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Abstract

In thisstudy, weproposenew methodsfor automaticextractionof thebrainsurfaceandthe
mid-sagittalplanefrom functionalpositronemissiontomography (PET)images.Designing
generalmethodsfor thesesegmentationtasksis challengingbecausethespatialdistribution
of intensity valuesin a PET imagedependson the appliedradiopharmaceuticaland the
contrastto noiseratio in a PET imageis typically low. We extractedthe brain surface
with a deformablemodelwhich is basedon globalminimizationof its energy. Theglobal
optimizationallowsreliableautomationof theextractiontask.Basedontheextractedbrain
surface,themid-sagittalplanewasdetermined.Sincewedid notapplyinformationfromthe
correspondinganatomicalimages,theextractedbrainsurfaceandmid-sagittalplanecould
beusedalsowhenregisteringPETimagesto anatomicalimages.Furthermore,we applied
the deformablemodel for extraction of the coarsecortical structurebasedon the tracer
uptakefrom FDG-PETbrainimages.Wetestedthemethodswith 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 any userguidance.The
proposedsegmentationmethodsprovide a promisingdirection for automaticprocessing
andanalysisof PETbrainimages.
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1 Introduction

Positronemissiontomography (PET)canbeusedto studybiochemicalprocesses
involvedin living organslike thebrain.Segmentationof, or extractionof volumes
of interest(VOI) from PETimagesis importantfor regionalquantification.Entirely
manualmethodsarenot practicalfor segmentationof a large setof PET images
becauseit is time-consumingwork whereindividualhumananalyzersproducealot
of variancein theresults.Thresholdingandclusteringtechniquescouldbeapplied,
but they requireuser-interactionandmanualediting of the extractedvolumesof
interest.A standardprocedureto delineatestructuresaccordingto their surfaces
from PETbrain imagesis to segmentthecorrespondinganatomicalmagneticres-
onance(MR) imagesand then to superimposethe found anatomicalsurfaceson
the PET images(Huesmanet al., 1998).In that study, Huesmanet al performed
coregistrationbetweenPET andMR imagesmanuallybecauseobviously a very
accurateregistrationis required.Automaticimageregistrationis not a trivial task
due to initial incongruity of structureand function and fundamentaldifferences
betweenPETimagesacquiredwith differentradiopharmaceuticals.For moreabout
theimageregistrationmethodsavailablefor nuclearmedicinewereferto therecent
survey (Huttonetal., 2002).

The biochemicalprocessdescribedby a PET imageis definedby the appliedra-
diopharmaceuticalfrom which also the spatialdistribution of intensity valuesin
the imagedependson. Furthermore,PET imagesare typically noisy. Therefore,
designingautomaticandgenerallyapplicablemethodseven for extractionof the
brainsurfaceis achallengingtask.Nevertheless,automaticbrainsurfaceextraction
is a desirableaim.Thebrainsurfacecanbeused,aswe demonstratein this paper,
for determinationof themid-sagittalplane.Also, reliabledelineationof thebrain
surfacefrom variouskinds of PET brain imagesopensup new possibilitiesfor
performingimageregistrationsbetweenPETandanatomicalimagesby applying,
for example,the iterative closestpoint algorithm(ICP) (Besl andMcKay, 1992;
Zhang,1994;Ardekaniet al., 1995).Obviously, this requiresprocessingof PET
imageswithout relying on information from the correspondinganatomicalMR
images.In asimilarwaythebrainsurface,andperhapsthemid-sagittalplanecould
beusedfor compensatingpatientmovementduringadynamicPETstudyor patient
mispositioningbetweenPETstudies.

If otherbrainstructurescouldbeextractedreliablybothfrom 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
hasdistinguishable(positive)uptakeof theradiopharmaceuticalfrom its surround-
ings. We have addressedbrain structureextractionwithin PET in earlierstudies.
Thethresholdingmethodfor extractingstructuresinteractively from thePETbrain
imageswasstudiedin (Mykkänenet al., 2000).A sagittalslice wasinteractively
determinedfrom PET imageto separatethe imageinto two partsroughly corre-

2



spondingthetwo hemispheresto beableto setthresholdsfor bothpartsseparately.
This simple methodwas appliedto extract the structurescorrespondingthe left
and the right striatumfrom FDOPA-PET images.We have also examinedtwo-
dimensional(2D) generalizedsnakes(g-snakes)(Lai andChin, 1995)for extrac-
tion of thestructurecorrespondingcortex from selectedplanesof FDG-PETbrain
imagesin (Mykkänenet al., 2001).However, while the resultsobtainedwith g-
snakeswereencouraging,it wasimpossibleto usethe 2D methodto processthe
three-dimensionalimagevolumesautomatically. Besides,we appliedalso infor-
mationfrom the correspondingMR imagefor segmentationandthereforeuseof
segmentationsfor registrationpurposeswouldbeproblematic.

In this study, we proposean automaticmethodfor extractionof the brain surface
from FDG andRaclopridePET images.The extraction is basedon a new three-
dimensionaldeformablesurfacemodel developedin our researchgroup (Tohka
andMykkänen,2003).An importantpropertyof the deformablemodelis its low
sensitivity to its initialization achieved by globalminimizationof its energy. This
allowsgenerationof initializationscompletelywithoutuserguidance,which is im-
portantif a largesetof imagesis to beprocessed.Basedonthefoundbrainsurface,
wecontinueby determiningthemid-sagittalplane.Weconsideralsoextractionof a
structurecorrespondingcortex fromFDG-PETimagesusingthedeformablemodel.
All proposedmethodsarerelying on dataonly from PET imagesthemselvesand
thereforedelineatedsurfacescouldbeusedfor registrationpurposes.Somesurface
extractionresultswith FDG-PETimageshave beenpresentedpreviously in (Ruot-
salainenet al., 2001) and (Mykkänenet al., 2003).Preliminaryexperimentsfor
extractingthemid-sagittalplanefrom FDG-PETbrainimageshavebeenpresented
in theabstract(Luoma,2002).

2 Background

2.1 PETimages

Positronemissiontomography providesa uniquemethodto investigatephysiolog-
ical processesin thebrain.Thedistribution of theintensityvaluesin a PETimage
dependsontheappliedradiopharmaceutical.For examplethereceptortypetracers,
like Raclopride,have uptake mainly in the structureshaving the highestdensities
of thecorrespondingreceptors,whereasthetracersdescribingmetabolicfunctions
like FDG, which is the tracerfor glucoseconsumption,have uptake all over the
brainarea,andthehighestuptake in thecorticalregion.A functionalstructurein a
PETimagecanbedefinedasa volumehaving distinguishabledifferent,normally
higherintensityvaluesthanits surroundings.Low contrastto noiseratio in thePET
imagescausesproblemsfor thosesegmentationmethods,which arebasedonly on
intensityvalues.Figure1 presentstheintensityhistogramsof oneof theFDG-PET
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andoneof theRaclopridePETbrainimagescollectedfor this study. Fromthehis-
togramsit is clearthatthevoxelsin aPETbrainimagecannotbeclassifiedsimilarly
asthe voxels in anatomicalMR imagesbecausethereis no groupingof intensity
valuesaroundsomestructureboundmeanvalue.Thus,theuseof intensity-based
segmentationmethodsneedsinteractionin the definitionof meaningfulthreshold
valuesfor extractionof volumesof interest(VOI). For automaticextraction,amore
advancedsegmentationmethodis requiredwhichshouldberesistantto noiseandit
shouldalsobeableto dealwith thewholefunctionalstructure.Thiscanbeachieved
if alsoa priori informationof theapproximatepositionandsizeof theobjectto be
searchedfor canbeincludedin thesegmentationprocess.

Thequality of PET imagesdependson the appliedimagereconstructionmethod.
Thepositronemissiondataacquisitionis subjectto a substantialamountof statis-
tical noise,originatingfrom thestatisticalnatureof thedecayof thepositronemit-
ting isotopeusedfor labelingthe tracermolecule.Theconventionalfilteredback-
projection imagereconstructionproducesimageswith noiseand reconstruction
artifacts.The iterative imagereconstructionmethods,especiallythoseincluding
noiseregularisationin thereconstructionprocessproducebetterimagequality. We
have introducediterative medianroot prior reconstructionmethod(MRP), which
hasshown to produceoutstandingnoisereductionpropertieswithout blurring the
edgesin theimages(AleniusandRuotsalainen,2002).It is obviousthat improved
imagequality, especiallysharpedgesandcontrollingof thenoisecontent,helpsthe
segmentationof PETimages.

2.2 Deformablemodels

Deformablesurfacemodelsare advancedmethodsfor imagesegmentationand
surfaceextraction.They useprior informationaboutgeometryof objectsof interest
in addition of imagedata.Therefore,they are not as sensitive to imperfections
in imagedataas segmentationmethodswhich rely solely on imagedata.As a
consequence,deformablemodelshave found variousapplicationswithin analysis
of medicalimages(McInerney andTerzopoulos,1996).

A deformablemodelconsistsageometricrepresentationof asurfaceandevolution
rulesthatcontrol theadaptationof thesurfaceshapeaccordingto the imagedata.
Theshapeadaptationis oftenformulatedasanenergy minimizationproblem.The
energy functionof a deformablesurfacemodelconsistsof anexternalenergy term
derived from imagedataandan internalenergy term which dependsonly on the
propertiesof surfacesthemselves. A commondrawback of deformablemodels
is that the formulatedenergy minimization problem is difficult to solve due to
numerouslocal minima. This easily leadsto problemswith the initialization of
deformablemodels.In otherwords,the initial surfacehasto bein a closevicinity
of the target surfacein order for a standarddeformablemodel to converge to a
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correctsolution.Thereexist severaladvancedmethodsthathave beenproposedto
solve theinitializationsensitivity problem,but reviewing thesewouldbeoutsideof
thetopic in thisstudy.

Deformablemodelsfor MR brain images

Deformablemodelshave beenusedextensively for analysisof three-dimensional
MR brainimages.We review briefly a few applicationsof themandpointout their
differencesto processingof PETimages.

Extractionof cerebralcortex from MR imagesis a difficult taskbecausethecom-
plex shapeof thecortex is problematicto captureproperly. MacDonaldetal. (2000)
consideredautomaticextractionof innerandoutersurfacesof corticalgraymatter
from MR images.They first classifiedvoxels in a MR imageaccordingto their
tissuetype. Thereafter, a deformablesurfacebasedon simple coarse-to-fineop-
timization wasusedto locateboundarybetweengrey andwhite matter, the inner
surfaceof thecerebralcortex. Startingfrom theinnersurfaceof cortex andapplying
proximity constraints,the outersurfaceof the cortex wasextracted.The method
dependson voxel classificationandthereforeit is not directly applicablefor PET
images.

Xu et al. (1999) proposedto usea generalizedgradientvector flow (GGVF) -
baseddeformablemodel (Xu andPrince,1998) to obtaina representationof the
centrallayer of the cerebralcortex. They alsofirst classifiedimagesaccordingto
thetissuetypesandthengeneratedinitializationsfor deformablesurfacesbasedon
voxel classifications.Theinitializationstagerequiredsomeuserinteraction.GGVF
deformablemodelsdo not necessarilyrequirevoxel classificationprior to their
application.Also other researchershave consideredextractionof cerebralcortex
from MR images(Davatzikos and Bryan, 1996; Zeng et al., 1999; Vaillant and
Davatzikos,1997).

Shenet al. (2001)extractedventriclesandnuclei from MR brain imagesusinga
deformablesurfacemodel.They relied on edge-detectioninsteadof voxel clas-
sification in the formulation of the external energy for their deformablemodel.
However, they applied rathercomplex shapemodelingschemerequiring hand-
craftedexamplesurfaces.

Deformablemodelsfor PETimages

Deformablesurfacemodelsareattractive methodsfor analysisof anatomicalMR
images.Due to differencesbetweenPET imagesand MR imagesexplained in
Section2.1, direct applicationof deformablemodelsdesignedfor MR images
is not necessarilyplausiblefor analysingPET imagedata.However, deformable
modelshavebeenconsideredalsowithin PETandSPECT(singlephotonemission

5



computedtomography) althoughnot asextensively aswithin MR imaging.Also,
within PETor SPECT, mostof theapplicationsof deformablemodelsseemto focus
oncardiacimages.Bardinetetal. (1998)useddeformablemodelsfor extractionof
the left ventricleof theheartfrom cardiacSPECTimages.Thedeformablemodel
combinedsuperquadricswith few degreesof freedomto free form deformations
in orderto properlysegmentnoisy images.The methodrelieson thresholdingof
imagesandthe selectionof the thresholdvalueappearsto requireuser-guidance.
NoumeirandEl-Daccache(1998)applieda 3D generalization(CohenandCohen,
1993)of the snakesalgorithm(Kasset al., 1987) for attenuationcorrectionwith
cardiacSPECTimages.However, basedon theshortdescriptionof thealgorithm
it is hard to deductthe level of automationof their method.Deformablemotion
algorithmwaspresentedin (Klein andHuesman,2002)to compensatefor patient
motion in gatedPET cardiacimages.However, asthis problemis quite different
from ours,we do not considerit furtherhere.In (Debreuve et al., 2001),level-set
baseddeformablemodels(Malladi etal.,1995)wereappliedto segmentationof 4D
(3D andtime) gatedmyocardialSPECTimages.In our applicationsit is favorable
to constraintopologiesof theextractedsurfacesandthereforelevel 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 consideredin this study and the GGVF-basedmodel (Xu and
Prince,1998) mentionedalready, yielded good extraction results.Of course,as
statedin (Tohka,2002)theresultsof sucha studyareopento many interpretations
anddrawing too strict conclusionsaboutsuperiorityof onemethodover theothers
for thetaskshouldbeavoided.

2.3 Extractionof mid-sagittal planefromPETbrain images

Differencein brain function betweenthe two hemispheresis an interestingtopic
for a neurologicalstudy. To study it, hemispheresof the brain mustbe coarsely
separatedin a brain image.This canbedoneby identifying themid-sagittalplane
of thebrain.Themid-sagittalplanecanbedefinedastheoneplaneaboutwhichthe
reflectivesymmetryof thebrainis maximizedin theimage.Severalmeasureshave
beenusedasthesymmetrycriterionwithin PET. Ardekanietal. (1997)considered
thecross-correlationof theintensityvaluesbetweenhemispheresasthesymmetry
criterion. This criterion is obviously sensitive to asymmetriesand anisotropy of
intensity valuesbetweenhemispheres.Prima et al. (2002) usedblock-matching
and robust regressiontechniquesto find the mid-sagittalplaneeven when there
exist normalor abnormalasymmetryin thebrain.
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Also, symmetrycriteria that are not directly relatedto intensity valuescan be
considered.Liu et al. (2001)consideredthesymmetryof edge-imagesratherthan
symmetryof the original intensity images.They applied their methodonly for
anatomicalMR or CT images.In this study, we extendtheir methodfor functional
PET images.However, it could be expectedthat edge-imageswould not have a
qualitygoodenoughfor reliabledeterminationof themid-sagittalplane.Therefore,
we baseour mid-sagittalplaneextractionalgorithmto PETbrainsurfacesthatare
extractedby thedeformablesurfacemodel.

3 Deformable surface model

Surfacesareextractedfrom volumetricimagesby minimizing theenergy function
of thedeformablemodel.Surfacesareapproximatedbysimplex meshes(Delingette,
1999).A setof discretepoints � �	��
 �� 
�� ��������� 
���� , calledmexels( ����� ), and
adjacency relationsbetweenmexelsdefineasimplex mesh.Adjacency relationsare
known andconstant,hencesymbol � is usedfor asimplex mesh.

3.1 Energymodel

Thetotal energy of thesurfacemesh� is definedas��� � �!�#" ��$ ��% � � �'& �)(+* ",� �+-/. % � � �� (0 �1$32 � 4 " ��$ �5% � 
 $ �'& �)(+* ",� �+-/. % � 
 $ �76 � (1)

Theregularisationparameter" is in range 8:9 � (5; . Theexternalenergy
�+-/. % couples� to thesalientimagefeatures.Theinternalenergy

��$ ��% regularizestheshapeof
thesurface.

Theinternalmexel-wiseenergy is definedas��$ ��% � 
 $ �<�>= 
 $?*A@�B �C 2 � 
 $ED = �F � � � � (2)

where 
 $GD arethe neighbouringmexels of 
 $ in the mesh,
F � � � is the average

areaof thefacesof themesh,and
@

is theshapeparameter. For thethin-plateshape
model@ � (H (3)
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andfor thesphereshapemodel(TohkaandMykkänen,2003)@ �JI HLK5MONQPSRUTWVXK5YST[Z R �)\ ]U^ H �H � ^ 0 �`_badc � � (4)

The sphereshapemodel is more complicated,but applying it often leadsbetter
resultsthanapplyingthesimplerthin-plateshapemodel.

The preciseform of the external energy function dependson the appliedtracer
becausedifferent image-featurescharacterizesurfacesof interestwith different
tracers.Therefore,for notationalsimplicity, we definethe external energy with
the help of energy images.An energy imageis generatedfrom the imageto be
processedin suchaway thatintensityvaluesin theenergy imagedescribesaliency
of voxelsfor theapplicationandthetracer. Theexternalenergy at theposition 
 is�d-/. % � 
e�<� (+*gf�� 
e� � (5)

where
f

is theenergyimage. Energy imagesarenormalizedtohaveintensityvalues
from 0 to 1. Thegenerationof theenergy imagesbasedon theoriginal imagesis
explainedin Section4.1.

3.2 Energyminimization

Theenergy function(1) is likely to have multiple local minima.Therefore,global
minimizationof it is necessaryto renderthe deformablemodel insensitive to its
initialization.Weproposedaneffective dualsurfaceminimization(DSM) algorith-
m for theglobaloptimizationtaskin (TohkaandMykkänen,2003).Thealgorithm
is basedon the iterative optimizationof two surfacemeshes,which approachthe
surfaceof interestfrom differentdirections.Wenametheenergy baseddeformable
model(DM) with theDSM algorithmastheDM-DSMmethod.

Standard DSMalgorithm

TheDSM algorithmbeginswith two meshes:theoutermeshandthe innermesh.
Thesearecreatedfrom a given initial meshpreservingits properties,except the
size.Their sizesaresetin sucha way thatthesurfaceof thesearchedstructurelies
in thespacebetweenthem.This is thesearch volumefor theminimizationprocess.

Thesearchis basedon the iterative minimizationof theenergiesof theouterand
inner surfaces.The energies for the both surfacesare calculatedfrom equation
(1). During eachiteration, the energy of the meshis minimized using a greedy
methodadaptedfrom (Williams andShah,1992).It is usedin sucha way, thatthe
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outersurfaceshrinksandthe inner surfacegrows. After eachiteration,the DSM
algorithm comparesthe energies of the outer and inner surfacesand continues
minimizationfrom the surfacehaving higherenergy. If the surfacehaving higher
energy getsstuck in a local energy minimum, the energy of the currentsurface
positionis increaseduntil thesurfacemovesagain.TheDSM algorithmis stopped
whenthe volumeinsideof the inner surfaceexceedsthe volumeinsidethe outer
surface.Thealgorithmselectsthesurfacehaving thelower energy astheresult.

DSM-OSalgorithm

Sometimes,for examplewhen extracting brain surfacesfrom PET images,it is
favorable to approachthe surface of interestfrom outside.The reasonfor this
with PETbrainsurfaceextractionis thatenergy imagesusuallycontainmorenoise
insidethebrainvolumethanoutsideof it. For situationslike this, we have devel-
opeda DSM-OS(DSM - outersurface)variantfrom our optimizationalgorithm.
The DSM-OSalgorithmusesonly onesurfacemeshapproachingthe target from
outside.The modificationis straight-forward to implement.Insteadof comparing
theoutermeshto theinnermeshaswith thestandardalgorithm,theenergy of the
currentoutermeshis comparedto the lowestenergy alreadyfound.The iterative
algorithmis stoppedwhenthevolumeof the(outer)surfacemeshbecomessmaller
thana giventhreshold.For moredetailsaboutthevariantandadvantagesof it for
brainsurfaceextractionfrom PETimagessee(TohkaandMykkänen,2003).

4 Surface Extraction from PET Brain Images

In this Section,we describehow the DM-DSM methodhasbeenimplementedto
extract surfacesautomaticallyfrom PETbrain images.Determinationof themid-
sagittalplaneis performedusingthe extractedbrain surfaces.A flowchartof the
procedureis presentedin Figure2.

4.1 Computationof energy images

FDG-PET

As mentionedearlier, intensityvaluesin an energy imageshouldideally be high
at the voxels belongingto surfaceof interestand low elsewhere in the energy
image.With FDG, edgesin original imagesseemto bea goodandsimplefeature
characterizingsurfacesof interest.Wedefinetheenergy imagefor FDGasfihkjml �onpnrq�s	t �vu ��npn � (6)
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where
u

is theFDG-PETimageto processedand s	t denotesa medianfilter. The
gradientis computedby the three-dimensionalSobeloperator(Zucker andHum-
mel, 1981).In practise,the energy image

fih!jml
cancontainfew aberrantlylarge

intensityvalues,which reducethecontrastin otherpartsof the image.Therefore,
to improve thecontrast,a certain(small)percentageof largestintensityvaluesall
receive intensityvalue1 in thenormalizedversionof theenergy image.Thesteps
for computing

fdh!jml
aredepictedin Figure3.

RaclopridePET

For brain surface extraction from RaclopridePET images,constructingenergy
imagesrequiressomewhatmoreeffort thanin thecaseof FDG-PETimages.The
whole processis depictedin Figure 4. As can be seenfrom Figure 4 (a), the
highesttraceruptake presentin theimagesis within thestriatumandtraceruptake
elsewherein the brain volumeis ratherlow. Therefore,after medianfiltering the
Racloprideimages,we determinewhich voxels are likely to belongto the stria-
tum. The determinationis basedon the expectedvolumeof the striatumandthe
assumptionthat the striatumconsistsof voxels with the highestintensity values
in the image.Intensityvalueswithin theso-determinedstriatumarethenreplaced
by theaverageintensityvalueof the image,cf. 4 (c). This way we neednot to be
concernedaboutvoxelswhich have beenincorrectlyclassifiedasthosebelonging
to thestriatum.After this,weapplya gray-level morphologicalopeningwith a flat
andsymmetricstructuringfunctionto theimage(Heijmans,1991).

After the preprocessingsteps(Figure 4 (d)), it can be seenthat voxels just out-
sidethebrainvolumehave low intensityvalues.Also, their valuesin thegradient
magnitudeimagearerelatively high.Hence,wesetfiwyx)z|{~}��X�v$��)-5�|� �L��npnrq u�h<��� ��npn �)(d*�u�hL�|� �)� � (7)

where
fiwyx)z�{�}�����$��)-

is theenergy imagefor RaclopridePETimagesand
uh

(asin Fig-
ure4 (d)) denotesthepre-processedimage.Intensityvaluesof

u�h
arenormalized

to lie in therange 8:9 � (5; andthegradientis computedaswith theFDG images.To
improve thecontrastof theenergy images,we scaledown largestintensityvalues
presentin theenergy imagesimilarly aswith FDG-PETimages.

4.2 Delineationof thebrain surface

In theenergy image(Figures3 (d) and4 (f)), thebrainsurfacehasrelatively high
contrastagainstbackground.Also, the noiselevel outsideof the brain volumeis
considerablylowerthaninsideof it in theenergy image.Hence,weapplytheDSM-
OSmodificationapproachingbrainsurfacefrom outsidefor extractionof it.
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For automaticgenerationof theinitialization for thedeformablemodel,weassume
thatthecentrepointof thebrainis locatednearthemasscentreof voxel intensities
in theoriginal image.A large,ascomparedto imagedimensions,ellipsoidis used
astheinitial surface.Thecentreof theellipsoidis setinto themasscentreof voxel
intensities.An exampleof thiskind of initializationis shown in Figure5.Fromthis,
theDM-DSM method(usingDSM-OSalgorithm)delineatesthesurfaceof brain.
The thin-plateshapemodelis usedin thebrainsurfaceextraction.Thereasonfor
this is that the location of the brain in the imageis relatively unknown prior to
the extractionprocessandthe internalenergy with the sphereshapemodelis not
translationinvariant,see(TohkaandMykkänen,2003).

4.3 Determinationof themid-sagittal plane

For extractionof themid-sagittalplane,weappliedanexistingedge-basedmethod
originally designedfor anatomicalbrainimages(Liu etal., 2001).However, asthe
contrastto noiseratio of PET imagesis ratherlow, we apply the extractedbrain
surfacesinsteadof the edge-imagesasthe basisfor mid-sagittalplaneextraction.
Hence,we definethemid-sagittalplaneastheoneaboutwhich thereflective sym-
metryof thebrainsurfaceis maximized.

Thealgorithmusedin thisstudyis highly similar to theonedescribedin (Liu etal.,
2001)andthereforewedescribeit hereonly briefly. Thealgorithmfirst determines
the slopeof the symmetryaxis on eachaxial slice of the image.This is doneby
maximizingwith respectto � the cross-correlationbetweenthe brain contouron
that slice rotatedby angle � andvertically reflectedversionof the brain contour
rotatedby angle

* � . Brain contoursareintersectionsof thebrainsurfaceandaxial
imagecross-sections.Thereafter, the slopesof the symmetryaxes on eachslice
are combinedto yield an estimate �� of the commonslopeof the intersectionof
the mid-sagittalplaneand transaxialcross-sectionsby usinga robust estimation
technique.Oncewehaveobtainedtheestimate�� , offsetsof themid-sagittalplaneto
thesymmetryaxisdefinedby �� oneachslicecanbecomputedagainby maximizing
cross-correlationof the brain contourson eachaxial slice.Basedon theseoffsets
robust leastmedianof squaresregression(RousseeuwandLeroy, 1987)is usedto
determineremainingparametersrequiredfor specifyingthemid-sagittalplane.See
(Liu et al., 2001)for moredetailedexplanationof thealgorithm.

4.4 Extractionof thewhitemattersurface

We apply the standardDSM-algorithmfor extractionof the white mattersurface.
Thewhite mattersurfaceis theboundarybetweenthe traceruptake levels in gray
matterandwhite mattertissuesthatis visible in FDG-PETimages.Thedelineated
white mattersurface togetherwith the brain surfacedefinesthe coarsecortical
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structurein the image.However, beforeproceedingwith surfaceextraction, we
remove high intensityvaluesrelatingto the brain surfacefrom the energy image.
This is donebasedon the previously extractedbrain surface.The alreadyfound
brainsurfacecanalsobeusedfor generatinginitializationsfor theDSM algorithm.
The inner and outer initial surfacesare createdfrom it by scaling.Both shape
models,thethin-plateandthesphere,canbeappliedto theextractionof thewhite
mattersurface.

5 Material: PET studies

Brain surfaceextractionanddeterminationof the mid-sagittalplanewereevalu-
atedwith imagesfrom a phantomstudy and imagesfrom

���
FDG-PETand

�7�
C-

RaclopridePET studiesof healthy volunteers.The white mattersurfacewasex-
tractedfrom thephantomimagesandtheFDG images.TheHoffmanbrainphan-
tom (JB003,NuclemedN.V./S.A., Roeselare,Belgium) was filled with

���
FDG.

Structurescorrespondingto cerebellum,cortex, basalganglia and ventriclesare
representedin thephantom.

All the PET acquisitionsweremadewith GE Advancescanner(GE, Mil waukee,
USA).TheFDG-PETimageswerereconstructedwith theiterativeMRPmethodto
thecross-sectionimagesizeof 128by128(Aleniusetal.,1998).Thevoxelsizewas( �G� R[�e��� ( �G� R[�e���#� � RQ�[�e� . The RaclopridePET imageswerereconstructed
with the FBP methodto the samesizethanthe FDG images.The voxel sizewasR � HW�e����R � HW���>��� � RQ�[��� .

Fromthephantomstudywe createdtwo imageswherethebrainwasin two differ-
entorientations,mainly to testthealgorithmfor determiningthemidsagittalplane.
In oneimage,thebrainwasin theneurologicalorientationandin theotherit was
slightly rotatedfrom this orientation.The resultingimagesarecalledthe original
phantomand the rotatedphantom,respectively. The rotation was implemented
usingAIR software (Woodset al., 1993),and the rotationangleswere3� in the
transaxialplane(yaw), 0� in thesagittalplane(pitch) and5� in thecoronalplane
(roll). Rotationswereperformedin theorderyaw, pitch,androll.

The pixel by pixel Patlak model was appliedto the FDG sinogramsto produce
parametricimagesto beusedin thedelineationprocess(Ruotsalainen,1997).The
Racloprideimageswerecalculatedto parametricimagesshowing the Raclopride
bindingwith asimplifiedreferencemodel(Gunnet al., 1997).

For parametersfor thesurfaceextractionmethod,rangesof valuesevaluatedwith
the phantomstudy were basedon our earlier experimentsin (Mykkänenet al.,
2003).Surfaceextractionwastestedwith meshesof 320,960and1280mexels.The
valueof regularisationparameter" wasvariedin therange0-0.5for thesearch.Ex-
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tractionof thewhite mattersurface,wherewe applythestandardDSM-algorithm,
was performedwith two typesof initializations: initial surfaceswere generated
from an ellipsoid or from the extractedbrain surface.Thesecalled,respectively,
the ellipsoid initialization and the brain surfaceinitialization. The thin-plateand
the sphereprior shapeswere testedfor the white mattersurfaceextraction.The
evaluationwasbasedon visual comparisonof the extractedsurfaceto the energy
imageandtheoriginal image.Theparametervaluesfrom thephantomstudywere
usedfor extractionof surfacesfrom imagesseventeenFDG andfour Raclopride
brainstudies.

6 Results

6.1 Phantomstudy

Brain surface

The accuracy of the extractedbrain surfaceswasexcellentwhen it wasvisually
comparedagainst the energy imagesaswell asagainst the original images.The
brainsurfaceextractedfrom the rotatedimageis shown in Figure6 andthebrain
surfaceextractedfrom theoriginal is shown in Figure7. The initialization for the
DSM-OSin thecaseof theoriginal imagewastheoneshown in Fig. 5. As canbe
seenfrom Figures6 and7, therewereno differencesbetweenvisual qualitiesof
thebrainsurfaceextractedfrom theoriginal phantomimageandthebrainsurface
extractedfrom the rotatedimage.The extractedsurfacesmatchedwell with all
surfacedetailspresentin energy images.Particularly, thesurfaceconcavity at lower
partsof the brain surfacewascapturedproperly, ascanbe seenfrom the coronal
cross-sectionin Figure6.

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

The numberof mexels in a meshshouldbe sufficiently large for representingthe
surfaceto beextracted.Themeshsizeof 1280mexelswasfoundto beappropriate
for extractionof the brain surface.Detailsof the brain surfacevisible in images
wereproperlycapturedwith this meshresolution.Meshescomprisingof 320 or
960mexelscouldnotaccuratelyrepresentthebrainsurface.

In Equation(1), theparameter" definesrelative weightsof theinternalenergy and
of the externalenergy. The brain surfacewasproperly found with the evaluated
rangeof valuesof parameter" (0.05-0.5)andthe DSM-OSalgorithmwasfound
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to be ratherinsensitive to the valueof " in this case.We selectedthe value0.3
from theevaluatedrangefor theusewith thephantomimages.Howeveralsoother
choiceswould bepossible,becausetheextractedsurfaceswith differentvaluesof" werehighly similar. For the reasonsexplainedin Section4.2, the brain surface
wasextractedonly usingthethin-plateshapemodel.

Mid-sagittal plane

Themid-sagittalplaneextractedfrom the original aswell asthe rotatedphantom
imageswas in a properposition and orientationwhen visually comparedto the
images.Intersectionsof theextractedmid-sagittalplanesfrom thephantomimages
with transaxialandcoronalimagecross-sectionsareshown in Figure6.

Whitemattersurface

The white mattersurfacewas extractedwith the ellipsoid and the brain surface
initializations.Theaccuracy of delineatedsurfaceswascomparableto thequality
and the resolutionof imageswith both initializations. However, with the ellip-
soid initialization the DM-DSM methodexpressedsensitivity to the size of the
inner initial surfacemesh.Therefore,for automaticsurfaceextraction, initializa-
tions generatedbasedon the extractedbrain surfaceswould be the saferchoice.
The extractedwhite-mattersurfacesfrom phantomimageswith the brain surface
initialization areshown in Figure6. With thebrainsurfaceinitialization, theDM-
DSM methodwasratherinsensitiveto thesizeof thesearchvolume.Themeshsize
of 1280mexels was found to be appropriateto capturethe white mattersurface
from thephantomimages.By usingmeshesof 320or 960mexels,theaccuracy of
the extractedsurfaceswascompromisedby an insufficient meshresolution.Both
shapemodels,thethin-plateandthesphere,wereexaminedfor segmentationof the
whitemattersurface.Extractedsurfaceswith thesphereshapemodelwereslightly
betterin visualinspection.

The searchprocesswas more sensitive to the value of " with the white matter
surfacethanwith the brain surface.Examplesof the effect of the changeof this
valueareshown in Figure7. The sphereshapemodelwasappliedin thesetests.
If the shaperegularisationwasomitted( "���9 ), the DM-DSM methodproduced
bumpy surfacesattractedby high intensitypeaksin theenergy image.An example
is shown in Figure 7 (a), wherethe transaxialcross-sectionof the white matter
surfaceseemsto beof rathergoodquality, exceptfor peaksof thesurfacevisible
nearthemiddleof the imagecross-section.The3D renderingof thesamesurface
in Figure7 (a) betterrevealsthat omitting shaperegularisationcompromisesthe
smoothappearanceof the resultingsurface.Consequently, shaperegularisationis
neededfor properextraction of the surface.On the other hand,setting " to 0.5
led to over-regularisationascanbeseenfrom Figure7 (d). Extractedwhite matter
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surfaceswith valuesof " setto 0.05and0.2 aredepictedin Figures7 (b) and(c).
Although thesetwo surfacesareclearly different,they arehardto rank. It seems
thatappropriatevaluesfor parameter" arefrom 0.05to 0.2.Thiswasthecasewith
bothshapemodels.Thewhitemattersurfacesin Figure6 werebothextractedwith"e��9 � R .
6.2 FDG andRaclopridebrain studies

Fromthephantomtests,weobtainedtheparametervaluesfor theevaluationof the
DM-DSM methodin thecasetheFDGandRaclopridebrainstudies.Themeshsize
of 1280mexelswasappliedfor all surfaces.

Brain surface

The brain surfacesdelineatedfrom all 17 FDG-PET imageswere of excellent
quality. In Figure8, examplesof cross-sectionsof extractedbrain surfacesfrom
FDG-PETimagesare overlayedon the correspondingenergy images.In Figure
9, samesurfacecross-sectionsdividedto left andright hemispheresareoverlayed
on the original FDG-PETimages.Magnifications(by 500%) from the transaxial
cross-sectionsin Figure8 show how theextractedbrainsurfacesfollow thedetails
visible in the energy images.In Figure10, 3D renderingsof the threeextracted
brain surfacesdepictedin Figure9 areshown togetherwith the determinedmid-
sagittalplanes.

Thevisualqualityof brainsurfacesextractedfrom Racloprideimageswasnearlyas
goodaswith FDGimages.However, with theRaclopridePETimages,theaccuracy
of extractedbrain surfaceswasquite difficult to evaluatebecausebrain volumes
arebarelyvisible in the original images.Figure11 presentsoneexampleof the
extractedbrainsurfacefrom Raclopridestudiesoverlayed(a)ontheoriginal image,
(b) on the medianfiltered imageand(c) on the energy image.From the figure, it
canbeseenthat theDM-DSM methodwasableto captureboundaryconcavity at
lower partsof thebrainremarkablywell. In threecasesout of thefour studied,the
delineatedsurfaceswereof similar quality astheonedepictedin Figure11. Only
in a singlecaseout of the four therewereminor but clearerrorsin thedelineated
surface.Theseerrorswereexplainableby imperfectionsin theenergy image.

As with thephantomstudies,positioningtheinitial (ellipsoid)surfaceaccordingto
the masscentreof intensityvaluesin the imageswasfound to be an appropriate
methodto generateinitializations for the DSM-OS algorithm.Due to individual
variationsin thesizeof thebrain,practicallythewhole imagevolumeneedsto be
insidetheinitial ellipsoidfor automaticsearch.This did not presentany problems
for theDSM-OSalgorithm,althoughinitializationswerequitefarfrom thesurfaces
of interest.Thethin-plateshapemodelwasusedfor thesearchof thebrainsurface
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aswith the phantomstudy. The effect of the valueof the parameter" wasfound
to be minimal in extractionof the brain surfacein the humanstudies.The same
value( "e��9 � H ) aswith thephantomstudywaschosen.All thebrainsurfacesfrom
FDG-PETandRaclopridePET imagesin Figures8, 9, 10 and11 wereextracted
usingthisvalueof theparameter.

Thestepsrequiredfor generationof theenergy imageswith theRaclopridetracer
weredifferentfrom thosewith theFDG tracer. Thedistinctuptake of this kind of
receptortracersconcentratesalmostonly in striatumandtheotherareasof thebrain
imageremainalmost invisible and have a very low contrastto the background.
In pre-processing,the removal of the striatumwasneededfor defininga proper
energy image for the searchof the brain surface.The volume of striatum was
always overestimated.This did not causeany problemfor the search,sincethe
intensityvaluesof the volumewerereplacedwith the averageintensityvalueof
theimage.Althoughtheneededimageprocessingwasabit morecomplicatedwith
the Racloprideimagesthanwith FDG images,we could apply exactly the same
processingstepsfor all thefour Racloprideimageswithoutuserinteraction.

Mid-sagittal plane

Themid-sagittalplanewasautomaticallydeterminedbasedon theextractedbrain
surfacesfor all 17 FDG-PETand4 RaclopridePET images.The extractedmid-
sagittalplanesaredepictedon transaxialandcoronalcross-sectionsin Figures8, 9
and11.Thepositionandorientationof themid-sagittalplanewasproperin visual
inspectionwith every image.Especially, minorerrorsin theextractedbrainsurface
from one of the Racloprideimagesdid not compromisethe robustnessof mid-
sagittalplanedetermination.

White-mattersurfacefromFDG images

For the white mattersurface,the found brain surfacewasusedfor generatingthe
initial surfacesfor the standardDSM algorithm. Becausethe noise level in the
FDG brain imageswassignificantlyhigherthanin thephantomimage,we tested
whitemattersurfaceextractionwith differentvaluesof theparameter" alsoin this
case.Thebestvalueof " wasfoundto be0.2(testedrange0.05-0.4).However, the
differenceto thephantomstudywasthatsmallervaluesof " thequality of results
clearlydegradedfrom thoseobtainedwith "e��9 � R .
Thevisualqualityof delineatedsurfacesvariedmorewith thewhitemattersurface
thanwith the brain surface.The exampleimagesshown in Figures8 and9 were
chosenandranked basedon the visual quality of the extractedwhite mattersur-
faces.The delineatedsurfaceof the bestaccuracy, subject1, followed the white
mattersurfacedetailsslightly betterthantheresultsurfaceof typical quality, sub-
ject2. In theworstcase,subject3, theextractedsurfacehadaclearspikediverging
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from ‘the correct’whitemattersurface.Thisspikecanbeseenontopof thesagittal
cross-sectionview in Figure 8. However, therewere no clear differencesin the
visual quality of the delineatedsurfaceswhenthey werecomparedto the energy
images,seethemagnificationsin Figure8. Thedifferencein goodnessbetweenthe
bestand typical surfaceswasquite marginal and the ranking is thereforehighly
subjective. Thedivision of thecorticalVOIs into left andright hemispheresbased
on themid-sagittalplanesis depictedin Figure9.

6.3 Summaryof Results

The brain surfaceswere automaticallyextractedfrom two completelydifferent
typesof PETimages:FDG-PETimagesandRaclopridePETimages.Thesurface
extractionprocesswasthesamefor all images,exceptfor pre-processingof images.
All brain surfaceswere accuratein visual inspectionas comparedto the image
resolution.Especiallyboundaryconcavities within lower partsof brain surfaces
werecapturedproperly. Determinationof themid-sagittalplanewasautomaticfor
all images.This task could be challengingfor Racloprideimagesif only image
intensityvalueswereto beusedfor it. Combiningthebrainsurface,themid-sagittal
planeandthewhite mattersurface,we wereableto determinetheleft corticaland
the right cortical VOIs from the PET-FDG imageswithout userinteractions,see
transaxialandcoronalcross-sectionsin Figure9.

7 Discussion

We have applieda deformablemodelbasedDM-DSM methodfor demandingsur-
face extraction problemsarising with functional positron emissiontomography
(PET)brainimages.In this study, wedemonstratedthatthebrainsurfacesfor both
FDGandRacloprideimagescouldbeautomaticallydelineatedwith thenew global
optimization-baseddeformablemodel.The surfaceextraction procedureand the
parametersfor thedeformablemodelwerethe samewith both radiopharmaceuti-
cals,only thedefinitionsof theenergy imagesdiffered.Theextractedbrainsurfaces
were found to follow quite accuratelythe brain surfaceswhen comparedto the
original PET imagesas well as to the correspondingenergy images.The brain
surfaceprovideda goodbasisfor searchingothersurfacesfrom brain images.We
appliedthe delineatedbrain surfacesfor determinationof the mid-sagittalplane
of thebrain for all the images.Togetherwith brainsurfacevisualization,themid-
sagittalplanehelpsin orientationin thethree-dimensionalbrainimagesetfor image
registrationpurposesor for determinationof volumesof interest.The extracted
brainsurfaceandwhite mattersurfacefrom FDG imagesmadepossibleto deter-
minethecorticalvolumesof interest(VOIs)automaticallyfrom FDGimages.With
the foundmid-sagittalplanestheseVOIs canbedivided in two partsrepresenting
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the two hemispheres.Although this may not be the sufficient way to delineate
the gray mattervolumefrom FDG-PETbrain images,wherethe traceruptake is
highestin cortex, it shows thateven with this kind of limited imagequality there
arepossibilitiesto applyautomaticmeansfor surfaceextractionanddetermination
of volumesof interest.

Deformablesurfacemodelsaremethodsthatcanextractgeometricallycontinuous
structuresfrom noisy volumetric images.Surfaceextractionwith themis formu-
latedasanenergy minimizationproblemallowing incorporationof geometricprior
informationaboutthesurfaceto beextracted.However, astheenergy functionto be
minimizedusuallyhasseverallocalminima,its minimizationis achallengingtask.
Particularly, thesurfaceextractionresultoftendependshighly on theinitialization
for theprocesslimiting automaticapplicationof deformablemodels.In this study,
we have minimizedthe energy of the deformablemodelglobally eitherwith the
DSM algorithm or the DSM-OS algorithm. For extraction of the brain surface
whereit is favorableto approachthe surfaceof interestfrom outside,we applied
theDSM-OSalgorithmcapableof takingadvantageof suchprior knowledge.The
standardDSM algorithmwasappliedfor extractionof the white mattersurface,
where it is hard to specify the best direction to approachthe surface of inter-
est.Althoughalsothesealgorithmsfeaturesomesensitivity to their initializations,
with themproblemswith initialization sensitivity areconsiderablyreduced.This
allowed us to generateinitial surfacesfor the algorithmsautomaticallywithout
any referencesto anatomicalimages.For this reasonextractedsurfacescan be
appliedfor registrationpurposes.Optimizationalgorithmsarealsodeterministic,
which could be importantfor reproducibilityof results.Another importantmerit
of the applieddeformablemodel for this study was that it could be applied to
brain surfaceextractionboth from RacloprideandFDG PET images.Moreover,
modelparametersandtheinitializationprocesswerethesamein bothcases,which
is of importancefor automaticsurfaceextraction.Obviously, sincetwo typesof
imagesmentionedarequitedivergent,differentlocal imagefeaturesdefinethesur-
facesof interest.Edgefollowing usedwith FDG images,i.e usingimagegradients
as featuresof interest,would probablynot lead to goodresultsfor brain surface
extraction from Racloprideimages.Designingsuitableenergy imagesfor them
requiredsomewhatmoreeffort. Nevertheless,thecomputationof energy imagesfor
theRaclopridetracerwasstill quitesimpleandit did not requireassumptionse.g.
abouttheparametricform of theprobabilitydensityfunctionof imagehistograms.

The identificationof the brain surfaceandseparationof hemispheresarestarting
points for extraction of other surfacesand structuresfrom the brain image. In
this study, we extractedthewhite mattersurfacewith theDM-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 highestuptake of the radiopharmaceutical,or from the
largeststructures.We have presentedthe principal idea of this kind of analysis
with preliminary resultsin (Ruotsalainenet al., 2001). The extractedstructures
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from PETimagescouldbe identifiedandlabeledfor anautomaticregional image
analysis.Thiskind of intelligentproceduresfor delineationandlabelingof several
brain structures,either one by one or all in one step, from anatomicalimages
have beenconsideredfor examplein (Lötjönenet al., 1999;Mangin et al., 1995;
McInerney et al., 2002).Regionalnumericalvalues,for exampleregionalreceptor
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
anatomicalimages,andby giving reliably theboundariesof adistinctuptakeof the
radiopharmaceutical.Behaviour of theselectedradiopharmaceuticalin thetissueof
interestis generallyknown basedon cellular level andanimalexperiments.Based
on this expectation,we canprovide necessaryprior informationfor designingsur-
faceextractionmethodswith deformablemodels.More advancedandapplication
specificmeansto createenergy imageswouldalsobebeneficialfor thecurrenttask
of extracting the cortical structure.In the experiments,no anatomicalreference
structuresfrom MR imageswereapplied.However, thiscouldbedonefor example
for annotationpurposesor alsofor initializationof thesearch.

In this study, we designedandtesteda fully automaticprocedurefor delineating
thebrainsurfaceandthemid-sagittalplanefrom PETbrainimages.Theprocedure
is basedon the new DM-DSM method,which is tolerantto noisein images.The
procedurewastestedwith aphantomstudyandhumanbrainstudies.Theresulting
brainsurfacesandmid-sagittalplanesfor thesewereof excellentquality. Because
extractionof thesurfacesandthemid-sagittalplaneswasmadewithout any refer-
encesto anatomicalimagesthey canbe usedfor examplefor imageregistration
purposes.The procedureprovides new ways to automatesegmentationof PET
images.
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(a) (b)

(c) (d)

Fig. 1. The histogramof an imagefrom FDG-PETstudywith (a) linear scalingand(b)
logarithmicscalingandfrom Raclopridestudywith (c) linearscalingand(d) logarithmic
scaling.Intensityvaluesequalingzeroarenot includedin thehistograms.
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Fig. 2. Surfaceextractionanddeterminationof volumesof interest(VOIs) automatically
from PETbrainimagesusingtheDM-DSM methodandthemid-sagittal(M-S) plane.The
white mattersurfaceand cortical VOIs are only extractedfrom imagesfrom FDG-PET
studies.

(a) (b) (c) (d)

Fig.3.Stepsin energy imagecomputationin thecaseof FDG-PETbrainimages.Transaxial
imagecross-sectionsfrom (a) the original image,(b) the medianfiltered image,(c) the
gradientimageand (d) the energy image,which is a contrastenhancedversionof the
gradientimagein (c).

24



(a) (b) (c)

(d) (e) (f)

Fig. 4. Stepsin energy imagecomputationin the caseof
�7�

C-Raclopridebrain images.
Transaxialimagecross-sectionsfrom (a) theoriginal image,(b) themedianfilteredimage,
(c) the imagewherehigh intensityvaluesin striatumhave beenreplacedby the average
intensity value of the image,(d) the imageafter morphologicalfiltering, (e) the energy
imagebeforecontrastenhancingnormalizationand (f) the energy image.In (a) and (b)
highestintensityvalues(in striatum)havebeenscaleddown in orderto make low intensity
valueselsewherein thebrainvolumevisible.
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Fig. 5. Automaticallygeneratedinitialization for thesearchof thebrainsurfaceshown on
thePETimage.Fromtop,sagittal,coronalandtransaxialcross-sectionviews.
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Fig. 6. The brain surface,white mattersurfaceandmid-sagittalplaneextractedfrom the
originalandtherotatedHoffmanphantomimage.
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(a)

(b)

(c)

(d)

Fig.7.Theeffectof theamountof theregularisationin searchingof thewhitemattersurface
with theHoffmanphantom:(a) � is zero, (b) �e�¡ b¢~ [£ , (c) �e�¡ Q¢�¤ and(d) ���� Q¢�£ . A
transaxialcross-sectionis shown on the left column and a three-dimensionalrendering
is shown on the right column. The smoothnessof the mesh could not be controlled
without shaperegularisationasshown in (a). The brain surfaceshown on the transaxial
cross-sectionsis thesamein all cases.
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subject 1 subject 2 subject 3

Fig. 8. Examplesof automaticallydelineatedbrainsurfaces,mid-sagittalplanes,andwhite
mattersurfacesfrom FDG-PETbrain imagesof overlayedon the energy image.Based
on the visual quality of the white mattersurfaces,subject1 is the bestresult,subject2
representsa typical resultandsubject3 is theworst result,cf. the text. Fromtop, sagittal,
coronalandtransaxialcross-sectionviews. The mid-sagittalplaneis marked only on the
coronalandthetransaxialcross-sections.Bottom,magnifications(500%) of thelowerright
cornerof thetransaxialimagecross-sectionareshown.

29



subject 1 subject 2 subject 3

Fig. 9. TheextractedVOIsoverlayedon theoriginalFDG-PETimages.
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Fig. 10. Three-dimensionalrenderingsof brain surface meshesextracted from the
FDG-PETbrain images.The determinedmid-sagittalplanesare shown on black. From
top,subject1, subject2 andsubject3.
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(a) (b) (c)

Fig. 11. Extractedbrain surfaceand mid-sagittalplane from a Raclopridebrain image
overlayedon(a) theoriginal image,(b) themedianfilteredimageand(c) theenergy image.
Fromtop,sagittal,coronalandtransaxialcross-sectionviews.
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