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Abstract

In this study we proposenenv methoddor automatioextractionof thebrainsurfaceandthe
mid-sagittalplanefrom functionalpositronemissiortomograply (PET)imagesDesigning
generamethoddor thesesegmentatiortasksis challengingbecaus¢he spatialdistribution
of intensity valuesin a PET imagedependson the appliedradiopharmaceuticand the
contrastto noiseratio in a PET imageis typically low. We extractedthe brain surface
with a deformablemodelwhich is basedon global minimizationof its enegy. The global
optimizationallows reliableautomatiorof the extractiontask.Basedontheextractedbrain
surface themid-sagittaplanewasdeterminedSincewe did notapplyinformationfrom the
corresponding@natomicaimagesthe extractedbrain surfaceandmid-sagittalplanecould
be usedalsowhenregisteringPET imagesto anatomicaimages Furthermorewe applied
the deformablemodel for extraction of the coarsecortical structurebasedon the tracer
uptale from FDG-PETbrainimagesWe testedhe methodswith theimageof theHoffman
brain phantom(FDG) and imagesfrom brain studieswith FDG (17 images)and !'C-
Raclopridetracers(4 images).The brain surface,the mid-sagittalplane,andthe cortical
structurewere reliably delineatedfrom all the imageswithout ary userguidance.The
proposedsegmentationmethodsprovide a promisingdirection for automaticprocessing
andanalysisof PET brainimages.
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1 Introduction

Positronemissiontomograply (PET) canbe usedto studybiochemicalprocesses
involvedin living organslik e the brain. Segmentatiorof, or extractionof volumes
of interest(\VOI) from PETimagesds importantfor regionalquantification Entirely
manualmethodsare not practicalfor segmentationof a large setof PET images
becausd is time-consumingvork whereindividual humananalyzergroducealot
of variancen theresults.Thresholdingandclusteringtechniquesouldbeapplied,
but they requireuserinteractionand manualediting of the extractedvolumesof
interest.A standardprocedureto delineatestructuresaccordingto their surfaces
from PET brainimagesis to sggmentthe corresponding@natomicaimagneticres-
onance(MR) imagesandthento superimposehe found anatomicalsurfaceson
the PET images(Huesmaret al., 1998).In that study Huesmaret al performed
corgyistrationbetweenPET and MR imagesmanuallybecausebviously a very
accurateregistrationis required.Automaticimageregistrationis not a trivial task
dueto initial incongruity of structureand function and fundamentaldifferences
betweerPETimagesacquiredwith differentradiopharmaceutical&or moreabout
theimageregistrationmethodsavailablefor nuclearmedicinewe referto therecent
suney (Huttonetal., 2002).

The biochemicalprocessdescribedby a PET imageis definedby the appliedra-

diopharmaceuticalrom which also the spatialdistribution of intensity valuesin

the imagedependson. Furthermore PET imagesare typically noisy Therefore,
designingautomaticand generallyapplicablemethodseven for extraction of the
brainsurfaceis achallengingask.Neverthelessautomatidorainsurfaceextraction
is adesirableaim. The brain surfacecanbe used,aswe demonstratén this paper
for determinatiorof the mid-sagittalplane.Also, reliable delineationof the brain
surfacefrom variouskinds of PET brain imagesopensup newv possibilitiesfor

performingimageregistrationsbetweenPET andanatomicaimagesby applying,
for example,the iterative closestpoint algorithm (ICP) (Besland McKay, 1992;
Zhang,1994; Ardekaniet al., 1995). Obviously, this requiresprocessingf PET
imageswithout relying on information from the correspondinganatomicalMR

imagesin asimilarwaythebrainsurface,andperhapshemid-sagittalplanecould
beusedfor compensatingatientmovementduringadynamicPET studyor patient
mispositioningoetweerPET studies.

If otherbrainstructurecouldbeextractedreliably bothfrom PETandMR images,
also they could be usedas a basisfor registrationand patientmotion compen-
sation.By a structurein a PET imagewe meana volume in the image, which
hasdistinguishablépositive) uptale of theradiopharmaceuticdtom its surround-
ings. We have addressedbrain structureextraction within PET in earlier studies.
Thethresholdingmethodfor extractingstructuresnteractvely from the PETbrain
imageswasstudiedin (Mykkanenet al., 2000).A sagittalslice wasinteractvely
determinedrom PET imageto separatéhe imageinto two partsroughly corre-



spondinghetwo hemisphereto beableto setthresholddor bothpartsseparately
This simple methodwas appliedto extract the structurescorrespondinghe left

and the right striatumfrom FDORA-PET images.We have also examinedtwo-

dimensional(2D) generalizedsnales (g-snales) (Lai and Chin, 1995)for extrac-
tion of the structurecorrespondingortex from selectedplanesof FDG-PETbrain

imagesin (Mykkanenet al., 2001). However, while the resultsobtainedwith g-

shaleswere encouragingit wasimpossibleto usethe 2D methodto procesghe
three-dimensionaimage volumesautomatically Besides,we appliedalso infor-

mationfrom the correspondingMR imagefor sggmentationand thereforeuse of

segmentationdor registrationpurposesvould be problematic.

In this study we proposean automaticmethodfor extraction of the brain surface
from FDG and RaclopridePET images.The extractionis basedon a new three-
dimensionaldeformablesurface model developedin our researchgroup (Tohka
andMykkanen,2003).An importantpropertyof the deformablemodelis its low
sensitvity to its initialization achieved by global minimizationof its enegy. This
allows generatiorof initializationscompletelywithout userguidancewhichis im-
portantif alarge setof imagess to beprocessedasedonthefoundbrainsurface,
we continueby determininghe mid-sagittalplane We consideralsoextractionof a
structurecorrespondingortex from FDG-PETimageausingthedeformablenodel.
All proposedmethodsarerelying on dataonly from PET imagesthemselesand
thereforedelineatedsurfacescouldbeusedfor registrationpurposesSomesurface
extractionresultswith FDG-PETimageshave beenpresentegbreviously in (Ruot-
salainenet al., 2001) and (Mykkanenet al., 2003). Preliminary experimentsfor
extractingthe mid-sagittalplanefrom FDG-PETbrainimageshave beenpresented
in theabstrac{Luoma,2002).

2 Background

2.1 PETimages

Positronemissiontomograply providesa uniquemethodto investigate physiolog-
ical processes the brain. Thedistribution of the intensityvaluesin a PETimage
depend®ntheappliedradiopharmaceuticalkor examplethereceptotypetracers,
like Raclopride have uptake mainly in the structureshaving the highestdensities
of the correspondingeceptorswhereaghetracersdescribingmetabolicfunctions
like FDG, which is the tracerfor glucoseconsumptionhave uptale all over the
brainarea,andthehighestuptale in the corticalregion. A functionalstructurein a
PETimagecanbe definedasa volumehaving distinguishablaifferent,normally
higherintensityvaluesthanits surroundingsL.ow contrasto noiseratioin thePET
imagescauseproblemsfor thosesegmentatiormethodswhich arebasedonly on
intensityvalues Figurel presentsheintensityhistogramf oneof the FDG-PET



andoneof the RaclopridePET brainimagescollectedfor this study Fromthehis-
togramat is clearthatthevoxelsin aPETbrainimagecannotbeclassifiedsimilarly
asthe voxelsin anatomicaMR imagesbecauséhereis no groupingof intensity
valuesaroundsomestructureboundmeanvalue. Thus,the useof intensity-based
segmentationmethodsneedsinteractionin the definition of meaningfulthreshold
valuesfor extractionof volumesof interest(VOI). For automatiaextraction,amore
adwvancedsgmentatiormethodis requiredwhich shouldberesistanto noiseandit
shouldalsobeableto dealwith thewholefunctionalstructureThiscanbeachieved
if alsoa priori informationof the approximategositionandsizeof the objectto be
searchedor canbeincludedin the sggmentatiorprocess.

The quality of PET imagesdependson the appliedimagereconstructiormethod.
The positronemissiondataacquisitionis subjectto a substantiabmountof statis-
tical noise,originatingfrom the statisticalnatureof the decayof the positronemit-

ting isotopeusedfor labelingthe tracermolecule.The corventionalfiltered back-

projectionimage reconstructionproducesimageswith noise and reconstruction
artifacts. The iteratve imagereconstructiormethods,especiallythoseincluding

noiseregularisationin thereconstructiorprocesgproducebetterimagequality. We

have introducediterative medianroot prior reconstructiormethod(MRP), which

hasshown to produceoutstandingnoisereductionpropertieswithout blurring the

edgedn theimages(AleniusandRuotsalainen2002).It is obviousthatimproved

imagequality, especiallysharpedgesandcontrollingof the noisecontent helpsthe

segmentatiorof PETimages.

2.2 Deformablemodels

Deformablesurface modelsare advancedmethodsfor image segmentationand
surfaceextraction.They useprior informationaboutgeometryof objectsof interest
in addition of image data. Therefore,they are not as sensitve to imperfections
in image dataas sggmentationmethodswhich rely solely on imagedata.As a
consequenceajeformablemodelshave found variousapplicationswithin analysis
of medicalimagesMclnerng/ andTerzopoulos1996).

A deformablemodelconsistsageometriaepresentatioof a surfaceandevolution
rulesthat control the adaptatiorof the surfaceshapeaccordingto the imagedata.
The shapeadaptationis oftenformulatedasan enegy minimizationproblem.The
enepy functionof adeformablesurfacemodelconsistof anexternalenegy term
derived from imagedataandan internalenegy term which dependsonly on the
propertiesof surfacesthemseles. A commondravback of deformablemodels
is that the formulatedenegy minimization problemis difficult to solve due to
numerouslocal minima. This easily leadsto problemswith the initialization of
deformablemodels.In otherwords,theinitial surfacehasto bein aclosevicinity
of the target surfacein orderfor a standarddeformablemodelto corverge to a



correctsolution. Thereexist severaladvancedmethodghathave beenproposedo
solvetheinitialization sensitvity problem,but reviewing thesewould be outsideof
thetopicin this study

Deformablemodelsfor MR brain images

Deformablemodelshave beenusedextensvely for analysisof three-dimensional
MR brainimagesWe review briefly a few applicationsof themandpointouttheir
differencedo processingf PETimages.

Extractionof cerebralcortex from MR imagesis a difficult taskbecause¢he com-
plex shapeof thecortex is problematido capturegproperly MacDonaldetal. (2000)
considerecautomaticextractionof innerandoutersurfacesof corticalgray matter
from MR images.They first classifiedvoxels in a MR imageaccordingto their
tissuetype. Thereafter a deformablesurface basedon simple coarse-to-fineop-
timization wasusedto locateboundarybetweengrey andwhite matter the inner
surfaceof thecerebratortex. Startingfrom theinnersurfaceof cortex andapplying
proximity constraintsthe outer surfaceof the cortex was extracted.The method
dependson voxel classificatiomandthereforeit is not directly applicablefor PET
images.

Xu et al. (1999) proposedto use a generalizedgradientvector flow (GGVF) -
baseddeformablemodel (Xu and Prince,1998)to obtaina representatiomf the
centrallayer of the cerebralcortex. They alsofirst classifiedimagesaccordingto
thetissuetypesandthengeneratedhitializationsfor deformablesurfacesbasedn
voxel classificationsTheinitialization stagerequiredsomeuserinteraction GGVF
deformablemodelsdo not necessarilyrequire voxel classificationprior to their
application.Also otherresearcherbave consideredxtraction of cerebralcortex
from MR images(Davatzikos and Bryan, 1996; Zeng et al., 1999; Vaillant and
Davatzikos,1997).

Shenet al. (2001) extractedventriclesand nuclei from MR brainimagesusinga
deformablesurface model. They relied on edge-detectionnsteadof voxel clas-
sification in the formulation of the external enegy for their deformablemodel.
However, they appliedrather complex shapemodeling schemerequiring hand-
craftedexamplesurfaces.

Deformablemodelsfor PETimages

Deformablesurfacemodelsare attractve methodsfor analysisof anatomicaMR
images.Due to differencesbetweenPET imagesand MR imagesexplainedin
Section 2.1, direct applicationof deformablemodelsdesignedfor MR images
is not necessarilyplausiblefor analysingPET imagedata.However, deformable
modelshave beenconsiderealsowithin PETandSPECT(singlephotonemission



computedtomograply) althoughnot asextensvely aswithin MR imaging.Also,
within PETor SPECTmostof theapplicationf deformablanodelsseento focus
on cardiacimagesBardinetetal. (1998)useddeformablemodelsfor extractionof
theleft ventricleof the heartfrom cardiacSPECTimages.The deformablemodel
combinedsuperquadricsvith few degreesof freedomto free form deformations
in orderto properly segmentnoisy images.The methodrelies on thresholdingof
imagesandthe selectionof the thresholdvalue appeargo requireuserguidance.
NoumeirandEl-Daccachg€1998)applieda 3D generalizatio{CohenandCohen,
1993) of the snalesalgorithm (Kasset al., 1987) for attenuationcorrectionwith
cardiacSPECTimages.However, basedon the shortdescriptionof the algorithm
it is hardto deductthe level of automationof their method.Deformablemotion
algorithmwaspresentedn (Klein andHuesman2002)to compensatéor patient
motion in gatedPET cardiacimages.However, asthis problemis quite different
from ours,we do not considerit furtherhere.In (Debreue et al., 2001),level-set
basedleformablamodels(Malladi etal., 1995)wereappliedto sggmentatiorof 4D
(3D andtime) gatedmyocardialSPECTimagesIn our applicationst is favorable
to constraintopologiesof the extractedsurfacesandthereforelevel settechniques
areof limited interestfor us.

Tohka(2002)hasstudiedbrainsurfaceextractionfrom PETimagesusingdifferent

deformablemodels A preliminaryversionof thedeformablemodelappliedin this

study was featuredin the study Tohka concludedthat the problemseemsto be

hardif automaticuseof deformablemodelsis desired However, two deformable
models,the one consideredn this study and the GGVF-basedmodel (Xu and

Prince, 1998) mentionedalready yielded good extraction results.Of course,as

statedin (Tohka,2002)theresultsof sucha studyareopento mary interpretations
anddrawing too strict conclusionsaboutsuperiorityof onemethodover the others
for thetaskshouldbe avoided.

2.3 Extractionof mid-saittal planefromPET brain images

Differencein brain function betweenthe two hemispheress an interestingtopic
for a neurologicalstudy To studyit, hemisphere®f the brain mustbe coarsely
separatedh a brainimage.This canbe doneby identifying the mid-sagittalplane
of thebrain. Themid-sagittalplanecanbe definedastheoneplaneaboutwhichthe
reflectve symmetryof thebrainis maximizedin theimage.Severalmeasurebave
beenusedasthe symmetrycriterionwithin PET. Ardekanietal. (1997)considered
the cross-correlationf the intensityvaluesbetweerhemisphereasthe symmetry
criterion. This criterion is obviously sensitve to asymmetriesand anisotropy of
intensity valuesbetweenhemispheresPrima et al. (2002) usedblock-matching
and rohbust regressiontechniquedo find the mid-sagittalplane even when there
exist normalor abnormalasymmetryin the brain.



Also, symmetry criteria that are not directly relatedto intensity valuescan be
consideredLiu etal. (2001)consideredhe symmetryof edge-imagesatherthan
symmetryof the original intensity images.They appliedtheir methodonly for

anatomicaMR or CT imagesIn this study we extendtheir methodfor functional
PET images.However, it could be expectedthat edge-imagesvould not have a

guality goodenoughfor reliabledeterminatiorof the mid-sagittalplane.Therefore,
we baseour mid-sagittalplaneextractionalgorithmto PET brain surfacesthatare
extractedby the deformablesurfacemodel.

3 Deformable surface model

Surfacesareextractedfrom volumetricimagesby minimizing the enegy function
of thedeformablanodel.Surfacesareapproximatedby simplex meshegDelingette,
1999).A setof discretepointsW = {wy, ws, ..., w,}, calledmexels (e R?), and
adjacenyg relationsbetweemmexelsdefineasimplex mesh Adjaceng relationsare
known andconstanthencesymbolW is usedfor a simplex mesh.

3.1 Enegymodel

Thetotal enegy of the surfacemeshW is definedas

E(W)=AEim(W) + (1 — A) Eext(W)
- % 3 (AEW(W,-) . A)Em(wi)). (1)

i=1

Theregularisationparameten is in range[0, 1]. The externalenegy E.,; couples
W to the salientimagefeaturesTheinternalenegy E;,; regularizesthe shapeof
thesurface.

Theinternalmexel-wiseenengy is definedas

Wi =X wi|)?

wherew;, arethe neighbouringmexels of w; in the mesh,A(W) is the average
areaof thefacesof themeshanda is theshapgarameteror thethin-plateshape
model

a= - (3)



andfor the sphereshapanodel(TohkaandMykkanen,2003)
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The sphereshapemodelis more complicated,but applyingit often leadsbetter
resultsthanapplyingthe simplerthin-plateshapemodel.

The preciseform of the external enegy function dependson the appliedtracer
becausedifferentimage-featurecharacterizesurfacesof interestwith different
tracers.Therefore,for notationalsimplicity, we definethe external enegy with
the help of enegy images.An enegy imageis generatedrom the imageto be
processeth suchaway thatintensityvaluesin theenegy imagedescribesalieny
of voxelsfor theapplicationandthetracer Theexternalenepgy atthe positionw is

E.i(w) =1— B(w), (5)

whereB istheenegyimage. Enegy imagesarenormalizedo haveintensityvalues
from O to 1. The generatiorof the enegy imagesbasedon the original imagesis
explainedin Section4.1.

3.2 Enelgy minimization

Theenegy function (1) is likely to have multiple local minima. Therefore global

minimization of it is necessaryo renderthe deformablemodelinsensitve to its

initialization. We proposedneffective dualsurfaceminimization(DSM) algorith-

m for the globaloptimizationtaskin (TohkaandMykkanen,2003).Thealgorithm
is basedon the iterative optimizationof two surfacemesheswhich approacrthe

surfaceof interestfrom differentdirections We namethe enegy baseddeformable
model(DM) with the DSM algorithmasthe DM-DSMmethod

Standad DSMalgorithm

The DSM algorithmbegins with two meshesthe outermeshandthe inner mesh.
Theseare createdfrom a given initial meshpreservingits properties.exceptthe
size.Theirsizesaresetin suchaway thatthe surfaceof thesearchedtructureies
in thespacebetweerthem.Thisis thesearch volumefor theminimizationprocess.

The searchis basedon theiteratve minimizationof the enegiesof the outerand
inner surfaces.The enepgies for the both surfacesare calculatedfrom equation
(1). During eachiteration, the enegy of the meshis minimized using a greedy
methodadaptedrom (Williams andShah,1992).1t is usedin sucha way, thatthe



outersurfaceshrinksandthe inner surfacegrows. After eachiteration,the DSM
algorithm comparesthe enegies of the outer and inner surfacesand continues
minimizationfrom the surfacehaving higherenengy. If the surfacehaving higher
enegy getsstuckin alocal enegy minimum, the enegy of the currentsurface
positionis increasedintil the suriacemovesagain. The DSM algorithmis stopped
whenthe volumeinside of the inner surfaceexceedsthe volumeinside the outer
surface.Thealgorithmselectghe surfacehaving thelower enepgy astheresult.

DSM-OSalgorithm

Sometimesfor example when extracting brain surfacesfrom PET images,it is

favorable to approachthe surface of interestfrom outside.The reasonfor this

with PET brainsurfaceextractionis thatenegy imagesusuallycontainmorenoise
insidethe brain volumethanoutsideof it. For situationslike this, we have devel-

opeda DSM-OS (DSM - outersurface)variantfrom our optimizationalgorithm.
The DSM-OS algorithmusesonly one surfacemeshapproachinghe tamget from

outside.The modificationis straight-forvard to implement.Insteadof comparing
the outermeshto theinner meshaswith the standardalgorithm,the enegy of the
currentoutermeshis comparedo the lowestenegy alreadyfound. The iterative

algorithmis stoppedvhenthevolumeof the (outer)surfacemeshbecomesmaller
thana giventhreshold.For moredetailsaboutthe variantandadwantagef it for

brainsurfaceextractionfrom PETimagessee(TohkaandMykkanen,2003).

4 Surface Extraction from PET Brain Images

In this Section,we describehow the DM-DSM methodhasbeenimplementedo
extract surfacesautomaticallyfrom PET brainimages.Determinationof the mid-
sagittalplaneis performedusingthe extractedbrain surfaces.A flowchartof the
proceduras presentedn Figure2.

4.1 Computatiorof enegy images

FDG-PET

As mentionedearlier intensity valuesin an enegy imageshouldideally be high
at the voxels belongingto surface of interestand low elsavherein the enegy
image.With FDG, edgesn originalimagesseemto be a goodandsimplefeature
characterizingurfacesof interest We definetheenegy imagefor FDG as

BFDG:HVMF(I)Hv (6)



wherel is the FDG-PETimageto processe@nd M F' denotesa medianfilter. The
gradientis computedby the three-dimensionabobeloperator(Zucker and Hum-
mel, 1981).In practise the enegy image Brpg cancontainfew aberrantlylarge
intensityvalues,which reducethe contrastin otherpartsof theimage.Therefore,
to improve the contrasta certain(small) percentagef largestintensityvaluesall

receve intensityvaluel in the normalizedversionof the enegy image.The steps
for computingBrpg aredepictedn Figure3.

RaclopridePET

For brain surface extraction from RaclopridePET images,constructingenegy

imagesrequiressomeavhat moreeffort thanin the caseof FDG-PETimages.The
whole processis depictedin Figure 4. As can be seenfrom Figure 4 (a), the
highesttraceruptale presenin theimagess within the striatumandtraceruptale

elsavherein the brain volumeis ratherlow. Therefore after medianfiltering the
Racloprideimages,we determinewhich voxels are likely to belongto the stria-
tum. The determinationis basedon the expectedvolume of the striatumandthe
assumptiorthat the striatumconsistsof voxels with the highestintensity values
in theimage.Intensityvalueswithin the so-determinedtriatumarethenreplaced
by the averageintensityvalue of theimage,cf. 4 (c). This way we neednot to be
concernedaboutvoxelswhich have beenincorrectly classifiedasthosebelonging
to the striatum.After this, we applya gray-level morphologicalbpeningwith aflat

andsymmetricstructuringfunctionto theimage(Heijmans,1991).

After the preprocessingteps(Figure 4 (d)), it canbe seenthat voxels just out-
sidethe brain volume have low intensityvalues.Also, their valuesin the gradient
magnitudamagearerelatively high. Hence we set

BRaciopridge(X) = ||VIr(x)[|(1 — Ir(x)), (7)

whereBRrgaopride 1S theenegy imagefor RaclopridePETimagesandIr (asin Fig-
ure 4 (d)) denoteghe pre-processeinage.Intensityvaluesof I arenormalized
to lie in therange|0, 1] andthe gradientis computedaswith the FDG images.To
improve the contrastof the enegy images,we scaledown largestintensityvalues
presenin theenegy imagesimilarly aswith FDG-PETimages.

4.2 Delineationof thebrain surface

In the enegy image(Figures3 (d) and4 (f)), the brainsurfacehasrelatively high
contrastagainstbackgroundAlso, the noiselevel outsideof the brain volumeis
considerablyowerthaninsideof it in theenegy image Hence we applythe DSM-
OSmadificationapproachindprainsurfacefrom outsidefor extractionof it.
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For automatiogeneratiorof theinitialization for thedeformablemodel,we assume
thatthe centrepoint of thebrainis locatednearthe masscentreof voxel intensities
in theoriginalimage.A large,ascomparedo imagedimensionsellipsoidis used
astheinitial surface.The centreof theellipsoidis setinto the masscentreof voxel
intensities An exampleof thiskind of initializationis shavn in Figure5. Fromthis,
the DM-DSM method(usingDSM-OSalgorithm)delineateghe surfaceof brain.
Thethin-plateshapemodelis usedin the brain surfaceextraction. The reasorfor
this is that the location of the brain in the imageis relatvely unknovn prior to
the extractionprocessandthe internalenepgy with the sphereshapemodelis not
translationinvariant,see(TohkaandMykkanen,2003).

4.3 Determinationof the mid-saittal plane

For extractionof the mid-sagittalplane ,we appliedan existing edge-basethethod
originally designedor anatomicabrainimageg(Liu etal.,2001).However, asthe
contrastto noiseratio of PET imagesis ratherlow, we apply the extractedbrain
surfacesinsteadof the edge-imagesasthe basisfor mid-sagittalplaneextraction.
Hence we definethe mid-sagittalplaneasthe oneaboutwhich the reflectve sym-
metry of the brainsurfaceis maximized.

Thealgorithmusedin this studyis highly similarto theonedescribedn (Liu etal.,
2001)andthereforewe describdt hereonly briefly. The algorithmfirst determines
the slopeof the symmetryaxis on eachaxial slice of theimage.This is doneby
maximizing with respectto 6 the cross-correlatiombetweenthe brain contouron
that slice rotatedby angleé and vertically reflectedversionof the brain contour
rotatedby angle—@. Brain contoursareintersection®f the brainsurfaceandaxial
image cross-sectionsThereafter the slopesof the symmetryaxes on eachslice
are combinedto yield an estimated of the commonslope of the intersectionof
the mid-sagittalplane and transaxialcross-section®y using a robust estimation
techniqueOncewe have obtainedheestimatd, offsetsof themid-sagittaplaneto
thesymmetryaxisdefinedby 6 oneachslicecanbecomputedagain by maximizing
cross-correlatiorof the brain contourson eachaxial slice. Basedon theseoffsets
robustleastmedianof squaresegressionNRousseeuvandLeroy, 1987)is usedto
determinegemainingparametersequiredfor specifyingthemid-sagittalplane.See
(Liu etal.,2001)for moredetailedexplanationof the algorithm.

4.4 Extractionof thewhite mattersurface

We apply the standarddSM-algorithmfor extractionof the white mattersurface.
The white mattersurfaceis the boundarybetweerthe traceruptale levelsin gray
matterandwhite mattertissueghatis visible in FDG-PETimages.Thedelineated
white matter surface togetherwith the brain surface definesthe coarsecortical
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structurein the image.However, before proceedingwith surface extraction, we

remove high intensity valuesrelatingto the brain surfacefrom the enegy image.
This is donebasedon the previously extractedbrain surface. The alreadyfound

brainsurfacecanalsobeusedfor generatingnitializationsfor the DSM algorithm.
The inner and outer initial surfacesare createdfrom it by scaling. Both shape
models the thin-plateandthe spherecanbe appliedto the extractionof the white

mattersurface.

5 Material: PET studies

Brain surface extraction and determinationof the mid-sagittalplanewere evalu-
atedwith imagesfrom a phantomstudy andimagesfrom ¥*FDG-PETand ! C-
RaclopridePET studiesof healtly volunteers.The white mattersurfacewas ex-
tractedfrom the phantomimagesandthe FDG images.The Hoffman brain phan-
tom (JB003, NuclemedN.V./S.A., RoeselareBelgium) was filled with *FDG.
Structurescorrespondingo cerebellum,cortex, basalgangliaand ventriclesare
represented the phantom.

All the PET acquisitionswere madewith GE Advancescanneil(GE, Milwaukee,
USA). The FDG-PETimageswerereconstructeavith theiteratve MRP methodto
thecross-sectiormagesizeof 128by 128(Aleniusetal.,1998).Thevoxel sizewas
1.72mm x 1.72mm x 4.25mm. The RaclopridePET imageswerereconstructed
with the FBP methodto the samesizethanthe FDG images.The voxel sizewas
2.3mm x 2.3mm x 4.25mm.

Fromthe phantomstudywe createdwo imageswherethe brainwasin two differ-

entorientationsmainly to testthe algorithmfor determininghe midsagittalplane.
In oneimage,the brainwasin the neurologicalorientationandin the otherit was
slightly rotatedfrom this orientation.The resultingimagesare calledthe original

phantomand the rotated phantom,respectrely. The rotation was implemented
using AIR software (Woodset al., 1993), and the rotation angleswere 3° in the

transaxialplane(yaw), 0° in the sagittalplane(pitch) and5° in the coronalplane
(roll). Rotationswereperformedn the orderyaw, pitch, androll.

The pixel by pixel Patlak modelwas appliedto the FDG sinogramsto produce
parametridmagesto be usedin the delineationprocesgRuotsalainen1997).The
Racloprideimageswere calculatedto parametridmagesshaving the Raclopride
bindingwith a simplifiedreferencenodel(Gunnetal., 1997).

For parametergor the surfaceextractionmethod,rangesof valuesevaluatedwith
the phantomstudy were basedon our earlier experimentsin (Mykkanenet al.,
2003).Surfaceextractionwastestedwvith meshe®f 320,960and1280mexels.The
valueof regularisationparametei wasvariedin therange0-0.5for thesearchEx-
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tractionof thewhite mattersurface,wherewe apply the standard®SM-algorithm,
was performedwith two typesof initializations: initial surfaceswere generated
from an ellipsoid or from the extractedbrain surface. Thesecalled, respectrely,
the ellipsoid initialization and the brain surfaceinitialization. The thin-plateand
the sphereprior shapeswere testedfor the white mattersurface extraction. The
evaluationwasbasedon visual comparisorof the extractedsurfaceto the enegy
imageandthe originalimage.The parameteraluesfrom the phantomstudywere
usedfor extraction of surfacesfrom imagesserenteenFDG andfour Raclopride
brainstudies.

6 Results

6.1 Phantomstudy

Brain surface

The accurayg of the extractedbrain surfaceswas excellentwhenit was visually
comparedagainstthe enegy imagesaswell asagainstthe original images.The
brain surfaceextractedfrom the rotatedimageis shavn in Figure6 andthe brain
surfaceextractedfrom the original is shavn in Figure 7. Theinitialization for the
DSM-0OSin the caseof the originalimagewasthe oneshowvn in Fig. 5. As canbe
seenfrom Figures6 and 7, therewere no differencesetweenvisual qualitiesof
the brain surfaceextractedfrom the original phantomimageandthe brain surface
extractedfrom the rotatedimage. The extractedsurfacesmatchedwell with all
surfacedetailspresentn enegy imagesParticularly, thesurfaceconcaity atlower
partsof the brain surfacewas capturedproperly ascanbe seenfrom the coronal
cross-sectiom Figure6.

Positioningof initial (ellipsoid) surfacesaccordingto the masscentreof image
intensitieswas found to be an appropriatemethodfor initializing the DSM-OS
algorithm. TheDSM-OSalgorithmwasnotsensitve to thesizeof theinitial surface
aslongthesurfaceof interestwaslocatedinsideof it.

The numberof mexelsin a meshshouldbe sufiiciently large for representinghe
surfaceto beextracted. The meshsizeof 1280mexelswasfoundto beappropriate
for extractionof the brain surface.Details of the brain surfacevisible in images
were properly capturedwith this meshresolution.Meshescomprisingof 320 or
960 mexelscouldnotaccuratelyrepresenthe brainsurface.

In Equation(1), theparameten definesrelative weightsof theinternalenegy and
of the externalenegy. The brain surfacewas properly found with the evaluated
rangeof valuesof parameter\ (0.05-0.5)andthe DSM-OS algorithmwasfound
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to be ratherinsensitve to the value of X in this case.We selectedthe value 0.3
from the evaluatedrangefor the usewith the phantommagesHowever alsoother
choiceswould be possible becausehe extractedsurfaceswith differentvaluesof
A werehighly similar. For the reasonsxplainedin Section4.2, the brain surface
wasextractedonly usingthethin-plateshapemodel.

Mid-sagittal plane

The mid-sagittalplaneextractedfrom the original aswell asthe rotatedphantom
imageswasin a proper position and orientationwhen visually comparedto the
imageslntersection®f theextractedmid-sagittalplanesrom thephantommages
with transaxialandcoronalimagecross-sectionareshowvn in Figure6.

Whitemattersurface

The white matter surface was extractedwith the ellipsoid and the brain surface
initializations. The accurag of delineatedsurfaceswascomparableo the quality
and the resolutionof imageswith both initializations. However, with the ellip-

soid initialization the DM-DSM methodexpressedsensitvity to the size of the
inner initial surlacemesh.Therefore,for automaticsurfaceextraction, initializa-
tions generatedasedon the extractedbrain surfaceswould be the saferchoice.
The extractedwhite-mattersurfacesfrom phantomimageswith the brain surface
initialization areshowvn in Figure 6. With the brain surfaceinitialization, the DM-

DSM methodwasratherinsensitve to thesizeof thesearchvolume. Themeshsize
of 1280 mexels was found to be appropriateto capturethe white mattersurface
from the phantomimages By usingmeshe®f 3200r 960 mexels, the accurayg of

the extractedsurfaceswas compromisedy an insufficient meshresolution.Both
shapanodels thethin-plateandthe spherewereexaminedfor segmentatiorof the
white mattersurface.Extractedsurfaceswith the sphereshapanodelwereslightly
betterin visualinspection.

The searchprocesswas more sensitve to the value of A with the white matter
surfacethanwith the brain surface.Examplesof the effect of the changeof this
valueareshown in Figure 7. The sphereshapemodelwasappliedin thesetests.
If the shaperegularisationwasomitted(A = 0), the DM-DSM methodproduced
bumpy surfacesattractedoy highintensitypeaksin the enegy image.An example
is shawvn in Figure 7 (a), wherethe transaxialcross-sectiorof the white matter
surfaceseemdo be of rathergoodquality, exceptfor peaksof the surfacevisible
nearthe middle of theimagecross-sectionThe 3D renderingof the samesurface
in Figure 7 (a) betterrevealsthat omitting shaperegularisationcompromisegshe
smoothappearancef the resultingsurface.Consequentlyshaperegularisationis
neededfor properextraction of the surface.On the other hand,setting A to 0.5
led to over-regularisationascanbe seenfrom Figure7 (d). Extractedwhite matter
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surfaceswith valuesof X setto 0.05and0.2 aredepictedin Figures7 (b) and(c).
Although thesetwo surfacesare clearly different,they arehardto rank. It seems
thatappropriatevaluesfor parametei arefrom 0.05to 0.2. Thiswasthe casewith
bothshapemodels.Thewhite mattersurfacesn Figure6 werebothextractedwith
A=0.2.

6.2 FDG andRaclopridebrain studies

Fromthe phantontests we obtainedhe parametewraluesfor the evaluationof the
DM-DSM methodin thecasehe FDG andRaclopridedrainstudiesThemeshsize
of 1280mexelswasappliedfor all surfaces.

Brain surface

The brain surfacesdelineatedfrom all 17 FDG-PET imageswere of excellent
quality. In Figure 8, examplesof cross-sectionsf extractedbrain surfacesfrom
FDG-PETimagesare overlayedon the correspondingenegy images.In Figure
9, samesurfacecross-sectiondividedto left andright hemisphereareoverlayed
on the original FDG-PETimages.Magnifications(by 500%) from the transaxial
cross-sections Figure8 shav how the extractedbrainsurfacesfollow the details
visible in the enegy images.In Figure 10, 3D renderingsof the three extracted
brain surfacesdepictedin Figure 9 are shavn togetherwith the determinedmid-
sagittalplanes.

Thevisualquality of brainsurfacesxtractedfrom Raclopridamagesvasnearlyas
goodaswith FDGimagesHowever, with theRaclopridePETimagestheaccurag
of extractedbrain surfaceswas quite difficult to evaluatebecausebrain volumes
are barelyvisible in the original images.Figure 11 presentone exampleof the
extractedorainsurfacefrom Raclopridestudiesoverlayed(a) ontheoriginalimage,
(b) on the medianfiltered imageand(c) on the enegy image.Fromthe figure, it
canbe seenthatthe DM-DSM methodwasableto captureboundaryconcaity at
lower partsof the brainremarkablywell. In threecasesut of thefour studied the
delineatedsurfaceswereof similar quality asthe onedepictedin Figure11. Only
in a singlecaseout of the four therewereminor but clearerrorsin the delineated
surface.Theseerrorswereexplainableby imperfectiondn theenegy image.

As with thephantomstudies positioningtheinitial (ellipsoid) surfaceaccordingto
the masscentreof intensity valuesin the imageswasfoundto be an appropriate
methodto generatenitializations for the DSM-OS algorithm. Due to individual
variationsin the sizeof the brain, practicallythe wholeimagevolumeneedso be
insidetheinitial ellipsoid for automaticsearchThis did not presentarny problems
for theDSM-OSalgorithm,althoughinitializationswerequitefarfrom thesurfaces
of interest.Thethin-plateshapemodelwasusedfor the searchof thebrainsurface
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aswith the phantomstudy The effect of the value of the parametet\ wasfound
to be minimal in extractionof the brain surfacein the humanstudies.The same
value(A = 0.3) aswith the phantomstudywaschosenAll thebrainsurfacesrom

FDG-PETandRaclopridePET imagesin Figures8, 9, 10 and11 wereextracted
usingthis valueof the parameter

The stepsrequiredfor generatiorof the enegy imageswith the Raclopridetracer
weredifferentfrom thosewith the FDG tracer The distinctuptale of this kind of
receptotracersconcentratealmostonly in striatumandtheotherareasof thebrain
image remainalmostinvisible and have a very low contrastto the background.
In pre-processingthe removal of the striatumwas neededfor defininga proper
enegy image for the searchof the brain surface. The volume of striatumwas
always overestimatedThis did not causeary problemfor the search,sincethe
intensity valuesof the volume were replacedwith the averageintensity value of
theimage.Althoughtheneededmageprocessingvasa bit morecomplicatedwith
the Racloprideimagesthanwith FDG images,we could apply exactly the same
processingtepdor all thefour Raclopridemageswithout userinteraction.

Mid-sagittal plane

The mid-sagittalplanewasautomaticallydeterminecdasedon the extractedbrain
surfacesfor all 17 FDG-PETand 4 RaclopridePET images.The extractedmid-
sagittalplanesaredepictedon transaxialandcoronalcross-sections Figures8, 9
and11. The positionandorientationof the mid-sagittalplanewasproperin visual
inspectionwith everyimage.Especiallyminor errorsin the extractedbrainsurface
from one of the Racloprideimagesdid not compromisethe robustnessof mid-
sagittalplanedetermination.

White-matteisurfacefrom FDG images

For the white mattersurface,the found brain surfacewasusedfor generatinghe
initial surfacesfor the standardDSM algorithm. Becausethe noiselevel in the
FDG brainimageswassignificantly higherthanin the phantomimage,we tested
white mattersurfaceextractionwith differentvaluesof the parametef\ alsoin this
case.Thebestvalueof A\ wasfoundto be 0.2 (testedrange0.05-0.4) However, the
differenceto the phantomstudywasthat smallervaluesof A the quality of results
clearlydegradedirom thoseobtainedwith A = 0.2.

Thevisualquality of delineatedsurfacesvariedmorewith the white mattersurface
thanwith the brain surface.The exampleimagesshavn in Figures8 and9 were
chosenand ranked basedon the visual quality of the extractedwhite mattersur
faces.The delineatedsurface of the bestaccurag, subjectl, followed the white
mattersurfacedetailsslightly betterthanthe resultsurfaceof typical quality, sub-
ject2. In theworstcase subject3, the extractedsurfacehada clearspike diverging
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from ‘the correct’white mattersurface.This spike canbe seerontop of thesagittal
cross-sectiorview in Figure 8. However, therewere no clear differencesin the
visual quality of the delineatedsurfaceswhenthey were comparedo the enepgy

imagesseethemagnificationsn Figure8. Thedifferencen goodnesbetweerthe
bestandtypical surfaceswas quite maginal and the ranking is thereforehighly

subjectve. Thedivision of the cortical VOIs into left andright hemispherebased
onthemid-sagittalplaness depictedn Figure9.

6.3 SummarnofResults

The brain surfaceswere automaticallyextractedfrom two completelydifferent
typesof PETimages:FDG-PETimagesandRaclopridePET images.The surface
extractionprocessvasthesamefor all imagesgxceptfor pre-processingfimages.
All brain surfaceswere accuratein visual inspectionas comparedto the image
resolution.Especiallyboundaryconcaities within lower partsof brain surfaces
werecapturedoroperly Determinatiorof the mid-sagittalplanewasautomaticfor

all images.This task could be challengingfor Racloprideimagesif only image
intensityvalueswereto beusedfor it. Combiningthebrainsurface themid-sagittal
planeandthe white mattersurface,we wereableto determinetheleft corticaland
the right cortical VOIs from the PET-FDG imageswithout userinteractions see
transaxialandcoronalcross-sections Figure9.

7 Discussion

We have applieda deformablemodelbaseddM-DSM methodfor demandingsur
face extraction problemsarising with functional positron emissiontomograply
(PET)brainimages|n this study we demonstratethatthe brain surfacesfor both
FDG andRaclopridemagescouldbeautomaticallydelineatedvith the new global
optimization-basedieformablemodel. The surface extraction procedureand the
parameters$or the deformablemodelwerethe samewith both radiopharmaceuti-
cals,only thedefinitionsof theenegy imagediffered.Theextractedbrainsurfaces
were found to follow quite accuratelythe brain surfaceswhen comparedto the
original PET imagesas well asto the correspondingenegy images.The brain
surfaceprovided a goodbasisfor searchingpthersurfacesfrom brainimages.We
appliedthe delineatedorain surfacesfor determinationof the mid-sagittalplane
of thebrainfor all theimages.Togetherwith brain surfacevisualization,the mid-
sagittalplanehelpsin orientationin thethree-dimensiondirainimagesetfor image
registration purposesor for determinationof volumesof interest. The extracted
brain surfaceandwhite mattersurfacefrom FDG imagesmadepossibleto deter
minethecorticalvolumesof interest(VOIs) automaticallyffrom FDG imagesWith
the found mid-sagittalplanestheseVOls canbe dividedin two partsrepresenting
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the two hemispheresAlthough this may not be the sufficient way to delineate
the gray mattervolumefrom FDG-PET brain images,wherethe traceruptale is
highestin corte, it shavs that evenwith this kind of limited imagequality there
arepossibilitiesto applyautomatianeandor surfaceextractionanddetermination
of volumesof interest.

Deformablesurfacemodelsaremethodghat canextractgeometricallycontinuous
structuredrom noisy volumetricimages.Surface extraction with themis formu-
latedasanenegy minimizationproblemallowing incorporationof geometrigorior
informationaboutthe surfaceto beextracted However, astheenepgy functionto be
minimizedusuallyhasseverallocal minima,its minimizationis a challengingask.
Particularly the surfaceextractionresultoften dependsighly on theinitialization
for the procesdimiting automaticapplicationof deformablemodels.In this study
we have minimizedthe enegy of the deformablemodel globally eitherwith the
DSM algorithm or the DSM-OS algorithm. For extraction of the brain surface
whereit is favorableto approachthe surfaceof interestfrom outside,we applied
the DSM-OSalgorithmcapableof takingadwantageof suchprior knowledge.The
standardDSM algorithm was appliedfor extraction of the white mattersurface,
whereit is hard to specify the bestdirection to approachthe surface of inter-
est.Althoughalsothesealgorithmsfeaturesomesensitvity to theirinitializations,
with them problemswith initialization sensitvity are considerablyreduced.This
allowed us to generatenitial surfacesfor the algorithmsautomaticallywithout
ary referencego anatomicalimages.For this reasonextractedsurfacescan be
appliedfor registrationpurposesOptimizationalgorithmsare also deterministic,
which could be importantfor reproducibility of results.Anotherimportantmerit
of the applied deformablemodelfor this study was that it could be appliedto
brain surface extraction both from Racloprideand FDG PET images.Moreover,
modelparameterandtheinitialization processverethesamen bothcaseswhich
is of importancefor automaticsurface extraction. Obviously, sincetwo typesof
imagesmentionedarequite divergent,differentlocalimagefeaturegefinethe sur
facesof interest.Edgefollowing usedwith FDG images).e usingimagegradients
asfeaturesof interest,would probablynot leadto good resultsfor brain surface
extraction from Racloprideimages.Designingsuitableenegy imagesfor them
requiredsomavhatmoreeffort. Neverthelessthecomputatiorof enegy imagedor
the Raclopridetracerwasstill quite simpleandit did not requireassumptiong.g.
aboutthe parametridorm of the probability densityfunction of imagehistograms.

The identificationof the brain surfaceand separatiorof hemispheresire starting
points for extraction of other surfacesand structuresfrom the brain image. In
this study we extractedthe white mattersurfacewith the DM-DSM methodfrom
FDG imagesafter delineationof the brain surface.In a similar way, also other
structuresvisible in imagescould iteratively be extractedby starting from, for
example, regions of the highestuptale of the radiopharmaceuticabr from the
largeststructures We have presentedhe principal idea of this kind of analysis
with preliminary resultsin (Ruotsalaineret al., 2001). The extractedstructures
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from PET imagescould be identifiedandlabeledfor anautomaticregionalimage
analysis.Thiskind of intelligentproceduregor delineationrandlabelingof several
brain structures,either one by one or all in one step,from anatomicalimages
have beenconsideredor examplein (Lotjonenetal., 1999; Manginetal., 1995;
Mclnerng etal., 2002).Reagional numericalvalues for exampleregional receptor
densities,from functional PET imagesare neededfor evaluation of the proper
doseof a new drug. The automaticextraction of volumesof interestfrom the
PETimagescouldhelpin this taskby improving theregistrationof functionaland
anatomicalmagesandby giving reliably theboundarie®f adistinctuptale of the
radiopharmaceuticaBehaviour of theselectedadiopharmaceuticah thetissueof
interestis generallyknown basedon cellularlevel andanimalexperimentsBased
on this expectationwe canprovide necessarprior informationfor designingsur
faceextractionmethodswith deformablemodels.More advancedandapplication
specificmeango createenegy imageswould alsobe beneficialfor the currenttask
of extracting the cortical structure.In the experiments,no anatomicalreference
structuresrom MR imageswvereapplied.However, this couldbedonefor example
for annotatiompurpose®r alsofor initialization of the search.

In this study we designedandtesteda fully automaticprocedurefor delineating
thebrainsurfaceandthemid-sagittalplanefrom PET brainimagesTheprocedure
is basedon the new DM-DSM method,which is tolerantto noisein images.The
procedurevastestedwith a phantomstudyandhumanbrainstudies.Theresulting
brain surfacesandmid-sagittalplanesfor thesewereof excellentquality. Because
extractionof the surfacesandthe mid-sagittalplaneswasmadewithout ary refer
encesto anatomicalimagesthey canbe usedfor examplefor imageregistration
purposes.The procedureprovides new ways to automatesegmentationof PET
images.
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Fig. 1. The histogramof an imagefrom FDG-PET studywith (a) linear scalingand (b)
logarithmic scalingandfrom Raclopridestudywith (c) linear scalingand(d) logarithmic
scaling.Intensityvaluesequalingzeroarenotincludedin the histograms.
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Fig. 2. Surfaceextractionand determinatiorof volumesof interest(VOIs) automatically
from PET brainimagesusingthe DM-DSM methodandthe mid-sagittal(M-S) plane.The
white mattersurfaceand cortical VOIs are only extractedfrom imagesfrom FDG-PET
studies.

(b) (d)

Fig. 3. Stepsn enegy imagecomputationn thecaseof FDG-PETbrainimagesTransaxial
image cross-sectionsrom (a) the original image, (b) the medianfiltered image, (c) the
gradientimage and (d) the enegy image, which is a contrastenhancedversion of the
gradientimagein (c).
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Fig. 4. Stepsin enegy image computationin the caseof 'C-Raclopridebrain images.
Transaxiaimagecross-sectionfom (a) the originalimage,(b) the medianfilteredimage,
(c) the imagewherehigh intensity valuesin striatumhave beenreplacedby the average
intensity value of the image, (d) the image after morphologicalfiltering, (e) the enegy
imagebefore contrastenhancingnormalizationand (f) the enegy image.In (a) and (b)
highestintensityvalues(in striatum)have beenscaleddown in orderto make low intensity
valueselsavherein the brainvolumevisible.
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Fig. 5. Automaticallygeneratedhnitialization for the searchof the brain surfaceshavn on
the PETimage.Fromtop, sagittal,coronalandtransaxiakcross-sectioniews.
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Fig. 6. The brain surface,white mattersurfaceand mid-sagittalplaneextractedfrom the
original andtherotatedHoffman phantomimage.
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Fig. 7. Theeffectof theamountbof theregularisatiorin searchingf thewhite mattersurface
with the Hoffman phantom:(a) A is zero, (b) A = 0.05, () A = 0.2 and(d) A = 0.5. A
transaxialcross-sections shavn on the left column and a three-dimensionatendering
is shavn on the right column. The smoothnesof the mesh could not be controlled
without shaperegularisationas shovn in (a). The brain surfaceshavn on the transaxial
cross-sections thesamein all cases.
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subject 1 subject 2 subject 3

Fig. 8. Examplesof automaticallydelineatedrainsurfacesmid-sagittalplanes andwhite

matter surfacesfrom FDG-PET brain imagesof overlayedon the enegy image.Based
on the visual quality of the white mattersurfaces,subjectl is the bestresult, subject2

represents typical resultandsubject3 is theworstresult,cf. thetext. Fromtop, sagittal,
coronalandtransaxialcross-sectiowviews. The mid-sagittalplaneis marked only on the
coronalandthetransaxiaktross-section8ottom,magnificationg500%) of thelowerright

cornerof thetransaxiaimagecross-sectiomreshown.
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Fig. 9. TheextractedVOls overlayedon the original FDG-PETimages.
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Fig. 10. Three-dimensionarenderingsof brain surface meshesextracted from the
FDG-PET brain images.The determinedmid-sagittalplanesare shavn on black. From
top, subjectl, subject2 andsubject3.
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Fig. 11. Extractedbrain surface and mid-sagittalplane from a Raclopridebrain image
overlayedon (a) theoriginalimage,(b) themediarfilteredimageand(c) theenegy image.
Fromtop, sagittal,coronalandtransaxiakross-sectiowiews.
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