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ABSTRACT

In the study of many neurologicalpathologies,the accu-
ratequantizationof thewhitematter(WM) andgraymatter
(GM) volumesof thebrainis essential.Moreover, regional
volumecalculationsmaybringevenmoreusefuldiagnostic
information.In thispaper, wepresentthereforethesegmen-
tationof internalstructuresof thebrainfor furtherregional
WM and GM volume quantization. A priori information
about the brain anatomyis included in the segmentation
processby the registrationof the patientMR imageswith
a computerizedbrainatlas. We proposeherethecombina-
tion of a globalaffine transformationusedto initialize key
boundarysurfaces(lateralventriclesandcortical surfaces)
of bothimageswith a local free-formtransformationbased
on an optical flow algorithm. We apply this techniqueto
segmentthe cerebellumandthe cerebraltrunk in order to
excludethemfrom our WM andGM volumequantization.
Validationhasbeenconductedonalargenumberof images,
showing excellentresults.

1. INTRODUCTION

The accurateanalysisof internalstructuresof the brain is
undoubtedlyof great interestfor the study and the treat-
mentof variouspathologies.Amongthem,thequantization
of gray andwhite mattervolumesmay be of major inter-
est in neurodegenerative disorderssuchasAlzheimerdis-
ease,in movementsdisorderssuchasParkinsonor Parkin-
sonrelatedsyndrome,in white mattermetabolicor inflam-
matorydisease,in congenitalbrain malformationsor peri-
natalbraindamage,or in posttraumaticsyndrome.In such

cases,it is necessaryto consideronly the volumeof white
andgraymatterin specificregionsof thebrainsuchashemi-
sphericlobesor individual deepgray matternucleus,ex-
cluding other regionslike the cerebraltrunk andthe cere-
bellum. It is thereforeessentialto accuratelysegmentthe
brain in order to detectthe regionsof interestfor the vol-
umetricquantization.As it is importantfor this processto
be robust, inclusionof a priori informationaboutthe task
to becarriedout is necessary. In thiswork we studytheuse
of anatlasregistrationtechniqueto segmentthebrainstruc-
tures. The processconsistsin finding the transformation
thatdeformsoneimagecalleddeformablemodelwherethe
structuresof interesthavealreadybeendefined(i.e. anelec-
tronic atlasof thebrain)towardanotherimagecalledrefer-
enceimage wherestructuresof interestwill be projected
(i.e. thepatientimages).Both local andglobal transforma-
tionsareconsidered.Theglobaltransformationusedhereis
anaffineregistration.However, thistechniqueis notenough
to achieveagoodlocalregistration.In thiscaseoursolution
is to combineboth global affine andlocal non-rigid trans-
formations. The studiesin the non-rigid techniquesbased
on a complete3D deformablemodelhave receiveda lot of
interestrecently, rangingfrom the elasticmodelapproach
(Bajcsy[1]) to viscousfluid models(Christensen[2], Bro-
Nielsen[3]). Another interestingapproachis the demon-
basedmethodof Thirion [4] thatpresentsadifferentpointof
view ascomparedto existingnon-rigidattractor-basedtech-
niques. In this work we have bet on an affine registration
with a non-rigid matchingusing the demonsalgorithm of
Thirion. This methodologyfollows the sameideaasHart-
mannet al. in [5]. Applying first theaffine registrationwe
obtaina very goodinitialization to apply thedemonsalgo-



Fig. 1. MR andlabeledcoronalimageof theSurgicalPlan-
ningLaboratory(SPL)atlas.

rithm avoiding largeinitial differencesbetweendeformable
andreferenceimages.Then,thefastfully automaticdemon
methodis usedto compensatethemorphologicalandmor-
phometricaldifferencesbetweeninternal structuresof the
brain. We perfomedvisual validation. Whenthe registra-
tion of the atlasand the patient imageis completed,it is
easyto extracttheregionof interest,simply by considering
only regionsof the brain includedin the desiredregion of
theregisteredatlas.Finally, thanksto previousworksof our
group,analgorithmbasedona robustparameterestimation
of mixturesusinggeneticalgorithmsis usedto calculatethe
WM andGM volumesin theregionsof interest[6].

This paperis structuredas follows. In Section2 we
briefly describethedataandthreemethodsusedin this ap-
plication. Next, in Section3, we presentandanalyzetyp-
ical resultsof two of our studiedpatients.Conclusionson
theperformanceandinsightonfuturework arediscussedin
Section4.

2. MATERIAL AND METHODS

2.1. Atlas and patient data

The digital atlasusedfor this applicationis the one from
theSurgicalPlanningLaboratory(SPL)of HarvardMedical
School[7]. This atlasis madeof MR datafrom a single
normalsubjectscannedwith high resolution( �������	�������
 ��� volumedataset in coronalorientationwith �
� ������������ ��������� 
 ��� voxel size).Datainformationis presentedby
both the MRI datasetandthe correspondinglabel mapof
the segmentedstructuresof the brain (seeFigure1). The
patientdatasetsareformedby T2-weightedMR imagesof
healthysubjects( ��������������� 
 ��� volumedatasetin sagittal
orientationwith


 � 
 � 
 ����� voxel size).

2.2. Global affine transformation

Theglobaltransformationusedhereis anaffinetransforma-
tion whosecoefficientsminimizea distancemeasureof the
atlasto thecorrespondentstructuresin thetarget image.In
this case,the registrationmethodis basedon thematching
of 2 importantanatomicallandmarks:the cortical surface

andthe ventricularsystem.A completedescriptionof the
methodis presentedin [8].

2.3. Non-rigid transformation

The local non-rigid deformationusedin this work follows
thedemonsalgorithmproposedby Thirion [4]. Many types
of transformationscanbe usedwithin demonsframework.
Our choicehereis a totally free-form deformationrepre-
sentedby a 3D floating point vector for eachvoxel. For
the resamplingalgorithmwe usea tri-linear interpolation.
Thereare several typesof demonsbut their generalchar-
acteristicis its binary behavior (inside/ outside)to decide
pushingdirection. The startingpoint to calculatedemons
force is the conceptof instantaneousoptical flow equation
aspresentedin [9]. Thehypothesisis thatthereis a conser-
vationof theintensityin timeof thepointsundermotion:
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In thecaseof having two volumeimagesto register, f (ref-
erenceimage)andg (deformablemodel),we considerthat
theseimagesaretwo consecutive framesandwe areinter-
estedin 23 , the motion field thatbringsg closerto f. Thus,
we considerthat 465487
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theinstantaneousvelocity from g to f. So,

23CB 2D 9:-E;�0<9 � (3)

Sincethis equationdoesnot suffice to determine 23 locally
weregularizetheproblembytheassumptionthatthemotion
haslocally thesamedirectionasthespatialgradient.That
leadsto thefollowing equationfor thelocalmotion:

23 - �F;C0G9(# 2D 9
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However, this equationis not stableif thegradientnormof
thereferenceimageis small. To avoid this possiblediscon-
tinuity in (4) weuseamodifiedversionof thedemonforce:
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The demonalgorithm is implementedin an iterative way
thatfollowsthesesteps:

1. Pre-computedemonpoints.

2. Compute,for eachdemonpoint,thedisplacementvec-
tor generatinga local force field betweenthe actual
deformablemodelandthereferenceimage.



Fig. 2. Contoursof original (in gray)andregistered(in white)objectof theatlas(cerebellum)for thefirst patient.It canbeen
seenaswhitecontourmatchesmuchbetterthecerebellumthatgrayoneevenif sometimesthereis aninitial largedifference.

Fig. 3. Final classificationof grayandwhitematter.

3. Filter theseforcesby a Gaussianfilter.

4. Computethenew globaltransformation.

5. Go to step2.

Furthermore,the algorithmhasbeenimplementedin a bi-
jectivity way [4]. Both direct and inversetransformations
arecomputedat eachiterationandalsothe residualdefor-
mation. Then, they areequallycompensatedby a half of
this residualdeformationto maintainboth transformations
compatibleeachother. Althoughthismethodrequiresmore
than twice the oneway computation,it hasthe advantage
thatprovidesat the endnot only thedirect transformation,
but alsoan inverseone. Anotherknown advantageof this
methodis its robustnessin preservingtheanatomicalcoher-
enceof theimages.

Moreover, thealgorithmis implementedin a multiscale
way, increasingthe speed,the robustnessand the conver-
genceof theregistration.

2.4. Gray and white matter volumequantization

The headis constitutedof different typesof tissues. The
correspondentgrayvaluesin a MR imagecanbe modeled
by a finite mixture of multivariateGaussiandistributions.
Schroeteretal. [6] havepresentedtwo methodsfor a robust
estimationof thestatisticsof thedesiredtissuesevenif they
aremixedwith otherdataof lessinterest.Their algorithm
follows thenext steps:

1. Selectionof imageswherebrainis well represented.

2. Calculationof thehistogramandcomputationof back-
groundthreshold.

3. Determinationof a maskof the brain using mathe-
maticalmorphologicaloperations.

4. Estimationof GM andWM statisticsusinga genetic
algorithmappliedon thehistogram.

3. RESULTS

In this sectionsomefiguresare presentedto illustrate the
resultsthat we have obtained. Even if we have obtained
goodresultsfor many processedpatients,we only present
hereresultimagesof oneof them.

First stepconsistsof the affine registrationof the at-
las andthe patientimages.As initialization this algorithm
needsonly a contourdescriptionof thebrainthatit is actu-
ally automaticallyextracted.Theglobalregistrationis done
in a few seconds.

After that, the non-rigid matchingshouldbe applied.
But demonsalgorithmis sensibleto imageintensities,that
meansthatif thereis nocorrespondencebeetweenintensity
thealgorithmfails. So,at this point anautomaticfitting of
atlasandpatienthistogramsis donein orderto obtaina lin-
earintensitycorrectionof atlasintensity.

Now, MR atlasis thedeformablemodelandpatientim-
agesare the referenceimages. Threeparametershave to



Beforeextraction After extraction

Patient G.M. W.M. G.M. W.M.

1 544 579.9 457.9 532.32
2 549 511 470.8 453.669
3 652.76 595.3 550.65 543.574
4 642 534 543.3 485.9
5 521.6 516.9 450.93 443.5
6 603 480 520.2 413.644
7 559.1 506.4 488 460.7
8 584 487 492.75 438.58

Table 1. Grayandwhitemattervolumesin K:K:L .

bedeterminedto run thedemonsalgorithm: rigidity of the
model,numberof scales,andnumberof iterationsat finest
scale. For our imagedimensionswe found the following
parametersleadin appropiateresults:M = 5 voxels,4 scales
and16 iterationsat finestscale.The non-rigid registration
wasexecutedon a PC-Linux,PentiumIII at 700MHz and
computationtimewasabout30 minutes.

Oncethenon-rigidtransformationis found,it is applied
on the label mapanda maskof the objectsof interest(the
cerebraltrunkandthecerebellum)is extracted.

In Figure2 we canseetheresultsfor onepatient. Ax-
ial, sagittalandcoronalview areshown andtwo contours
arevisualized.Onecontour(in graycolor) correspondsto
the SPL atlascontourdeformedby the affine transforma-
tion. The other one(in white color) is the contourof the
registeredatlas. In theseimageswe can seethat a good
matchinghasbeenobtainedeven in the areaswherelarge
displacementswereneeded.

Finally, thecalculationof theWM andGM volumesis
doneby theShroeteralgorithm[6]. In Figure3 theclassifi-
cationresultsareshown. Thevolumecomputationis done
beforeandafter cerebraltrunk andcerebellumextraction.
The validationof the methodhasbeendonein 15 patients
but only resultsof 8 areshown in Table1.

4. CONCLUSION

Wehaveimplementedatandemof affineandnon-rigidmatch-
ing techniquesfor the automaticsegmentationof internal
brainstructures.We have found that the affine registration
leadsasa betterinitialization for demonsalgortihmthana
rigid transformation(only 3 rotationsand 3 translations).
The non-rigid algoritm usedhereis improved by an auto-
matic fitting of imageintensities. We have visually vali-
datedthat thenon-rigidtechniquereachesa gooddeforma-
tion evenwhenlargedifferencearepresentbut alwayspre-
servinganatomicaldifferences.Theseresultsdemonstrate
that this combinationof techniquesis successfulfor seg-
mentation.We applythismethodologyto theautomaticex-

tractionof the cerebraltrunk and the cerebellumto recal-
culateGM andWM volumes.This will helpdoctorsin the
diagnosisof pathologiessuchasAlzheimerandParkinson
diseases.
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