
A gooddisplayis onethatemphasizesthediagnos-
tic featuresandminimizesthecamouflaging effect
of thenondiagnostic(anatomic)features.

H.L. Kundel,1990

Chapter 3

Integration of Functional and
Anatomical Brain Images:
A Surveyof Approaches

Abstract
This chapterreviews the literatureon integrationof functionalandanatomicalvolumetric
brain images.Integrationconsistsof two steps:matchingor registration,wherethe images
arebroughtinto spatialagreement,andfusionor simultaneousdisplaywheretheregistered
multimodal imageinformationis presentedin an integratedfashion. Approachesto regis-
ter multiple brainimagesaredividedinto extrinsic methodsbasedon artificial markers,and
intrinsic matchingmethodsbasedsolelyon thepatientrelatedimagedata.Only rigid regis-
tration(i.e., translationandrotation)is considered.Thevariousmethodsarecomparedby a
numberof characteristics,whichleadsto aclearpreferencefor oneclassof intrinsicmethods,
viz.voxel basedmatching.As for imagedisplay, anoverview of existing methodsto simul-
taneouslyvisualizeregisteredmultiple imagesis presented.Both 2D and3D approachesare
discussed.Severaltechniquesseemquiteappropriatefor multimodalbrainimagefusion.Yet,
a generaltask-dependency of thevisualizationand—inaddition—thevariability of observa-
tion proceduresandobservercharacteristicsprecludessuchagenericconclusion.
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3.1 Intr oduction: Purposeand scope

Integrationof imagesfrom multiplemodalitieshasrapidlyevolvedinto asubstantial
areaof researchin medicalimaging. Therearetwo major causesfor this develop-
ment. First, performingthecalculationsinvolved in registeringandvisualizingtwo
3D datasetshasbecomefeasibleon present-daycomputers.This haspavedtheway,
not only for novel matchingapproachesthat arebasedon the full contentsof the
imagesratherthanon just a few pointsfrom artificial markersor anatomicalland-
marks,but alsofor novel visualizationtechniquesaimedat efficiently presentingthe
multimodalinformation.Second,thereis a steadilygrowing demandfrom theclinic
for multimodality integration,in particularin neurosurgery andradiationtreatment
planningandevaluation.

The scopeof the presentchapteris now outlined. As the title indicates,this
chaptercoversintegrationof functionalandanatomicalbrain images,a subclassof
multimodal image-to-imageintegration. This excludesimage-to-imageintegration
of singlemodality imagedataandimage-to-atlasintegration. Image-to-imageinte-
grationof braindatagenerallydealswith informationfrom thesamepatient,whence
it is naturalto consideronly rigid transformations(translationsandrotations).The
survey will furthermorebelimited to integrationof two volumetricimages;matching
of a3D imagewith a2D imageandof timeseriesof imagesarenotdealtwith.

Brain imagingmodalitiesthat produceanatomicvolumetricdataareCT, CTA,
MRI, andMRA. Functionalvolumetricbrain imagingmodalitiesareSPECT, PET,
fMRI, PerfusionWeightedMRI, Diffusion WeightedMRI, andMRSI. In addition,
functionalvolumetricinformationmaybe inferredfrom EEGor MEG by meansof
mathematicalmodelling(sourcelocalization).

Thepurposeof thechapteris to give anoverview of methodsfor integrationof
volumetricbrain imagesfrom functionalandanatomicalmodalities. The different
extrinsic andintrinsic approachesto imageregistrationaredescribedandcompared
by a numberof characteristics.It will beshown thatthesecriteriaareappropriateto
clearlyselecta classof approachesasbeingsuperior. The secondissue,integrated
visualizationof theregistereddata,will bediscussedmoreextensively, andwill fea-
tureourown experienceswith severalof theseapproachesasappliedto simultaneous
displayof SPECT/MRI,PET/MRI,andfMRI/MRI. Thequestionof whichtechnique
is themostsuitableis stronglytask—andoperator—dependentwhichpreventsagen-
eralevaluationof visualizationmethods.

3.2 Multimodality imageregistration

In VandenElsenet al. (1993)a classificationof imageregistrationmethodsis given
accordingto a numberof discerningcriteria. Themaincriteriaare: Dimensionality
(2D/3D/4D),natureof matchedproperties(extrinsic methodsusingartificial objects
asstereotacticframes,heador dentalmolds,skinmarkers;andintrinsicmethodsus-
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ing imagedataonly),elasticityof thetransformations(rigid/affine/projective/curved),
andinteraction(interactive/semi-automatic/automatic).

This sectiondiscussesrigid registrationof multimodalvolumetricbrain images.
In keepingwith thecategorization,theapproachesaredividedinto extrinsic andin-
trinsicmatching.Extrinsicregistrationmethodsaresubdividedaccordingto thetype
of artificialmarkeremployed,intrinsicmethodsaresubdividedaccordingto theprop-
ertyof theimagedatausedfor matching.

3.2.1 Extrinsic matching

Thethreeapproachesclassifiedunderextrinsic matchinghave in commonthat they
donotadmitof retrospectivematching,whichentailsthattheclinical protocolsmust
takeaccountof therequirementsof thematchingprocedures.Consequently, animage
that was acquiredbeforethe necessityof multimodality integration is recognized,
cannotbeincludedin thematchingprocedureif extrinsicapproachesareused.

3.2.1.1 Stereotacticframe / skull screws

In stereotacticneurosurgery, a rigid frameis attachedto the headof the patientto
guidethesurgical instruments.In theimageacquisitionstage,localizerframescon-
tainingpoint markersor line markers(rods)areattachedto thesterotacticframein
order to provide a referencesystemfor all imagingmodalities. Consequently, an
accurateregistrationof all multimodalimagesfor surgery planningis ensured.We
usethe terminologystereotacticframeexclusively for a framewhich is fixated to
theskull by screws (Lunsford1988,Vandermeulen1991). Non-invasive moldsand
adaptersaretreatedunderthenext heading.Stereotacticframebasedregistrationis
theleastpatientfriendly of all imageintegrationapproaches.It hasa high degreeof
reproducibility, andapplyingit is ratherlaborintensive. For a long time,stereotactic
framebasedmatchinghasbeenthegold standardfor imageintegration. This holds
no longertrue. Even thoughthe accuracy of stereotacticframebasedmethodscan
be increasedby knowledgebasedmethods(Wanget al. 1994), thereis increasing
evidencethatintrinsicmethodscanattainahigheraccuracy, while they arealsomore
attractiveby any otherof thecriteriaused.This issuewill befurtherdiscussedbelow.

3.2.1.2 Non-invasively fixated mold or frame

Non-invasively fixatedalternativesto thestereotacticframeareathermoplasticmask
(Schadet al. 1987), a dentalmold (Hawkes et al. 1992), a combinationof these
(Greitz et al. 1980),andan adapterwith a nasionsupportandearplugs(Laitinen
et al. 1985). Thesedevicesareall slightly lessaccuratethanthestereotacticframe,
generallymorelabor intensive becauseindividual moldshave to be madefor each
patient,andprovide lessreproduciblematchingresults.Ontheotherhand,themeth-
odsaremorepatientfriendly andmoregenerallyapplicable;bothlimitationsto gen-
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eral application� of the stereotacticframehold to a lesserextent for thesedevices.
Non-invasive framesaresuitedprimarily for radiotherapy purposes(registrationof
CT with treatmentbeams);they have little usein functional imaging,and thus in
functional-anatomicalimageintegration.

3.2.1.3 Skin markers

Imageregistrationusingskinmarkersis patientfriendly andapplicableto all clinical
imagingmodalities. The reproducibility is goodfor brief time intervals, in which
casethereferencepointsof themarkerscanbemarkedwith (if necessary, invisible)
ink; for long time intervals,thereproducibilityis at bestfair. Theaccuracy of point
marker basedmatchingmaybequitegoodunderidealcircumstances,i.e., whenthe
tomographicimageslicesarethin andinterslicegapsarenarrow or absent,andwhen
the referencepointsare insidethe scannedvolume. The methodis not very labor
intensive if thenumberof markersis limited to four or five (Lehmannet al. 1991).
For imageprotocolswith thick slicesand/orlarge interslicegaps,the accuracy of
pointmarker basedregistrationis poor. Arrow-shapedskinmarkerswereintroduced
in VandenElsenetal. (1991)to combineEEGor MEG derived3D dipoledatawith
tomographic(CT, MRI) imagedataof thesamepatient(seealsoFigure3.7). Sub-
sequently, this typeof marker wasusedfor variousimage-to-imagematchingproce-
dures(Knufmanetal.1992,VandenElsenandViergever1994).Themainadvantage
of arrow-shapedmarkersoverpoint-shapedmarkersis thatthey canbelocatedin to-
mographicimageswith subsliceaccuracy, which makesthemsuperiorespeciallyin
matchingdatasetswith aninferior samplingin theaxial direction. Furthermore,the
markerscanindicatepointsslightly outsidethescannedvolume.

3.2.2 Intrinsic matching

The threemethodsclassifiedunderintrinsic matchinghave two propertiesin com-
mon. Thefirst is the retrospective natureof thematch;the imagingprotocolsneed
not make provisionsfor the matchingprocedure.The secondcommonpropertyis,
accordingly, the extremepatientfriendlinessof the approaches.The key problem
of intrinsic matchingmethodsis theselectionof the imagepropertieson which the
matchis based.Thesehave to bederivedfrom quitedissimilarimages,which poses
achallengingtask.

3.2.2.1 Anatomical landmarks

Imageregistrationusinganatomicallandmarksis generallya ratherlabor intensive
process,sincethe landmarkshave to be pointedout interactively (seee.g., (Evans
etal. 1989,Schiersetal. 1989,Hill etal. 1991)).While afirst guessmaybeprovided
by automaticmeans,no fully automatedlandmarkextractionalgorithmshave been



3.2Multimodality imageregistration 25

reported.Consequently, theapproachhasa low degreeof reproducibility. Theaccu-
racy is fair andincreaseswith thenumberof landmarksuseduntil a certainlimit is
reached(typically at around20 - 25 landmarks(Timmens1991)).Landmarkmatch-
ing is applicableto all tomographicimagingmodalitiesandcanreadilybeextended
to nonlinear(curved) matching. This latter propertyis sharedonly by voxel based
methods.

3.2.2.2 Structures/ objects

Object basedimagematchinghas becomepopularby the work of Pelizzari and
coworkers(Chenet al. 1987,Pelizzariet al. 1989,Levin et al. 1989). Their method
definesobjectsby contourdetectionin the 2D slicesof the tomographicset; most
commonlythe external surfaceof the skin is usedfor registration. In one image
modality, thesecontoursarestacked to generatea surface,the ’head’, ontowhich a
’hat’, consistingof a setof pointsderived from the contoursin the othermodality,
is fitted by meansof an optimizationprocedure.The methodis quite accurateand
applicableto all tomographicimagingmodalities(althoughfor applicationto PET
and SPECTthe availability of a transmissionscanis desirable);the robustnessis
questionable,though,owing to thedependency onahigh-level objectdefinition.The
maindisadvantageof themethodis thatuserinteractionis requiredto steertheopti-
mizationprocess,bothby identifying thepartsof the’head’and’hat’ to beusedand
by selectingandadaptingthetransformationparameters.Severalattemptshavebeen
madeto improveupontheoriginalconceptof Pelizzari,e.g., increasingtheaccuracy
of thematchby removing outliers(Jiangetal. 1992)andcombinationwith anatomi-
cal landmarkmatchinginto onealgorithm(Collignonetal.1994),or renderingobject
matchingfreeof userinteractionby basingit on automaticsegmentation(VanHerk
andKooy 1994).

Objectdefinition is a high-level task,which is difficult to automatewithout en-
dangeringthe accuracy. Instead,multimodality matchingmay be basedon low-
level binary featureimages,e.g., using a secondorder invariant (Van den Elsen
et al. 1992,Maintz et al. 1996b),or using higher order geometricalfeatures(Liu
et al. 1994). The first methodcomparesfavorably with registrationusing arrow-
shapedmarkers,but laterprovedto beinferior to registeringthefull featureimages.
The secondmethod(also knownas corematching)is a theoreticallypromisingin-
trinsicregistrationmethod(Fritschetal.1994),but thepracticalresultsof themethod
arenotyetconvincing,bothbecauseof thesizeof theregistrationerrorsandbecause
of thehighly interactivenatureof themethod(Liu etal. 1994).

3.2.2.3 Voxelproperties

Multimodality registrationmethodsbasedon voxel propertieshave only recently
appearedon the scene,but they have nonethelesstaken the lead in brain image
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Figure 3.1 Examplesof integrated2D displaysof registrationsbasedon Mutual
Information.Frame(A): Adjacentdisplayof a CTimage(top),PETimage(middle),
andPET image with superimposedskull fromtheCT image (bottom). Frame(B):
’Checkerboard’ displayof a PET and MR image where the four quadrants have
different checkers size(top left: 1 pixel (= alternatepixel display), top right: 4
pixels,bottomleft: 16pixels,andbottomright: 32pixels).

matching. This type of methodssharesthe advantagesof beingretrospective, pa-
tient friendly, andgenerallyapplicablewith the otherclassesof intrinsic matching
approaches.In addition, most voxel basedmethodsdo not requireuser interac-
tion andthusareboth labor extensive andreproducible;they canalsobe extended
to curved (usually referredto as elastic)matching,which is a desiredpropertyin
image-to-atlasmatchingand intersubjectmatching. On top of all this, early al-
gorithmsof voxel basedtype alreadyproducedresultsof surprisinglyhigh accu-
racy (Van denElsen1993,Woodset al. 1993). In consequence,researchefforts in
multimodality imageregistrationhave focusedon this classof approaches.Of the
recentmethods(Hill et al. 1994,Studholmeet al. 1995,Collignonet al. 1995,Col-
lignon et al. 1995b,Viola andWells III 1995,Wells III et al. 1995,Van denElsen
etal.1995,Maintzetal.1995,Studholmeetal.1996,Maintz1996,Maesetal.1997),
the Mutual Informationapproachdescribedin detail by Maeset al. (1997)appears
themostpromising(seeFigure3.1).

Table1 givesa condensedoverview of theclassesof multimodalityimageregis-
trationtechniquesvs. sevenqualitycriteria.Thelatterclassof methods,voxel based
intrinsicmatching,clearlyoutperformstheotherapproaches.

3.2.3 Evaluation aspects

An issuewhich so far hasremainedundiscussedis theevaluationof registrational-
gorithmsasregardsaccuracy. Thisposesaseriousproblemin clinical practice,since
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Accuracy Patient
friendly

Repro-
ducible

Labor
exten-
sive

Retro-
spective

Extensible
to curved
match-
ing

Extensible
to intra-
operative
matching

Extrinsic matching
Frame/ screws + – + � – – +
Mold / adapter � � � – – – +
Skinmarkers � + � + – – +
Intrinsic matching
Anatomiclandmarks � + – – + + –
Surfaces/ objects � + � � + � �
Voxel properties + + + + + + �

Table 3.1 Comparative overview of multimodalityimage matching approaches.
Accuracy: + high, � satisfactory. Patient-friendliness:+ patientfriendly, � both-
ersome, but non-invasive, – invasive. Reproducibility: + good, � satisfactory, –
questionable. Labor extensiveness:+ labor extensive, � intermediate, – labor in-
tensive. Retrospectivity: + retrospective, – prospective. Extensibility: + readily
extensible, � limitedextensibility, – notextensible.

thebesttransformationis anunknown. Therefore,theaccuracy canonly beassessed
qualitatively by visual inspection,andquantitatively by composingthe foundtrans-
formationto onesobtaineduponemploying otherregistrationtechniques.Even in
the latter casethe accuracy measureis not an absoluteone,sinceit is relative to a
transformationthatinevitably hasits own intrinsic registrationerror.

Differentpresentationtechniqueshave beenusedto evaluateregistrationaccu-
racy, e.g., VandenElsen(1993)reformattedtheusuallytransaxiallyacquiredtomo-
graphicdatatocoronalandsagittalslicesin whichdirectionsregistrationcanbemuch
moreerrorprone.By zoomingin onspecificstructures,adetailedaccountof all mis-
registrationscanbeobtained.Thedisplaycanbeimprovedconsiderablyby making
useof selective integration(seesection3.3.1.3)of, e.g., boneor the contourof the
brain (seeFigures3.1A and3.5)). Basicallyall techniqueslisted in Section3.3.1
have beenappliedto assessregistrationaccuracy (seealso(Chenet al. 1987,Hill
et al. 1993,Pietrzyketal. 1996)).Useof visualizationtechniquesallows theconclu-
sionthataregistrationis accurate,but it leavestheproblemof how to interpretminor
differences.

A novel setupto provideanindependentgoldstandardis theuseof cadaverstud-
ies, whererigid fiducial tubesareinsertedprior to imaging. This hasshown to be
a viable approachto evaluateCT-MRI registrations(Hemleret al. 1995b,Hemler
et al. 1995c). For instance,it clearlyshows that theaccuraciesreportedfor surface
basedmatchingdonotholdtruefor internalbrainstructures.An extensiveevaluation
techniquewasproposedanddemonstratedby Westet al. (1997). Here,theregistra-
tion resultsof many differentretrospective methodsarecomparedto a goldstandard
basedon screw-mountedmarkers. The differencesbetweenregistrationresultsare
evaluatedin clinically relevantregionsonly, andtheimagesused(PET, CT, andMRI)
aredrawn from a largedatabaseof clinically obtainedimages.Althoughtheactual
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Figure 3.2 Registration of Thallium–SPECTand MRI using Mutual Informa-
tion. Theimage dataare takenfroma patientwith a left temporal lobeabnormal-
ity which is indicatedby the contourfrom the abnormalThallium–SPECTregion
superimposedonto the MR image. Frame(A) MR image, (B) integrated image,
(C) Thallium–SPECTimage.

accuracy of thegoldstandardusedcannotbeascertained,methodslikethesehavethe
potentialto provide a morequantitative measureof accuracy thanvisual inspection
can.

3.3 Integrated imagedisplay

When the multimodality imageshave beenmatched,the questionof how to opti-
mally convey the integratedinformationremains.This problemis task-driven. For
instance,in orderto provideananatomicalframeof referencefor SPECTusingMRI
sliceswith approximatelythesameslice thickness,a combinedMRI/SPECTimage
may be presentedbestby a 2D grey valueor color displayof the original SPECT
slices,with thecontoursof relevantstructures(cortex, ventricles,lesions)asderived
from thecorresponding—resampled—MRsliceoutlinedby a white, black,or color
overlay(seeFigure3.5). If, however, for someclinical indicationtheMR imageis the
primarysourceof informationwith high resolutionin the threedimensionsandthe
SPECTimageservesto provide additionaldiagnosticvalue,thesameMRI/SPECT
combinationmaybepresentedbestby thereverseorder, i.e., a2D grey valuedisplay
of originalMR sliceswith anoutlineof thecorresponding—resampled—SPECTdis-
tribution, e.g., indicatinganareawith abnormalactivity (seeFigure3.2). In conse-
quence,in evaluatinga specificintegrateddisplay techniqueor in comparingtwo
or moredisplaytechniques,thedetectiontaskmustbewell specified.Furthermore,
experiencewith differentvisualizationtechniquesindicatesasignificantoperatorde-
pendency, e.g., superimposedcontoursin functionaldataleadto reactionsranging
from praiseto sheerdislike (seeChapter6).

We now discussintegrateddisplayapproachesthat have beenproposedin the
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recentimageprocessingliteratureandpresentexperienceswith severalof thesetech-
niquesfor PET/CT, fMRI/MRI, PET/MRI andSPECT/MRIvisualization. We dis-
tinguishbetween2D presentationmethodsin which oneor moretomographicslices
throughthe 3D imagedataset,or oneor more (usuallyorthogonal)projectionsof
this datasetareshown, and3D presentationmethodsin which a volumetricdisplay
of oneor morestructuresis offered. Illustrationsof several optionsfor integrated
imagedisplayarepresented.We have usedthe imagesfrom a patientwith a right
frontal lobe astrocytomafor all following illustrationsin this chapter. Note that in
someof themethodsthepresentationis restrictedto two imagemodalities,whereas
in othermethodssimultaneousdisplayof threeor evenmoremodalitiesis supported.
Furthermore,severalof themethodsdiscussedcanbeadvantageouslycombinedwith
eachother.

3.3.1 2D integrated visualization

A major advantageof the computeris the ability to interactwith the data. Visual-
izationis thereforenot limited to adjacentdisplayaswith thelight box,but with the
aid of computersdatacanbeprocessedwith theobjective to make thedisplayof the
informationmoreeffective (Kundel1990,Hill etal. 1991,Hill et al. 1992).

Thefirst logicalstepbeyondadjacentdisplayof theimagesis integrationof mul-
tiple 2D imagesinto oneimage.We distinguishtwo categorieswhich we denoteas
’non-selective’ and’selective’ integration.

3.3.1.1 Adjacent display

Adjacentdisplaypresentscorrespondingslicesof two (or more)modalitieson mul-
tiple screens—orin multiple windows on onemonitor—, with separatecontrolsfor
contrastandbrightnessin eachimage. It is the simplest,but alsooneof the most
effective typesof integrated2D display, especiallywhenthedisplayis extendedwith
a linkedcursor(Hawkesetal. 1990)indicatingcorrespondinglocationsin theimage
slicesof differentmodalities(seeFigure3.3).

3.3.1.2 Non-selective integration

Non-selective integration comprisesvariousmethodsthat do not requireany user
interactionor a priori knowledge. Theseoperationsare carriedout on the entire
imagesand useall available informationwithout makinga decisionbasedon the
contentof apixel.

� Arithmetic integration:
This classof methodsinvolvespixelwiseaddition,subtraction,multiplication,
etc.of images(seeFigure3.4).
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Figure 3.3 Adjacentdisplaywith a linkedcursor: Correspondingslicesfromthe
original imagesof threemodalities.(A) SPECTimage, (B) MR–T1image, (C) MR–
T2 image.

� Transparency or opacityweighteddisplay:
Thisapproachstemsfrom theclassicwork of PorterandDuff (1984).A trans-
parency valueis assignedto eachpixel (the so-calledα-channelor α-value),
whichdeterminesits contributionto thefinal image.In theory, thetransparency
valuecanbedependentonthecontentof thevoxel or attributedto specificparts
by anobserver, but to ourknowledgeonly aglobalvaluehasbeenapplied(for
PET/MRIsee(Evansetal. 1996)).

� ’Checkerboard’or ’chessboard’,alternatepixel andsplit-screendisplay:
Alternatepixels in thedisplayareassignedgrey valuesand/orcolor to repre-
sentthe two differentmodalities(Hawkeset al. 1990,Rehmet al. 1994,Van
Herk andKooy 1994,Hemleret al. 1995b,RobbandHanson1996)(seeFig-
ure3.1B). Cautioniscalledfor whenusingcolor, becauseproblemsoccurwhen
thesizeof thechecker is smallandneighboringpixelsareperceptuallymixed
(see(Hawkesetal. 1990)on ’color smearing’andSection5.2.4.)

� Colormodeling:
Colormodelscanbeappliedto moreeffectively convey theinformationof the
multiple datasetsto our visualsystem(Alf anoet al. 1992,Kundel1990).The
’color wash’technique(Pelizzarietal. 1989,Holmanetal. 1991)addsacolor
correspondingwith functionalinformationto a grey valuecorrespondingwith
anatomicaldata. Furthermore,color informationcanbe encodedasa three-
parameterspace(e.g., the RGB color modelor the HSV color model),with
whichit ispossibletomakeamappingof twoor threeparameterstouniquecol-
ors.Thistechniquehasbeenamplyemployed,e.g., for integratedvisualization
of MRI acquisitions(Weissetal.1987,Kammanetal.1989,Alf anoetal.1995,
RobbandHanson1996),PET/MRI (Levin etal. 1988),SPECT/CT(VanHerk
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D E F

Figure 3.4 Non-selectiveintegrationof (A)original SPECTimageand(B)original
MR–T2image. Frames(C), (D), (E), and(F) are the(rescaled)integratedimages
of (A) and(B) with (C) MRI–T2minusSPECTgrey values,(D) SPECTmultiplied
with MRI–T2 grey values,(E) RGB integration; SPECTrepresentedby a green
color scalefusedwith MRI–T2informationrepresentedwith a redcolor scale, and
(F) HSVintegration; thehuecomponentrepresentstheSPECTdataandthevalue
componentrepresentstheMRI–T2data.

andKooy 1994),andSPECT/MRI(Hawkesetal. 1990,Holmanetal. 1991).

With the methodswe evaluated,we found that non-selective integrationposes
the dangerof obscuringrelevant databy irrelevant information,therebydegrading
the overall diagnosticquality of the fusedimage(seeFigure3.4). This is possibly
not problematicfor theassessmentof registrationaccuracy, but clinical observation
tasksmightwell beimpaired.

In our work with SPECT/MRIwe testedboth RGB andHSV integration (see
Figures3.4E and3.4F, whereeachof thetwo modalitiesis representedby adifferent
componentof theRGB or HSV color space).We foundRGB integrationdifficult to
interpretfor several reasons;i) relevantdataarecamouflagedby irrelevant data(as
notedearlierin this section),and ii) useof color to presentMRI informationis not
intuitive, traditionallygrey valuesareused.

We found theHSV schemefor integrationof SPECTwith MRI muchmorein-
tuitive,with thehuecomponentdescribingtheSPECTdata(color encodingis a fre-
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quentlyappliedtechniquein theinvestigationof SPECTdata),andthevaluecompo-
nent(= achromaticinformationor shadesof grey) describingtheMRI data.Manipu-
lationof theremainingsaturationcomponentusinganappropriateimagedisplaytool
is a meansto changethecontribution of color to the image.This enablesa gradual
increaseof thecontribution of the functionalinformationto the imagefrom zeroto
overwhelming.

3.3.1.3 Selective integration

Selective integrationrequiresthat certaincharacteristicfeaturesareextractedfrom
oneor moremodalitiesandsubsequentlyintegratedwith oneor moreothermodali-
ties.Contraryto non-selective integrationadecisionis madeby anobserveror based
on thecontentsof theimages.

� Windoweddisplay:
The displayedslice is divided into a numberof parts,eachshowing the grey
scalecontentsof one of the involved modalities(Kooy et al. 1994, Soltys
et al. 1995). The distinctionwith the checkerboarddisplay is prominentin
therequireduserinteractionfor ’steering’theselection.

� Featuredisplay:
Geometricalfeatures,e.g., points or contours,or objects,e.g., bone, from
oneor moremodalitiesreplacetheoriginal informationfrom anothermodal-
ity (Stokkingetal. 1994,Farrell etal. 1995,Hemleretal. 1995b).

Extractingwell definedstructuresfrom SPECTor PETposesproblemsbecause
theresolutionis poor(Kundel1990). In routineclinical SPECTandPETdiagnosis,
asmuchaspossibleinformationis used(e.g., comparisonwith contralateralinfor-
mationis vital), which impliesthatno functionalinformationshouldberemovedfor
the integratedvisualization. MRI or CT, on the otherhand,do allow definition of
featuresof variouskind thatcanbetransferredto thefunctionalimageto supplyan
anatomicalframework.

In our work with SPECTandMRI we found segmentationof the MR images
a good approachto convey anatomicalinformation to the functional SPECTim-
ages(Stokking et al. 1994). The outline of the brain, the boundaryof the white
matter, andthe ventriclescanbe segmentedfrom MRI–T1 dataandadditionalline
segmentsorcontourscanbedrawn todenotelandmarkslikecharacteristicsulci,brain
areas,andtheplanethroughthe longitudinalfissure.Furthermore,the locationand
the extent of an abnormalregion canbe outlinedandtransferredto corresponding
images.

Figure3.5shows two indicators,a contourfor thebrainanda filled areafor the
tumor, which wereextractedfrom MRI andtransferredto the SPECTimage. The
resultsindicatethat selective integration is useful to provide the SPECTdatawith
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Figure 3.5 Selectiveintegration usingmanualsegmentation.Thebrain contour
drawnin theMR–T1image(B) andthedamagedregion renderedwhitein theMR–
T2 image(C) are transferredto thecorrespondingSPECTimage(A).

an anatomicalframework (seeChapter6), without lossof relevant information. To
illustrate the wasteof relevant SPECTdatawe deliberatelyapplieda filled region
for the tumor area. The useof filled regionsobviously calls for caution,which is
why we feel that it shouldonly be usedwhennon-relevant SPECTinformationis
replaced,e.g., outsidethebrainorwith goodanatomicallandmarksliketheventricles.
Accordingly, for thecaseof Figure3.5wewouldreplacetheareaby acontourin the
clinical application.

3.3.1.4 Discussionof 2D integrated visualization

Adjacentdisplayof registeredfunctionalandanatomicalimagespresentsall acquired
informationin aneasyandintuitive way, wheretheuseof a linkedcursoris a very
simple,but effective tool to assistin theintegrationof theinformation.Technically,
however, theinformationis still presentedseparatelyandtheobserverhasto perform
thementalintegration.

A commondenominatorin our experimentswith non-selective integration for
functional-anatomicalvisualizationwasthatno or little additionaldiagnosticinfor-
mationcouldbeconveyedcomparedto adjacentdisplay, whilevaluablefeatureswere
oftencamouflagedby non-diagnosticinformation. Consequently, while thesetech-
niquescanbeattractive thanksto their ease-of-useandhigh speed,they arenot very
effective for theintegratedpresentationof informationfrom functionalandanatomi-
cal data. The integrationusingcolor modelsis an exception,sinceour visual sys-
tem employs color more effectively than grey levels (Weiss et al. 1987, Kundel
1990,Gouras1991). Of the employed color models,RGB wasnot satisfactoryfor
SPECT/MRIandPET/MRI integration,but HSV gave promisingresults(seealso
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Chapter5 for usein 3D visualization).TheHSV integrationschemewill besubject
to furtherresearch,but asyetwefavor bothadjacentdisplaywith a linkedcursorand
selective integrationto integrateonly thediagnosticrelevantinformation.

With functional-anatomicalvisualization,the useof selective integrationoffers
thepossibility to displaytherelevantdatafrom thedifferentmodalitiesmoreeffec-
tively. Theapproachalsohasan inherentdrawback,viz. thata selectionof features
hasto bemadeto performa specificintegrationtask. For someapplications,delin-
eationof the brain contourmay be sufficient, but morecomplex casesmay require
the definition of additionalfeatures. In our work with SPECTandMRI, we used
manualand semi-automated(thresholdingand region growing) segmentationrou-
tines to extract several features(brain contour, tumor area,ventricles,etc.). The
speed,accuracy andreproducibilitywith which theresultingvisualizationswereob-
tained,ledusto favor semi-automatedsegmentation.For futurework weareinclined
to usemoresophisticated,(near-) automaticsegmentationmethods(e.g., thosebased
on morphology(RobbandHanson1996)or multiresolution(Vinckenet al. 1995)),
wheresuitablechoicesand propertools shouldreducethe workload significantly.
Furthermore,it is apparentfrom our own work presentedin Chapter2 that various
segmentationtasksallow completeautomation.Consequently, an observer canbe
offeredreproducibleintegratedvisualizationsthatrequirenouserinteraction.

Themostobvioushandicapof thedescribed2Dmultimodalityvisualizationmeth-
odsis the inherentlack of 3D information(seealso(KeyesJr. 1990,Maisey et al.
1992)). The observer muststudyconsecutive slicesto mentallyreconstructthe 3D
pictureneededfor properdiagnosis,treatmentplanning,andcommunicationwith
the referringphysicianor surgeon. The following sectionwill discussseveral tech-
niquesfor 3D multimodality visualizationof functionalandanatomicalbrain data
thatalleviatethis task.

3.3.2 3D integrated display methods

Theapplicationof volumevisualizationtechniquesto display3D imageinformation
is steadilyincreasingin routineclinical work. For a rapidassessmentof functional
andanatomicalrelationsnuclearmedicinephysiciansinvestigateimagedatausing,
e.g., a MIP or a Bull’s eye display(Wallis 1992)andradiologistsusea MIP or a 3D
surfacevisualization.Furthermore,a3D representationcanimprovecommunication
with the referringspecialist(seealso(Wallis 1992)). The efficient presentationof
informationfrom multiple sourcesis evenmoredemandingasmentalintegrationof
thewealthof informationis nigh impossible.To assistcliniciansin extractingall rel-
evantinformationfrom thedata,several integrated3D visualizationtechniqueshave
beenreported.In this section,we review andpresenttechniquesfor 3D integrated
visualizationof functionalandanatomicalbrainimages.
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A B

Figure 3.6 Multimodalwindowdisplay. Frame(A) showsa volumetricrendering
of the brain from the MR–T1images(voxelgradientshading). In Frame(B) part
of the renderingis replacedby a MIP of the correspondingSPECTdata (colored
insert,lookuptableon theright).

A B

Figure 3.7 Multimodalcutplanevisualizationof a planethroughthefrontal lobe
tumorarea,with a voxelgradientshadedrenderingof thecortex fromMRI–T1as
a referenceframe. ThecutplaneshowsSPECTactivity with a numberof diagnos-
tic featurestransferred fromthecorrespondingMRI–T1andT2 slices. Frame(A)
showsthetumorareaandventriclesasfilled regionsanddifferentpartsof thebrain
outlinedbycontours,Frame(B) showstheboundarybetweengrey andwhitematter
plottedin purple. TheSPECTlookuptableis shownin themiddle. In bothimages
thethreearrow-shapedmarkersusedfor theregistrationof theseimagesareclearly
visible(seeSection3.2.1.3).
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3.3.2.1 Link ed feature display

Thelinkedcursordiscussedwith 2D adjacentdisplaycanbeextendedto 3D by cor-
relatinga locationin a 3D renderingto thecorrespondingpositionin a 2D imageof
anothermodality. Featureslike points,lines (Levin et al. 1989,Hu et al. 1990),or
planescanbe used. The possibilitiesto interactwith the displaymay be absentor
fairly limited, e.g., whena renderingfrom oneof thesix directionsof a cubeof data
containsaline indicatingoneof theimageslicesof anothermodality. However, when
ataskand/or anobserverdemandsfull interactionwith, e.g., aplaneandarendering
to indicateanobliqueimageslicein anothermodality, moreintricatetechniquesare
required.

3.3.2.2 Integrated data display

Volumetricstructuresasderivedfromvariousmodalitiesareintegratedintoonedataset
and subsequentlydisplayedby standardrenderingtechniques,e.g., as opaqueor
transparentsurfaces(Viergeveretal. 1992,Evansetal. 1996)or pointsandcontours
assingle,or multicoloroverlays(VandenElsenetal. 1991).

3.3.2.3 Multimodal window display

A 3D volumevisualization,althoughit createsa 3D illusion, is basicallya 2D rep-
resentationof theimagedataandall techniquesfor integrated2D displaycanbeap-
plied. We will discussthemultimodalwindow approach(seesection3.3.1.3)asthis
seemsthe mostpromisingof these’semi-3D’methodsfor 3D integratedvisualiza-
tion, but alsoto illustratetheconsequencesof volumevisualizationfor 3D integrated
visualization.

A ’window’ in avolumevisualizationof anatomicaldatarevealsthecorrespond-
ing partof thefunctionaldata.Oncethe3D renderingsof thefunctionalandanatom-
ical volumesareavailable,actualintegrationis very fast,asit only involvestheuse
of 2D cut-and-pasteroutines.

Figure3.6showsavoxel gradientshadingof thecortex from MRI–T1 with anin-
sertfrom amaximumintensityprojectionof theSPECTdataof theright hemisphere.
A tumorareais indicatedby thedeterioratedcorticalsurfacestructure(in front of the
window), andtheSPECTinsertindicatesa strip of increasedbloodperfusionin the
vicinity of thedamagedregion. Several researchershave presentedsimilar images,
e.g., for MRI/PET(Levin etal. 1989)andMRI/CT (Stimacetal. 1988).

A wide rangeof techniquescanbeappliedfor multimodalwindow visualization
of the functionalandanatomicalimages.’Hot’ or ’cold-spot’ visualization(Wallis
1992) and projectiontechniquescan be employed for 3D SPECTand PET visu-
alization. However, hot or cold-spotvisualizationrequiresa subjective threshold,
andthe projectiontechniques,like the MIP we appliedhere,generallyfall shortin
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conveying real3D information(Ehricke andLaub1990)andrepresenta viewpoint-
dependentareaof imageinformation, ratherthan local data. New techniquesfor
improved3D functionalvisualization,like themethodfor 3D SPECTvisualization
presentedby Hashikawaetal. (1995),will consequentlyalsoimprovethemultimodal
window display.

3.3.2.4 Multimodal cutplanedisplay

Theuseof cutplaneshasbecomeastandardtechniquein (singlemodality)volumevi-
sualization.Its establishedusein volumevisualizationindicatesthatit is a powerful
techniquefor theinvestigationof clinical datasets.Landmarksvisiblein avolumetric
renderingcanbeusedto positiona cutplanefor closeinvestigationof corresponding
data.In multimodalityvisualization,cutplaneshave beenused,e.g., in a volumetric
visualizationof skin from MRI andskull from CT, with two cutplanesrepresenting
theoriginalCT andMRI grey values(Schiersetal.1989)or in avolumevisualization
of the brain from MRI with a cutplanerepresentingfunctional information(Payne
andToga 1990). In Stokkinget al. (1994)functionaldatafrom SPECTimagesand
anatomicalfeaturesfrom MR imagesarepresentedon a multimodalcutplanein an
anatomicalframework suppliedby a3D renderingof thebrainfrom theMR images.
A cutplaneis basicallya 2D image.We usedtheresultsof 2D multimodalityvisual-
ization,wherewefavoredselective integrationof features,to guidetheintegrationof
SPECTandMRI dataon thecutplane.In Figure3.7theSPECTdataon thecutplane
arecolorencodedthrougha lookuptableandtheMRI–T1 andT2 characteristicsare
representedby conspicuouscolorsnotusedin theSPECTlookuptable.

3.3.2.5 Surfacetexturing and mapping

In functionalbrainresearch,oneof theprimaryregionsof interestis thegrey matter
of the folded surfacelayer (about2-10 mm thick). Integrationof informationcan
beperformedby texturemappingfunctionalinformationontoa surface(Payneand
Toga 1990),but this will only presenta small part of the interestingfunctional in-
formation in onecomprehensive image. A techniqueproposedby Valentinoet al.
(1991)first mapsa neighborhoodof functionalinformationontoananatomicalvol-
umefollowedby renderingof thecombinedvolume.Othermethodsaimmorespecif-
ically atmappingunderlyinggrey matteractivity ontothebrainsurfacerenderedfrom
anatomicaldata.Levin etal. (1989)usesa techniquethatsamplesfunctionalactivity
below thesurfacealongtheviewing direction,which introduces(localization)arte-
facts. TheNormalFusiontechnique(seealsoChapter4) overcomestheseartefacts
by spawning a secondaryray along the reversegradient(inward normal)at a sur-
face(in volumevisualizationthegradientis generallycalculatedto determineshad-
ing (Höhneet al. 1990))to samplelocal functionalactivity and,subsequently, color
encodethesampledinformationontothesurfacerenderedfrom anatomicaldata.The
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Figure 3.8 MultimodalSPECT/MRIvisualizationusingnormalfusion.Themax-
imumintensityof the SPECTsamplesalong the directionof the normalwasused
to color encodethebrain surfacevia a lookuptable(shownon theright). Top: in
stereo(cross-eyedviewing) a left frontal view of thehealthysideof thebrain. Bot-
tom: in stereoa right frontal view of theinflictedhemisphere. Thetumoris located
in the right frontal lobe, indicatedby the deterioratedstructure of gyri and sulci.
A comparisonof theleft andright frontal lobesclearly showsan areaof increased
cerebral bloodperfusionsurroundingthetumor.

approachhasbeenquitesuccessfulin simultaneousvisualizationof SPECT, PET, or
fMRI with structuralMRI (seeFigure3.8),andrecentresultswith SPECTandMRI
datahave confirmedthat this methodaddsdiagnosticvalueto straightforward inter-
pretationof theindividualslices(seeChapters4 and6).

Therenderingspresentedin Figure3.8 canbeusedfor left-right comparisonof
the hemispheres.This comparisonmay be alleviatedby usingdifferentprojection
approachestherebysupplyingroundaboutviews of thebrainin oneimage.We have
appliedtwo comparableapproachesusingcylinder andsphericalprojection(for an
exampleof thecylindermapseeFigure3.9). Othershave appliedsimilar techniques
in investigation of skull from CT images(Vannieret al. 1994),integrationof EEG
datawith anunfoldedbrain from MRI (Holländer1995),supplyinga spericalview
for radiotherapy planningbasedon CT images(Bendlet al. 1995),or unfoldingof
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Figure 3.9 Cylinder projection (frontal view) for integrated visualizationof
SPECTandMRI data.

SPECTdatafor theheart(Lamoureuxetal. 1990,Wallis 1992).

3.3.2.6 Discussionof 3D integrated visualization

Linked featuredisplay is an extensionof the linked cursorfor 2D displayandap-
pearsvery effective to indicatecorrespondingpositionsin differentmodalities.The
intricacy of theappliedinteractiontechniqueis bothtaskandobserverdependent.

Integrateddatadisplaycanbe a simpleandeffective techniqueto combinein-
formation from different sources,as long as the interestinginformation from one
of the modalitieshasbeenpreprocessedandbinarizedusinga point, line, or other
geometricalfeature.

Multimodal window displayis hamperedby problemsgenerallyencounteredin
volumevisualizationof functionaldata(seealso(Links andDevousSr. 1995)).How-
ever, it offersa quickassessment(sinceit is essentiallyanintegrationof 2D images)
of functionalinformationin ananatomicalframework.

Multimodalcutplanedisplayis capableof providing selective informationon in-
tegrationof functionalandanatomicaldatain onecomprehensive imagethat visu-
alizesthe planeof interestwith respectto a 3D anatomicalframework suppliedby
volumetricrendering.

Surfacetexturing appearsto presentlittle informationandclinical useis highly
questionable.The surfacemappingtechniqueswherethe viewing directionis used
for integrationmayresultin someappealingimages,but localizationproblemsseri-
ouslyhampersgeneraluse(asis indicatedby Hu etal. (1990)).Accuratelocalization
is obtainedusingtheNormalFusiontechnique(seeChapter4), wherethelocal cur-
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vatureof thesurfaceis usedfor integration.Thismethodpresentsinformationabout
thebloodperfusionin thesurfacelayerof corticalgrey matterwithin ananatomical
frameof reference.

Thetechniquesdescribedin this chaptercanbefurtherenhancedby makinguse
of stereoor animatedimages.Theimproveddepthperceptionfrom stereoimagesis
demonstratedin Figure3.8.Animationstronglycontributesto 3D perceptionandwe
referto ourweb-site(http://www.cv.ruu.nl).

3.4 Conclusions

Researchof multimodalityimageregistrationhasmadehugeprogressin thelastfew
years.Especially, intrinsicmethodsbasedonvoxel similarity criteriahave improved
significantlywith maximizationof Mutual Informationas the most promisingap-
proach.

Thereis a wide varietyof methodsfor integrateddisplay. Which methodis best
in a specificsituationdependson theimageunderstandingtaskto beperformedand
individual preferencesof the observer. In many applications,a 2D displayin grey
or color of oneor moreslicesof theprimarydiagnosticmodality, overlaidby rele-
vantstructures(points,contours,objects)from anothermodalityappearsto bequite
appropriate.Volumetric(3D) integrateddisplay is calledfor in somecases,but is
certainlynotoptimalfor all interpretationtasks.
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