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ABSTRACT

In the study of mary neurologicalpathologies,the accu-
ratequantizatiorof the white matter(WM) andgray matter
(GM) volumesof the brainis essential Moreover, regional

volumecalculationamaybring evenmoreusefuldiagnostic
information. In this paperwe presentherefore¢hesegmen-
tation of internalstructuref the brainfor furtherregional

WM and GM volume quantization. A priori information
aboutthe brain anatomyis includedin the segmentation
processby the registrationof the patientMR imageswith

a computerizedrain atlas. We proposeherethe combina-
tion of a global affine transformatiorusedto initialize key

boundarysurfaces(lateral ventriclesand cortical surfaces)
of bothimageswith alocal free-formtransformatiorbased
on an optical flow algorithm. We apply this techniqueto

segmentthe cerebellumandthe cerebraltrunk in orderto

excludethemfrom our WM andGM volumequantization.
Validationhasbeenconductednalargenumberof images,
shawing excellentresults.

1. INTRODUCTION

The accurateanalysisof internal structuresof the brainis
undoubtedlyof greatinterestfor the study and the treat-
mentof variouspathologiesAmongthem,thequantization
of gray and white mattervolumesmay be of major inter-
estin neurodgeneratie disorderssuchas Alzheimer dis-
easejn movementglisorderssuchasParkinsonor Parkin-
sonrelatedsyndromejn white mattermetabolicor inflam-
matory diseasejn congenitalbrain malformationsor peri-
natalbraindamagegr in posttraumaticsyndrome.ln such

casesijt is necessaryo consideronly the volume of white
andgraymatterin specificregionsof thebrainsuchashemi-
sphericlobesor individual deepgray matter nucleus,ex-
cluding otherregionslik e the cerebraltrunk andthe cere-
bellum. It is thereforeessentiato accuratelyseggmentthe
brainin orderto detectthe regionsof interestfor the vol-
umetricquantization.As it is importantfor this proces<o
be robust, inclusionof a priori informationaboutthe task
to becarriedoutis necessaryin thiswork we studytheuse
of anatlasregistrationtechniqueto segmentthebrainstruc-
tures. The processconsistsin finding the transformation
thatdeformsoneimagecalleddeformablemodelwherethe
structureof interesthave alreadybeendefined(i.e. anelec-
tronic atlasof the brain)toward anothelimagecalledrefer
enceimage where structuresof interestwill be projected
(i.e. the patientimages).Both local andglobal transforma-
tionsareconsideredTheglobaltransformatiorusedhereis
anaffineregistration.However, thistechniquas notenough
to achieveagoodlocalregistration.In this caseoursolution
is to combineboth global affine andlocal non-rigid trans-
formations. The studiesin the non-rigid techniquesased
on acomplete3D deformablemodelhave recevedalot of
interestrecently rangingfrom the elasticmodel approach
(Bajcsy|[1]) to viscousfluid models(Christensen2], Bro-
Nielsen[3]). Anotherinterestingapproachis the demon-
basednethodof Thirion [4] thatpresentsdifferentpointof
view ascomparedo existing non-rigidattractorbasedech-
niques. In this work we have bet on an affine registration
with a non-rigid matchingusing the demonsalgorithm of
Thirion. This methodologyfollows the sameideaasHart-
mannetal. in [5]. Applying first the affine registrationwe
obtaina very goodinitialization to apply the demonsalgo-



Fig. 1. MR andlabeledcoronalimageof the Sumgical Plan-
ning Laboratory(SPL)atlas.

rithm avoiding largeinitial differencedbetweerdeformable
andreferencémages.Then,thefastfully automaticdemon
methodis usedto compensat¢he morphologicaland mor-

phometricaldifferencesbetweeninternal structuresof the

brain. We perfomedvisual validation. Whenthe registra-
tion of the atlasandthe patientimageis completed,it is

easyto extracttheregion of interestsimply by considering
only regionsof the brainincludedin the desiredregion of

theregisterecdatlas.Finally, thanksto previousworksof our

group,analgorithmbasecdon arobustparameteestimation
of mixturesusinggeneticalgorithmsis usedto calculatethe

WM andGM volumesin theregionsof interest6].

This paperis structuredas follows. In Section2 we
briefly describethe dataandthreemethodsusedin this ap-
plication. Next, in Section3, we presentandanalyzetyp-
ical resultsof two of our studiedpatients. Conclusionson
the performanceandinsighton futurework arediscussedn
Section4.

2. MATERIAL AND METHODS

2.1. Atlas and patient data

The digital atlasusedfor this applicationis the one from
the Sumical PlanningLaboratory(SPL)of HarvardMedical
School[7]. This atlasis madeof MR datafrom a single
normalsubjectscannedvith high resolution(256 x 256 x

160 volume datasetin coronalorientationwith 0.9375 x

0.9375 x 1.5 voxel size). Datainformationis presentedby
boththe MRI datasetandthe correspondindabel map of
the segmentedstructuresof the brain (seeFigurel). The
patientdatasetsareformedby T2-weightedMR imagesof
healthysubjectq256 x 256 x 124 volumedatasetin sagittal
orientationwith 1 x 1 x 1.25 voxel size).

2.2. Global affine transformation

Theglobaltransformatiorusedhereis anaffinetransforma-
tion whosecoeficientsminimize a distancemeasuref the
atlasto the correspondengtructuresn the targetimage.In

this case the registrationmethodis basedon the matching
of 2 importantanatomicallandmarks:the cortical surface

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

2.3. Non-rigid transformation

The local non-rigid deformationusedin this work follows

thedemonslgorithmproposedy Thirion [4]. Many types
of transformationcanbe usedwithin demonsframework.

Our choice hereis 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 behaior (inside/ outside)to decide
pushingdirection. The startingpoint to calculatedemons
forceis the conceptof instantaneousptical flow equation
aspresentedhn [9]. Thehypothesiss thatthereis aconser

vationof theintensityin time of the pointsundermotion:

i(x(t),y(t), 2(t),t) = constin time. Q)
If we take derivatives:
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In the caseof having two volumeimagesto register f (ref-
erenceimage)andg (deformablemodel),we considerthat
theseimagesaretwo consecuiie framesandwe areinter-
estedin 7, the motionfield thatbringsg closerto f. Thus,
we ponsidenhat% = f — g, andthat? = (8, 8v 92)js
theinstantaneouselocityfrom g tof. So,

7-Vf=g-f (3)

Sincethis equationdoesnot suffice to determiner locally
weregularizetheproblemby theassumptiotthatthemotion
haslocally the samedirectionasthe spatialgradient. That
leadsto thefollowing equatiorfor thelocal motion:
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However, this equationis not stableif the gradientnorm of
thereferencdmageis small. To avoid this possiblediscon-
tinuity in (4) we usea modifiedversionof the demonforce:
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The demonalgorithmis implementedin an iterative way
thatfollows thesesteps:

p= ()

1. Pre-computelemonpoints.

2. Computefor eachdemonpoint,thedisplacementec-
tor generatinga local force field betweenthe actual
deformablemodelandthereferenceémage.



Fig. 2. Contoursof original (in gray)andregistered(in white) objectof theatlas(cerebellum¥or thefirst patient.It canbeen
seeraswhite contourmatchesnuchbetterthe cerebellunthatgrayoneevenif sometimeghereis aninitial largedifference.

Fig. 3. Final classificatiorof gray andwhite matter

3. Filter theseforcesby a Gaussiariilter.
4. Computethe new globaltransformation.
5. Goto step2.

Furthermorethe algorithmhasbeenimplementedn a bi-
jectivity way [4]. Both direct andinversetransformations
are computedat eachiterationandalsothe residualdefor
mation. Then, they are equally compensatedby a half of
this residualdeformationto maintainboth transformations
compatibleeachother Althoughthis methodrequiresmore
thantwice the oneway computation,it hasthe advantage
that providesat the endnot only the directtransformation,
but alsoan inverseone. Anotherknown advantageof this
methodis its robustnessn preservingheanatomicatoher
enceof theimages.

Moreover, the algorithmis implementedn amultiscale
way, increasingthe speed.the robustnessand the corver-
genceof theregistration.

2.4. Gray and white matter volume quantization

The headis constitutedof differenttypesof tissues. The

correspondengray valuesin a MR imagecanbe modeled
by a finite mixture of multivariate Gaussiardistributions.
Schroeteetal. [6] have presentedwo methodgor arobust
estimatiorof the statisticof thedesiredissuesvenif they

aremixed with otherdataof lessinterest. Their algorithm
followsthenext steps:

1. Selectionof imageswherebrainis well represented.

2. Calculationof thehistogramandcomputatiorof back-
groundthreshold.

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

4. Estimationof GM andWM statisticsusinga genetic
algorithmappliedon the histogram.

3. RESULTS

In this sectionsomefiguresare presentedo illustrate the
resultsthat we have obtained. Even if we have obtained
goodresultsfor mary processegatients,we only present
hereresultimagesof oneof them.

First step consistsof the affine registration of the at-
las andthe patientimages. As initialization this algorithm
needsonly a contourdescriptionof the brainthatit is actu-
ally automaticallyextracted.Theglobalregistrationis done
in afew seconds.

After that, the non-rigid matchingshould be applied.
But demonsalgorithmis sensibleto imageintensities that
meanghatif thereis no correspondenceeetweernntensity
the algorithmfails. So, at this point an automaticfitting of
atlasandpatienthistogramss donein orderto obtainalin-
earintensitycorrectionof atlasintensity

Now, MR atlasis the deformablemodelandpatientim-
agesare the referenceimages. Three parameterdiave to



|| Beforeextraction || After extraction

Patient] GM. | WM. | GM. | WM.
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 || 5433 | 485.9
5 || 521.6 | 516.9 | 450.93| 4435
6 603 | 480 || 520.2 | 413.644
7 || 559.1 | 506.4 || 488 | 460.7
8 584 | 487 | 492.75| 438.58

Table 1. Grayandwhite mattervolumesin mm?.

be determinedo run the demonsalgorithm: rigidity of the

model,numberof scalesandnumberof iterationsat finest
scale. For our image dimensionswe found the following

parametergeadin appropiateesults:o = 5 voxels,4 scales
and 16 iterationsat finestscale. The non-rigid registration
wasexecutedon a PC-Linux, Pentiumlll at 700 MHz and
computatiortime wasabout30 minutes.

Oncethe non-rigidtransformatioris found,it is applied
on the labelmapanda maskof the objectsof interest(the
cerebratrunk andthe cerebellumjs extracted.

In Figure2 we canseethe resultsfor onepatient. Ax-
ial, sagittaland coronalview are shovn andtwo contours
arevisualized. Onecontour(in gray color) corresponds$o
the SPL atlascontourdeformedby the affine transforma-
tion. The otherone (in white color) is the contourof the
registeredatlas. In theseimageswe can seethat a good
matchinghasbeenobtainedevenin the areaswherelarge
displacements/ereneeded.

Finally, the calculationof the WM andGM volumesis
doneby the Shroetemlgorithm[6]. In Figure3 the classifi-
cationresultsareshovn. The volumecomputationis done
beforeand after cerebraltrunk and cerebellumextraction.
The validationof the methodhasbeendonein 15 patients
but only resultsof 8 areshovn in Tablel.

4. CONCLUSION

We haveimplementeditandenof affineandnon-rigidmatch-
ing techniquedor the automaticsggmentationof internal
brain structures.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 image intensities. We have visually vali-
datedthatthe non-rigidtechniquereaches gooddeforma-
tion evenwhenlarge differenceare presenbut alwayspre-
servinganatomicaldifferences.Theseresultsdemonstrate
that this combinationof techniquesds successfufor sey-
mentation.We applythis methodologyto the automaticex-

traction of the cerebraltrunk andthe cerebellumto recal-
culateGM andWM volumes.This will helpdoctorsin the
diagnosisof pathologiesuchasAlzheimerand Parkinson
diseases.
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