlesin which diffusionpropertiesaresimilar and
ultimatelycomparetheir featuresto thosein otherROI in thesamesubjector on multiple subjects.
The goal is thus to �nd global coherencethat exist amongwhite matter�ber tractsbelongingto
the same�ber bundle. Existing DTI-basedsegmentationtechniques[16, 24, 32, 38, 40, 42] are
inherentlylimited by theDT modelandmostoftenblockedin regionsof �ber crossingswhereDTs
areoblateand isotropic. This is why recenthigh angularresolutiondiffusion imaging (HARDI)
techniquessuchasQBI [34] have beenproposedto aid the inferenceof crossing,branchingand
kissing �ber con�gurations. New methodshave thus startedto appearto segmentbundlesfrom
�elds of ODFs[23, 25].

In thispaper, weanswerthefollowing threequestions:1) How canthesegmentationproblembe
formulatedandsolvedef�ciently ona �eld of ODFs?2) Whatis gainedby theODF with respectto
theDT?3) Is it possibleto validatethesegmentationresultsandmake thesegmentationautomatic?
To do so, we proposean ef�cient region-basedlevel setapproachusinga regularizedandrobust
sphericalharmonics(SH) representationof theODF[15]. We �rst show thatabetterlocalmodeling
of �ber crossingsimprovessegmentationresultsglobally. Then,weshow thatourODFsegmentation
is moreaccuratethanthestate-of-the-artDTI segmentationbasedon theEuclideanandRiemannian
distances[24] in regions of complex �ber con�gurations from syntheticdata, from a biological
phantomandfrom realdata.TheODF bettercapturesstatisticsin crossingareasandis thusableto
�o w throughcomplex �ber regionswithout leakingin thewholewhitematter. Finally, weshow that
ourQ-ball segmentationis reproducibleby segmentingautomaticallythecorpuscallosum(CC)and
thecorticospinaltract(CST)of the13subjectsof a publicQBI database[30].

The paperis organizedasfollows. Section2 reviews theexisting algorithmsfor segmentation
of white matter�ber bundlesfrom diffusionMRI data. Section3.1 describesour regularized,fast
androbust analyticalODF reconstructionfor QBI [15]. Section3.2 presentsour ODF statistical
surfaceevolution implementedusing the level set framework. Then, resultscomparingstate-of-
the-artDTI segmentation[24] andour automaticODF segmentationarepresentedin Section4 on
syntheticdatasetsanda biologicalphantomwith known groundtruth andon realdatasetsfrom the
database[30]. Finally, we concludewith adiscussionof theresultsandpresentdirectionsfor future
work in Sections4 and5.

2 Background on Segmentationof White Matter Fiber Bundles

DT-basedSegmentation TheexistingDT-basedsegmentationtechniquesin theliteratureare[16,
24, 32, 38, 40, 42]. In [42] they de�ne aninvariantanisotropy measurein orderto drivetheevolution
of a level setandisolatestronglyanisotropicor stronglyisotropicregionson thebrain,suchasthe
CCandtheventricles.However, thereductionof thefull tensorto a singlescalarvaluecanresultin
a relatively low discriminatecapabilityandpotentiallyyieldsthesegmentationof mixedstructures.
Alternatively, [16, 22, 24, 32, 37, 38, 40] useor proposedifferentmeasuresof dissimilaritybetween
DTs. In [24, 32, 38, 40], the authorsusethe the Euclideandistanceto compareDTs. In [40], a
k-meansalgorithmis usedwith a spatialcoherenceconstraintandin [37], anactive contourmodel
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Q-Ball ImagingSegmentation 5

with a regularity term is usedto performthe segmentationof differentcerebralstructuressuchas
the thalamusnuclei and the CC. In [38], a generalizationof the region-basedactive contoursto
matrix-valuedimagesis proposed.However, it is restrictedto the two-dimensional(2D) caseand
obviously limited whenit comesto 3D brain data. In [16], partial differentialequationsbasedon
meancurvaturemotion, self-snakesand geodesicactive contourmodelsare extendedto 2D and
3D tensor-valuedimagesby generalizingthenotionof structuretensorto matrix-valueddata.This
methodalsorelieson theEuclideanmetricbetweenDTs. In [22], theauthorsintroducea geometric
measureof dissimilarity by computingthenormalizedtensorscalarproductof two tensors,which
canbe interpretedasa measureof overlap. Finally, themethodsexposedin [38] and[24] rely on
thesymmetrizedKullback-LeiblerdivergenceandRiemanniangeodesicmetric to derive an af�ne
invariantdissimilarity measurebetweenDTs. In this paper, our statisticalsurfaceevolution using
level setsis inspiredby theoriginal methodof [29] andrecentDTI extensionof [24, 32], wherea
similar region-basedsurfacepropagationis implementedalsousingthelevel setframework.

HARDI-based Segmentation To our knowledgethereareonly two existing HARDI-basedseg-
mentationalgorithms[23, 25]. In [23], thesegmentationis developedin a non-Euclidean5 dimen-
sional(5D) position-orientationspace,(x; y; z; � ; � ) 2 < 3 x S2. usingtheODF mapreconstructed
from diffusionspectrumimaging(DSI) [7, 39], a procedurecomputationallymoreexpensive than
QBI. Theextensionfrom 3D to 5D spaceleadsto work with huge5D matricesandthereareimpor-
tantproblemswith datahandlingandstorage,which only allows to segmentsmallpartsof cerebral
structures.In [25], themaincontribution is to modeltheODF with a mixtureof von Mishes-Fisher
distributionsandusetheassociatedmetric in a hiddenMarkov measure�eld segmentationscheme.
Both the ODF modelingandthe segmentationtechniquearedifferentfrom our proposedmethod.
Overall, for bothsegmentationalgorithms[23, 25], theexperimentalandvalidationpartsarediffer-
ent.

In this paper, we proposean ef�cient level setstatisticalsurfaceevolution basedon the ODFs
computedfrom QBI that we thoroughlyteston syntheticandrealdatawith complex �ber con�g-
urations.The level setimplementationis simpleandef�cient andthestatisticalevolution is robust
with automaticconvergence.Moreover, theODF reconstructionfrom QBI hasseveraladvantages
that make it a goodchoiceof input image. First, samplesareonly taken on a singlespherein Q-
spaceandthus,the imagingtime is muchsmallerthanthatof theDSI despitesigni�cantly higher
angularresolutionmeasurementsandgoodsignalto noiseratio. Next, QBI alsohastheadvantage
of beingmodel-independentwhich is not thecasefor otherHARDI reconstructionmethodssuchas
the multi-�ber Gaussianmodels[35], sphericaldeconvolution approaches[2, 33] or the diffusion
orientationtransform(DOT) [28] wherea �ber responsefunctionneedsto beassumeda priori. Fi-
nally, aswe will seein thenext section,theODF canbereconstructedrapidly in a regularizedand
compactrepresentation[15].

3 Methods

GivenaHARDI signalwith N discretemeasurementsonthesphere,wetransformit into aspherical
harmonic(SH) seriesof order ` with R coef�cients (R << N ) describingthe diffusion ODF.

RR n° 6257



6 M. Descoteaux,R.Deriche

We �rst summarizethe importantcontributionsof our regularized,fastandrobustanalyticalODF
reconstructionfor QBI [15]. Then,we look for the mostprobablepartitionof this ODF imageof
SHsusingournew region-basedstatisticalsurfaceevolution.

3.1 ODF Estimation fr om QBI

QBI [34] reconstructsthe diffusion ODF directly from the N HARDI measurementson a single
sphere.TheODF is intuitivebecauseit hasits maximum(a)alignedwith theunderlyingpopulation
of �ber(s). However, computingstatisticson a largenumberof discreteODF valueson thesphere
is computationallyheavy and infeasibleto integrateinto a segmentationalgorithm of the whole
brain. A morecompactrepresentationof theODF is thusneeded.In [3, 15, 19] a simpleanalytic
sphericalharmonic(SH) reconstructionof theODFis proposed.For completenessof thearticle,we
now review anddevelop themain partsof our regularizedanalyticalODF reconstructionsolution.
The idea is to �rst estimateHARDI signalon the spherewith a regularizedsphericalharmonics
approximationand thendo a simple linear transformationof the harmonicsto obtain the desired
regularizedODF.

SphericalHarmonic (SH) Estimation of the HARDI Signal TheSH,normallyindicatedby Y m
`

(` denotestheorderandm thephasefactor),area basisfor complex functionson theunit sphere.
Explicitly, they aregivenasfollows

Y m
` (� ; � ) =

s
2` + 1

4�
(` � m)!
(` + m)!

Pm
` (cos� )eim� (1)

where (� ; � ) obey physicsconvention (� 2 [0; � ]; � 2 [0; 2� ]) and P m
` is an associatedLeg-

endrepolynomial. For k = 0; 2; 4; ::: ; ` and m = � k; ::: ; 0; ::: ; k, we de�ne the new index
j := j (k; m) = (k2 + k + 2)=2 + m and de�ne our modi�ed basisY with elementsYj such
that

Yj =

8
<

:

p
2 � Re(Y m

k ); if � k � m < 0
Y 0

k ; if m = 0p
2 � Img(Y m

k ); if 0 < m � k
; (2)

whereRe(Y m
` ) andImg(Y m

` ) representtherealandimaginarypartsof Y m
` respectively. Thebasisis

designedto besymmetric,realandorthonormal.Symmetryis ensuredby choosingonly evenorder
SH andtheratiosin front of eachtermalsoensurethat themodi�ed basisis realandorthonormal
with respectto the inner product< f ; g > =

R
� f � gd� , where� denotesintegrationover theunit

sphereandf � is the complex conjugateof f , for f ; g complex functionson the sphere.We thus
approximatethesignalat eachof theN gradientdirectionsi as

S(� i ; � i ) =
RX

j =1

cj Yj (� i ; � i ) (3)

whereR = (` + 1)(` + 2)=2 is thenumberof termsin themodi�ed SH basisY of order`. Letting
S betheN x 1 vectorrepresentingtheinputsignalfor everyencodinggradientdirection,C theR x
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1 vectorof SH coef�cients cj andB is theN xR matrix constructedwith thediscretemodi�ed SH
basis

B =

0

B
@

Y1(� 1; � 1) Y2(� 1; � 1) � � � YR (� 1; � 1)
...

...
...

...
Y1(� N ; � N ) Y2(� N ; � N ) � � � YR (� N ; � N )

1

C
A ; (4)

we canwrite thesetof equationsasanover-determinedlinearsystemS = BC . We want to solve
for theSHseriescoef�cients cj , wherecj =

R
� S(� ; � )Yj (� ; � )d� .

At this point, insteadof simply evaluatingtheintegralsdirectly asdonein [17] or performinga
straightforwardleast-squaredminimizationasin [1, 33], weaddlocalregularizationdirectly into our
�tting procedure.This is to beableto usea high orderestimationwithout over-modelingthesmall
perturbationsdueto noisein the input diffusion MRI signal. We thusde�ne a measure,E, of the
deviationfromsmoothnessof afunctionf de�nedontheunit sphereasE(f ) =

R
� (4 bf )2d� , where

4 b is theLaplace-Beltramioperator. Usingtheorthonormalityof themodi�ed SH basis,wherewe
have

R
� Yi (� )Yj (� )d� = � ij , theabovefunctionalE canberewrittenstraightforwardly [15] as

E(f ) =
Z

�
4 b

 
X

p

cpYp

!

4 b

 
X

q

cqYq

!

d� =
RX

j =1

c2
j `(j )2(`(j ) + 1)2 = CT LC ; (5)

whereL is simplytheR x R matrixwith entries̀ (j )2(`(j )+ 1)2 alongthediagonal(`(j ) is theorder
associatedwith thej th coef�cient, i.e for j = 1; 2; 3; 4; 5; 6; 7; ::: `(j ) = 0; 2; 2; 2; 2; 2; 4; :::). We
thusobtainaclosed-formexpressionfor theregularizationterm.Therefore,thequantitywe wish to
minimizecanbeexpressedin matrix form as

M (C) = (S � BC )T (S � BC ) + � CT LC ; (6)

where� is theweighton theregularizationterm. Thecoef�cient vectorminimizing this expression
canthenbedeterminedjust asin thestandardleast-squares�t (� = 0), from which we obtainthe
generalizedexpressionfor thedesiredsphericalharmonicseriescoef�cient vector

C = (B T B + � L ) � 1B T S: (7)

Fromthis SH coef�cient vectorwe canrecover thesignalon theQ-ball for any (� ; � ) asS(� ; � ) =
P R

j =1 cj Yj (� ; � ): Intuitively, this approachpenalizesan approximationfunction for having higher
ordertermsin its modi�ed SHseries.Thiseliminatesmostof thehighordertermsdueto noisewhile
leaving thosethatarenecessaryto describetheunderlyingfunction.However, obtainingthisbalance
dependson choosinga goodvaluefor theparameter� . We usetheL-curvenumericalmethod[18]
andexperimentalsimulationsto determinea goodsmoothingparameter[14, 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 theradialprojectionof theprobabilitydistribution function(PDF)of
thediffusingwatermolecule.Tuch[34] showedthatthis diffusionODF couldbeestimateddirectly
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8 M. Descoteaux,R.Deriche

from theraw HARDI signalS on a singlesphereof Q-spaceby theFunk-Radontransform(FRT).
This FRT is essentiallya smoothedversionof the true ODF [34]. In practice,the FRT valueat a
givensphericalpoint u is thegreatcircle integral of thesignalon thespherede�ned by theplane
throughtheorigin with normalvectoru. In AppendixA, we show how this FRT canbeevaluated
analyticallywith anelegantcorollaryto theFunk-Hecketheorem[4]. The�nal ODF reconstruction
on thespherethenbecomesa simplelinear transformationof theSH coef�cients cj describingthe
inputHARDI signalS,

	( � ; � ) =
RX

j =1

2� P` ( j ) (0)cj
| {z }

f j

Yj (� ; � ); (8)

wheref j aretheSHcoef�cients describingtheODF	 andP` ( j ) (0) = (� 1)`= 2 1 � 3 � 5 � � � (`(j ) � 1)
2 � 4 � 6 � � � `(j )

becausè(j ) is alwaysevenin ourmodi�ed SHbasis.We seethattheSHsareeigenfunctionsof the
Funk-Radontransformwith eigenvaluesdependingonly on theorder` of theSH series.

Hence,by usinga SH estimationof the HARDI signal,we have showed that the QBI canbe
solved analytically. This wasalso showed in [3, 19]. An importantcontribution in favor of our
approachis thatthissolutioncanbeobtainedwhile imposingawell-de�ned regularizationcriterion.
The accuracy of the modi�ed SH seriesapproximationwith the Laplace-Beltramismoothingwas
establishedin [14] andour regularizedODF solutionwasalsoshowedto havebetter�ber detection
propertiesandshowedto bemorerobustto noisethansimilar solutions[3, 19].

3.2 Statistical SurfaceEvolution

We now want to �nd a global coherencein this �eld of Q-ball ODFsrepresentedin the SH basis.
We denotethe imageof ODFsby F : � 7! < R so that for all x 2 � , F (x) is anODF of order`
representedby avectorof R realSH coef�cients, F (x) := f f 1; :::; f R g 2 < R . Now, thequestionis
whatis a goodmetricto compareODFs?

DistancesbetweenODFs We wantto capturesimilaritiesanddissimilaritiesbetweentwo ODFs,
i.e two sphericalfunctions	 ; 	 0 2 S2 that canbe representedby realSH vectorsf ; f 0 2 < R , as
shown in the previous section. Sincethe ODFscomefrom real physicaldiffusion measurements
they areboundedandform anopensubsetof thespaceof real-valuedL 2 sphericalfunctionswith an
innerproducth; i de�ned as

h	 ; 	 0i =
Z

S2
	( � ) � 	( � )0d� =

Z

S2

0

@
RX

i =1

f i Yi (� )
RX

j =1

f 0
j Yj (� )

1

A d� : (9)

As earlier, becauseof theorthonormalityof theSH basis,thecrosstermscancelandtheexpression
is simplyh	 ; 	 0i =

P R
j =1 f j � f 0

j . Therefore,theinducedL 2 normjj 	 jj =
p

h	 ; 	 0i giving usthe
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Q-Ball ImagingSegmentation 9

distancemetricbetweentwo ODFsis

jj 	 � 	 0jj =

vu
u
t

RX

j =1

(f j � f 0
j )2: (10)

The Euclideandistancewasalsousedsuccessfullyfor DTI segmentationin [24, 32] even though
moreappropriatemetricsexist suchasthesymmetrizedKullback-Leiblerdistance[24, 38] andRie-
manniangeodesicdistance[24]. Similarly, onecanthink of choosinganothermetric to compare
ODFs. For instance,sincethe ODF canbe viewed asa probabilitydistribution function (PDF) of
�ber orientations,onecanusethe Kullback-Leiblerdistancebetweentwo PDFs,asdonein [34].
However, in thatcasetheproblemquickly blowsupcomputationallybecauseoneneedsto useall N
discretedataon thesphereinsteadof theR SH coef�cients (R << N ). For example,oneneedsto
processN = 200valuesinsteadof R = 15SH coef�cients.

Segmentationby SurfaceEvolution Inspiredby generalworkson imagesegmentation[9, 29] ,
we searchfor theoptimalpartitionS in two regionsS1 andS2 of theimage
 . We maximizethea
posterioriframepartitionprobabilityp(SjF ) of obtainingthedesiredsegmentationfor theobserved
imageof ODFsF . Themajordifferencein our approachis thatwe useorder-4 ODFs,with R = 15
realcoef�cients whereasin theDT Euclidean�o w of [24, 32], DTs representedby 6D vectorsare
usedasinput to theregion-basedsegmentation.Notethattheorder-2 SHestimationof theODFhas
six coef�cients andis relatedto theDT [14, 27]. TheEuclideanDTI segmentation[24, 32] is thusa
specialcaseof theODF segmentation.

We usethe level set framework [11, 12, 26] to representthe optimal partition S as the zero-
crossingof the level setfunction� . � is de�ned astheusualsigneddistancefunction, i.e. � (x) =
0 if x 2 S, � (x) = D(x; S) if x 2 S1 and � (x) = �D (x; S) if x 2 S2, whereD(x; S) is
the Euclideandistancebetweenx andS. Hence,the optimal partition is obtainedby maximizing
p(� jF ) / p(F j� )p(� ) usingBayesrule. AssumingODFsto beindependentwithin eachregion,we
have

p(F j� ) =
Y

x 2S 1

p1(F (x)) �
Y

x 2S 2

p2(F (x)) : (11)

At this point, the main assumptionis that p1 and p2 are Gaussians,which meansthat eachSH
coef�cient of theODFsfollow aGaussiandistributionin thedifferentpartitionsof theQ-ball image.
Fig.1andFig.2show thatthisGaussianassumptionis reasonable.In fact,weseethatthehistograms
for mostof theR coef�cients of theODF are“bell-shaped”.Histogramswerecomputedfrom all
voxelsin amanualsegmentationof theCCandCSTin asubjectof theQBI database[30] (histograms
aresimilar for all subjectsof thedatabase).Hence,we considera parametricrepresentationwith a
R-dimensionalGaussian.Letting F r 2 < R bethemeanSH ODF vectorin region r = 1; 2 and� r

betheR x R covariancematrix of theODF vectorsin region r , the likelihoodof theODF F (x) to
bepartof regionr is de�ned as

pr (F (x)jF r ; � r ) =
1

(2� )3j� r j1=2
exp

�
�

1
2

(F (x) � F r )T � � 1
r (F (x) � F r )

�
; (12)
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Figure1: Histogramsof theSH coef�cients representationof theODF f f 1; :::; f 15g in thecorpus
callosum(CC).TheCCwasmanuallysegmentedfrom subject7 of thepublicQBI database[30].
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Figure2: Histogramsof theSH coef�cients representationof theODF f f 1; :::; f 15g in thecortico
spinaltract(CST).TheCSTwasmanuallysegmentedfromsubject7 of thepublicQBI database[30].

Concerningthe term p(� ), it expressesthe probability that the evolving surfacerepresentsthe
structureof interestandit canbeusedto introducea prior shapeknowledge[24]. Here,we wantto
favor structureswith smallersurfacejSj with p(� ) / exp(� � jSj). Thiscanbeexpressedwith � by
introducingtheDirac function[41] andthus,wehave

p(� ) = exp(� �
Z



� (� )jr � (x)jdx): (13)
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Q-Ball ImagingSegmentation 11

Theoptimalsegmentationis thenobtainedby maximizingp(F j� )p(� ) or by minimizing of the
negative logarithmsof Eqs.(12, 13) Therefore,the�nal energy minimizationis

E(�; p1; p2) = �
Z


 1

logp1(F (x)jF1; � 1)dx �
Z


 2

logp2(F (x)jF2; � 2)dx + �
Z



� (� )jr � jdx;

(14)
For given statisticalparametersF 1; F2; � 1; � 2 and regularization� of the evolving surface, the
Euler-Lagrangeequationcanbecomputedto derive theimplicit surfaceevolution

@�
@t

= � (� )
�

� div
r �
jr � j

+ log
p1(F jF1; � 1)
p2(F jF2; � 2)

�

= � (� )
�

� div r �
jr � j + 1

2

�
log j � 2 j

j � 1 j � (F � F1)T � � 1
1 (F � F1) + (F � F2)T � � 1

2 (F � F2)
��

:
(15)

Thestatisticscanbeupdatedaftereachiterationof theODF �o w, asdescribedin [24]. Moredetails
on this level setoptimizationcanbe found in [9, 10, 31, 36] The �o w formulationis �e xible and
onecaneasilyreplacethe input imagevectorof ODFsF with thestandardDT coef�cient vector,
asin [24, 32]. We now comparetheEuclideanDT [24, 32] versionof the �o w andmorecomplex
RiemannianDT [24] versionof the�o w with ourproposedODF�o w.

3.3 Q-Ball Data Generationand Acquisitions

SyntheticData WegeneratesyntheticQ-balldatausingthemulti-tensormodel[1, 14, 15, 19, 34],

S(u i ) =
nX

k=1

1
n

exp(� buT
i D k (� )u i ) + noise; (16)

for N encodingdirectionsi 2 f 1; :::; N g. We useN = 81 from a 3r d order tessellationof the
icosahedron,b = 3000s/mm2, n = 1 or 2 andD k (� ) thediffusiontensorwith standardeigenvalues
[300; 300; 1700]x10� 6 mm2/sorientedin direction� [15, 34]. Thenoiseis generatedwith acomplex
Gaussiannoisewith a standarddeviationof 1=35, producinga signalwith SNR35.

We generatethreesyntheticdataexample,onewith a 2-�ber 90� crossing(Fig. 3), anotherwith
a 2-�ber branchingcon�guration (Fig. 5) anda lastexample(Fig. 6) simulatingcrossingsthatcan
occurbetween“U”-�bers (cortico-cortical�bers) andlongerstraight�ber bundles.Thesesynthetic
datasetshelp understandthe behavior of the statisticalsurfaceevolutions when confrontedwith
complex �ber geometriesanddifferent initializations. We comparethe DT Riemannian[24] and
ODF surfaceevolutionson this datasetanduse� = 2 smoothnessof thesurfacein theevolution.

Visualization In thispaper, DTsandODFsarevisualizedassphericalfunctionsstretchedwith re-
spectto thesurfacevalues.Thesurfacesarecoloredaccordingto theFractionalAnisotropy (FA) [6],
with colormapgoingfrom redto bluefor anisotropicto isotropicdiffusionpro�les. Weusethissame
colormapto allow easyvisualcomparisonsbetweenDTs andODFs. As commonlydoneto accen-
tuateODF maxima,wemin-maxnormalize[34] theODFsbeforevisualization.
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12 M. Descoteaux,R.Deriche

Biological Phantom Data We obtainedthe biological phantomfrom Campbellet al [8]. It was
createdfrom two excisedrat spinalcordsembeddedin 2% agar. Theacquisitionwasdoneon 1.5T
Sonatascannerusing90 encodingdirections,with b = 3000s=mm2, TR= 6:4 s, TE= 110 ms,
2.8mmisotropicvoxelsandfour signalaveragesperdirection.We comparetheDT Euclidean[32],
DT Riemannian[24] andODF surfaceevolutionson this datasetanduse� = 2 smoothnessof the
surfacein theevolution.

Human Brain Data First,we usea humanbrainacquiredat theLeipzig Max PlanckInstituteon
a whole-body3T scanner[5] with 60 encodingdirections,with b = 1000s/mm2, 72 sliceswith
1.7mmthickness,twenty oneb = 0 s/mm2 images,128 x 128 imagematrix, TE = 100 ms, TR
= 12 s. We comparethesegmentationsof theDT Euclidean[32], DT Riemannian[24] andODF
surfaceevolutionson two well-known �ber bundles,the corpuscallosum(CC) andcortico spinal
tract(CST).We use� = 5 smoothnessof thesurfacein theevolution.

Then,we testour ODF segmentationon the public QBI database[30]. The 13 datasetswere
acquiredon a 1.5T scannerwith 200 encodingdirections,b = 3000s/mm2, 60 sliceswith 2 mm
thickness,twenty� veb = 0 s/mm2 images,128x 128imagematrix,TE = 93:2 ms,TR = 1:9 s. For
eachsubject,asinglevoxel in themedialpartof theCCandCSTis selected(manually)to initialize
the�o w. We use� = 10smoothnessof thesurfacein theevolution.

4 SegmentationResults& Discussion

ODF-basedsegmentationscandealwith regionsof complex �ber con�gurations.We �rst show that
the ODF �o w is ableto propagatethroughregionsof complex �ber crossingsbetterthanthe DT-
based�o w usingtheEuclideanandRiemanniandistances[24, 32]. We show comparisonresultson
syntheticdata,onabiologicalphantomandon realdatasets.We alsoshow thatthecorpuscallosum
(CC) andthe cortico-spinaltract (CST) of the QBI database[30] canbe segmentedautomatically
for all subjectsandthatthereexist a variability in thesestructuresacrossthesubjects.

4.1 SyntheticDatasets

First, Fig. 3 shows that initialization hasa strongin�uence on the �nal segmentedsurface. If the
initialization containsstrictly anisotropicDTs/ODFs,the �nal surfaceis not able to passthrough
the �ber crossingarea,asseenin Fig. 3(a,b). Similarly, the �nal surfaceis trappedin thecrossing
areawheninitializing strictly in the2-�ber region,asseenin Fig. 3(c). This is becausethestatistics
of the initial region have a largedifferencewith therestof theDTs/ODFsandhence,theevolving
surfaceis blockedfrom connectingto therestof thestructure.However, if theinitializationcontains
a mixtureof bothsingle�ber and2-�ber DTs/ODFs,theDT �o w propagatesthroughthecrossing
region to connectto the similar anisotropicDTs on the othersideof the crossingandthe second
�ber is completelyignored,asseenin Fig. 3(d,e). The DTs in the crossingareoblateand there
is no information on the secondorientation. In contrary, there is information about the second
orientationin theODF�o w andthesurfaceevolution,seenin Fig. 4, �nds thewhole2-�ber structure
ascoherent.
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ODFsphericalfunctions DTs in crossingarea ODFsin crossingarea

(a) (b) (c)

(d) (e)
Init DT Riemann ODF �o w Init DT Riemann ODF �o w

Figure3: Segmentationof the 90� crossingexample. In (a-e),from left to right, the initialization
usedoverlaidontheFA map,theDT Riemannian[24] segmentationandtheODF�o w segmentation.

t = 0 t = 20 t = 40 t = 60 t = 100 t = 140

Figure4: Evolution in time of the ODF �o w on the 90� crossing. The �o w is able to propagate
throughthe�ber crossingareaandrecover thewhole2-�ber structure.

Fig.5 andFig.6 show morecomplex �ber con�gurationswith abranchingexampleandthe“U”-
�bers example.In theRiemannianDT �o w, we seethat thesurfaceremainstrappedin theregions
of theinitial seedingfor all initializations.In contrary, in theODF case,whenthe�o w is initialized
in thebottomandmiddlepartof thebranch,thewholebranchingstructureis recoveredbecausethe
ODF containsa broaderrangeof orientationsin its statistics. For all syntheticdataexperiments,
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DTI ellipsoids ODFsphericalfunctions

(a) (b)

(c) (d)
Init DT Riemann ODF �o w Init DT Riemann ODF �o w

Figure5: Segmentationon a syntheticbranchingexample. In (a-d), from left to right, the initial-
ization usedoverlaid on the FA map, the DT Riemannian[24] segmentationand the ODF �o w
segmentation.The ODF �o w is ableto propagatethroughthe �ber crossingareaandrecover the
wholestructure.

DT RiemannianandDT Euclidean�o ws producednearly identicalqualitative segmentationsand
wedecidedonly to show resultsfor theDT Riemanniancase.

4.2 Biological PhantomDataset

Fig.7 andFig.8show thattheDT �o w with theEuclideandistanceisunableto segmentthestructure.
ThesurfaceleaksoutsidethecordsandthesurfacedivergesbecausetheisotropicDTs in the�bers
andisotropicDTsin thebackgroundhaveameandiffusivity in asimilarrange.Hence,theEuclidean
distancecannotmake thedifferencebetweenthetwo regions.This resultwasalsoobtainedin [24].
However, our new ODF �o w segmentsthe whole structurequite easily. The segmentationalso
agreeswith similar resultspublishedusingtheDT Riemannian�o w [24, Fig.12-13].Thissimilarity
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DTI ellipsoids ODFsphericalfunctions

(a) (b)

(c) (d)
Init DT Riemann ODF �o w Init DT Riemann ODF �o w

Figure6: Segmentationonasynthetic'U'-�ber example.In (a-d),from left to right, theinitialization
usedoverlaidontheFA map,theDT Riemannian[24] segmentationandtheODF�o w segmentation.
TheODF�o w is ableto propagatethroughthe�ber crossingareaandrecover thewholestructure.

betweentheODF�o w andDT Riemannian�o w canbeexplainedbecausethecrossingregionis very
small(roughly3 x 3 x 2 region)andthus,theoverallcoherenceandstatisticsof thedesiredstructure
arenotdramaticallyaffectedby this crossing.Althoughtheoverall shapeof thesegmentationslook
thesamein Fig. 7, theactualzerolevel setof thesegmentingsurfacein DT RiemannianandODF
caseareslightly differentfor somevoxelsat theborderthestructure,asseenin Fig 8.

4.3 Human Brain Datasets

We have segmentatedtwo large andwell-known �ber bundles,the corpuscallosum(CC) andthe
corticospinaltract (CST),on a humanbrainwith b-value1000s/mm2 and60 samplingdirections
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T1 DTs ODFs (a)

(b) (c)

Figure7: Segmentationon a biologicalphantom.In (a-c),from left to right, the initialization used
overlaidon theFA map,theDT Euclidean[24, 32] �o w at t = 40whereweseethesurfacestarting
to leakoutsidethe�ber structureandthesegmentationof theODF �o w.

t = 0 t = 20 t = 40 t = 60

Figure8: Evolution in time of the zero level set for the DT Euclidean[24, 32] �o w (green),DT
Riemannian[24] �o w (red) andour ODF �o w (blue). The contouris placedover the invertedFA
map.

andon thedatabasebrainswith higherb-value3000s/mm2 and200samplingdirections.Our ODF
segmentationon real datasetsrecoversmorestructurethanotherpublishedresultson the CC and
CST[21, 24, 31, 32, 42]. First,Fig. 9 showsthatweareableto reproduceresultsfrom [24] with the
DT-based�o ws usingboth theEuclideanandRiemanniandistances.Fig. 9 andFig. 10 alsoshow
that in theDT Euclidean�o w, theevolving surfacestopsnearcomplex crossingareawhereoblate
andisotropicDTs(yellow-greenishDTs)blockthe�o w. TheDT Riemannianisabletoconnectmore
voxelsthantheDT Euclideanby slightly evolving into thecrossingarea.It is interestingto note,in
theCSTexample(Fig. 10), how the �o w evolvesasto go aroundcomplex �ber crossings,i.e. the
evolution leavestheexpectedstraightinferior-superiordirectionto goandpick uptheprojectionsof
theCC overlappingwith theCSTandgoingto projectto thesuperiorcortex of thebrain. However,
in theCST, the �o w is still unableto recover thebranching�ber structureprojectingto thecortex.
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TheODF �o w recoversthatbranchingstructureto thedifferentsulci andalsorecoversmoreof the
posteriorpartsof thespleniumof theCC.

We alsoobserve that theODF �o w evolvesmoreeasilythroughthecrossingareaanddoesso
after fewer iterationsof theevolution. Convergenceis obtainedafter 100 iterationsin theCC and
more rapidly after 60 iterationsin the CST. It is importantto point out that this convergenceis
obtainedautomaticallywithout having to heuristicallystopthe surfaceevolution at a certaintime
t. At somepoint in the evolution, the background(surfaceS2) andforeground(evolving surface
S1) statisticsstabilize,i.e. themeanandcovariancematrix in thetwo regionsbecomecoherentand
convergenceis attained. Only a few voxels oscillatein andout of the regionsS1 andS2 on the
boundaryof theevolving structure.1 However, asit is oftenthecasein surfaceevolutionalgorithms
with a boundaryterm and/ora smoothnessterm we have to choosea certainvalue of � . In the
Section3.3, we have speci�edour choicesof smoothnessfactor� . In practice,we observe that for
� too largetheevolutionstopsprematurelyandfor � too smalltheevolution leaksandconnectsthe
whole white matter. Fortunately, resultsarenot extremelysensitive to � andin our experiments,
convergenceis obtainedfor � between2 and10 for bothsyntheticandrealdata.Onestill needsto
try a few valuesof � to obtainthebestlooking results.

Multi-Subject Study Fig 11 andFig. 12 show theODF segmentationsfor theCC andCSTof all
subjectsof theQBI database[30]. Thesameparameterswereusedfor all 13 subjectsfrom a single
voxel in the medialpart of the CC andCST selected(manually)to initialize the �o w. It this thus
possibleto segmentthedatasetsautomaticallyandresultsarereproducibleacrossmany subjects.

Convergencewasalwaysobtainedautomaticallyfor all subjects.Dependingon thesubject,80
to 120 iterationsof the �o w wereneeded.An iterationtakesroughly 0.5 secondon a Dell single
processor, 3.4 GHz, 2 GB RAM machine. It is thusquite fast to obtain the segmentationfor all
subjects.

In Fig. 11, wehavesegmentedthecompleteCCfor mostsubjectswith thelongerposteriorparts
of thespleniumandthefull genu,asin Fig. 9. In theCSTexampleof Fig. 12, wehavealsoobtained
segmentationresultsthatarein mostcasesascompleteasthesegmentationin Fig. 10. For theCST
example,weoverlaidthesegmentedsurfaceontheGFA [34] to clearlyseetheintendedwhitematter
structureto besegmentedandalsoto notethewhitematterstructuredifferencesacrosssubjects.For
all subjects,theGFA slicewasalwaysthe53r d coronalslicein voxel space.

In both the CC andCST, we notethat someevolutionsprematurelystoppednearthe crossing
areasfor somesubjects(e.g.subjects1, 11and13for theCCandsubjects6 and7 for theCST).One
maythink thatplayingwith thesegmentationparameterssuchasinitialization andthesmoothness
� of thesurfacemight improveandchangetheresults.In fact,in our experiments,this wasnot the
case.A carefulvisual inspectionof theQBI datafor thesesubjectsin regionswherethe�o w stops
shows two things: 1) Somesubjectshave “unusual” and“less complete”structuresanatomically
thanothers.For instance,subject13doesnothavea curvinggenuof theCC asall theothersubject
have. Hence,the CC recoveredagreeswith the anatomyof subject13. 2) The ODFs are very
isotropicin regionswherethe�o w stopsprematurely. Thesphericalshapeof theODFsarealmost

1This is seenin thesurfaceevolutionsof theCC andCSTon theauthor's webpage:
http://www-sop.inria.fr/odyssee/team/Maxime.Descoteaux/pages/seg.html
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Initialization DT Euclidean[32]

DT Riemannian[24] ODF�o w

t = 0 t = 10 t = 50 t = 75 t = 100

Figure9: ODF �o w segmentationscanpropagatethroughcrossingregionsandgetamoreaccurate
segmentationof the corpuscallosum(CC). DT-basedresultsfrom [24] arereproduced.The DT-
basedsegmentationsareoverlaidonanaxialslicewith DTsandtheODF�o w is overlaidonthesame
slicewith theODFs. The last row shows theevolution in time of theODF �o w with convergence
after100iterations.

as isotropicas the DTs. We believe this is becausethe HARDI signalsuffers from major partial
signalaveragingbecauseof noisedueto thehigh b-valueacquisitionsandmultiple �bers crossing
(upto three)in thosecrossingareas.Hence,thereis nocoherencebetweenthecrossingareaandthe
restof thedesiredCC/CSTstructureto segment.It is thusnot surprisingthat thesurfaceevolution
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Initialization DTI Euclidean[32]

DTI Riemannian[24] ODF�o w

t = 0 t = 5 t = 20 t = 40 t = 60

Figure10: ODF�o w canpropagatethroughcrossingregionsandgetamoreaccuratesegmentation
of thecortico-spinaltract(CST).DT-basedresultsfrom [24] arereproduced.Thelastrow showsthe
evolution in timeof theODF �o w with convergenceafter60 iterations.

stops.Why doesit occurfor thesesubjectsandnot for theothersandwhy doesit not occurfor the
datasetpresentedin Figs.9 and10? Is it betterto have a higherspatialresolutionwith lessangular
samplingof thesphereandsmallerb-valueor a higherangularresolutionsamplingdensitywith a
largerb-valueat thecostof largervoxel sizeandlowerSNR?
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initialization 1 2 3

4 5 6 7 8

9 10 11 12 13

Figure11: Automatic segmentationof the corpuscallosum(CC) using the ODF �o w on the 13
subjectsof theQBI database[30] from a singleseedpoint in themiddleof theCC.OverallCCsare
similarandweobservesomevariability acrosssubjects.

Overall, mostCC andCST structuresaresimilar anda signi�cant variability acrosssubjectis
observed. Hence,it is now importantto betterunderstandwhy thesedifferencesoccurandpropose
waysto quantifythis multi-subjectvariability.

5 Discussion

We have presenteda uni�ed statisticalsurfaceevolution framework for the segmentationof ODF
imagesreconstructedfrom Q-Ball data. The proposedmethodcombinesstate-of-the-artHARDI
reconstructionandstate-of-the-artregion-basedsurfaceevolution. To do so,we have introduceda
similarity measurebasedon the sphericalharmonicdescriptionof the ODF. This allowed to for-
mulatea computationallyfeasibleregion-basedODF segmentationbasedon theEuclideandistance
betweenODFcoef�cients. Notethatthissegmentationframework is generalandcouldbeusedwith
any inputvectorof coef�cients, for instancecoef�cients from otherHARDI reconstructionmethods
suchaspersistentangularstructure(PAS) [20], sphericaldeconvolution [33], or diffusionorienta-
tion transform(DOT) [28]. Anothercontribution of this work wasto show how the ODF �o w is
ableto dealwith complex �ber con�gurationssuchascrossingandbranching�bers. In particular,
we showedthat it is possibleto obtaina setof globally coherentODFsagreeingwith well-known
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initialization 1 2 3

4 5 6 7 8

9 10 11 12 13

Figure12: Automaticsegmentationof thecortico-spinaltract(CST)usingtheODF �o w on the13
subjectsof theQBI database[30] from asingleseedpointin themiddleof theCST. For thisexample,
thesegmentedsurfaceis overlaidonthe53r d coronalsliceof theGFA mapfor all subjectsto clearly
seethe multi-subjectvariability of the white matter. Overall CSTsaresimilar andwe observe an
importantvariability acrosssubjects.

cerebralanatomicalstructures.Comparedto DTI segmentation,theODF �o w producesmorecom-
pletesegmentationsof �ber bundleswith crossings.This wasillustratedon syntheticdatasets,on a
biologicalphantomandonrealhumanbraindatasets.Finally, anotherimportantcontributionwasto
show thereproducibilityof thesurfaceevolutiononrealdatasetswith differentb-valuesandangular
resolutionandalsoon the 13 subjectsfrom a public QBI database.It is now possibleto imagine
performinga multi-subjectstudyinsidechosen�ber bundlesto quantify certaindiffusion proper-
tiesandattemptto follow theevolution of white matterdiseasessuchmultiple sclerosis,Parkinson,
Alzheimer, etc...
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A Corollary of the Funk-Hecke Theorem

TheFRT at a givensphericalpoint u is thegreatcircle integral of thesignalon thespherede�ned
by theplanethroughtheorigin with normalvectoru. Thiscanbewrittenas

G[S](u) =
Z

jw j=1
� (uT w)S(w)dw: (17)

To solve this FRT integral involving a Dirac function on the sphere,we �rst expressthe signalS
as a sphericalharmonic(SH) seriesof order ` and then we needa corollary of the Funk-Hecke
theorem[4] to evaluatethe integral. The Funk-Hecke formula is a theoremthat relatesthe inner
productof any sphericalharmonicwith theprojectionon thesphereof any continuousfunctionf (t)
de�ned on the interval [� 1; 1]. The 3D versionis statedin [13, 15]. The proof of thecorollary is
givenin [13, 15] andthecorollaryis thefollowing:

Corollary of the Funk-HeckeTheorem: Let � (t) betheDiracdeltafunctionandY`

any sphericalharmonicof order`. Then,givena unit vectoru
Z

jw j=1
� (uT w)Y` (w)dw = 2� P` (0)Y` (u); (18)

whereP` (0) theLegendrepolynomialof degree` evaluatedat0,

P` (0) =

(
0 ` odd

(� 1)`= 2 1 � 3 � 5 � � � (` � 1)
2 � 4 � 6 � � � `

` even
(19)

Therefore,the Funk-Hecke theoremandits corollary may be useful for anyoneworking with SH
andseekingsolutionsto integralsover thesphere.
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