Renderingtechniquesfor multimodal data
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Abstract Mary differentdirectvolumerenderingnethodshave beendeveloped
to visualize 3D scalarfields on uniform rectilineargrids. However, little work
hasbeendoneon renderingsimultaneouslyariouspropertiesof thesame3D re-
gion measureadvith differentregistrationdevicesor at differentinstantsof time.
Thedemandor thistypeof visualizationis rapidly increasingn scientificappli-
cationssuchasmedicinein which the visual integration of multiple modalities
allows a bettercomprehensiowf the anatomyand a perceptionof its relation-
shipswith actiity. This paperpresentglifferentstratgiesof Direct Multimodal
Volume Rendering(DMVR). It is restrictedto voxel modelswith a knovn 3D
rigid alignmenttransformationThe paperevaluatesat which stepsof therender
ing pipelinemustthe datafusion be realizedin orderto accomplistthe desired
visual integrationandto provide fastre-rendersvhen somefusion parameters
aremodified.In addition,it analyzeshow existing monomodalisualizational-
gorithmscan be extendedto multiple datasetsandit comparegheir efficiency
andtheir computationatost.

1 Intr oduction and previous work

In scientificstudiesit is oftenrequiredto work ondifferentpropertieof a3-D regionor
onvariousmeasurements the samepropertycapturedvith differentdevicesandeven
with the samedevice but at differentmomentsin time. For simplicity, we will herein
usethe term of multimodalityto referto thesethreecasesalthoughstrictly speaking
only thetwo formercasesactuallyusedifferentcapturemodalities.

Medicalapplicationsarea goodexampleof the increasingdemandor multimodal
systemsableto dealsimultaneouslywith variousdataset®f a sameregion [1]. Com-
puterTomography(CT) togetherwith MagneticResonancémaging(MRI) provide a
larger and bettersggmentedperceptionof anatomicalstructuresThe combinationof
MRA (Angiography)with MR dataof the brain allows physiciango predicteventual
cerebraldamageproducedby vascularaccidentsuchasaneurysm®r haemorrhages.
Finally, the integrationof MR datawith functionalmodalitiessuchasSPECT(Single
PhotonEmissionComputedTomography)and PET (PositronEmissionTomography)
is the key to thelocalizationof smalltumorsthatappeamwhenconjugatinganatomical
informationwith physiologicalabnormalitiesThe simulationspresentedn this paper
arefrom medicalimages However, thediscussions valid aswell for othermultimodal
applications.



Theintegrationof differentdatasetpresentshreemainproblems:

— Data Rajistration, i.e., finding a geometricatransformatiorto align the datasets.
This stepis necessarywheneerthedifferentpropertiesarenot capturecgsimultane-
ously Differentapproachesxist to solve this problem[16], [6], [7], mostlybased
onrigid transformations.

— Datamodelingi.e.,finding accuratelatastructuresableto represenvariousprop-
ertiesatdifferentresolutionsvhile skippingoverirrelevantdata.Little researcthas
beendoneon this problem[18], [17]. Most researcthasconcentratean dealing
with hybrid (surfaceand volume) data[9] but the proposalof efficient multiple
volumemodelsis still anopenproblem.

— Multimodal rendering i.e. developing renderingstrategjies able to map different
propertiesgn auniquevisualization.

This paperfocusesat the last problem.It is restrictedto rigid transformationde-
tweenmodelsthatarealreadyknown or thathave beencomputedn a previousstep.In
addition,it is supposedhroughouthetext thattheinitial datasetarevoxel models.

Many differentdirectvolumerenderingmethodshave beendevelopedto visualize
3D scalarfields on uniform rectilineargrids. Two main stratgiesareused:(i) Indirect
Volume Rendering(IVR), which consistsof renderingpolygonalmodelsof surfaces
of interestextractedfrom the volume datase{12], and (ii) Direct Volume Rendering
(DVR). Indirect Multimodal Volume Rendering(IMVR) is ratherstraightforvard, as
surfacescanbeextractedfrom thedifferentdatasetandrenderedimultaneouslysing
classicakurfacerenderingmethodsHowever, it is not alwaysthe bestoption.On one
hand,it is not easyto fit surfacesin all datasets,speciallyin SPECT which arevery
fuzzy. Ontheotherhand,surfacesfrom differentmodalitiesoften coincidepartially or
totally, which may causeartifactsin the visualizationandgive poorvisual cluesof the
representedtructuresFinally, althoughsurfacerenderings generallynicerthanDVR,
it conveyslessinformation.

This paperaddresseBirect Multimodal VolumeRendering DMVR). Themainre-
lated previous papersare basedon the raycastingmethod.In [3] raysarecastthrough
nonoverlappingvolumessothatno actualdatafusionis done [22] developedthe“Nor-
mal fusion” strate@y for MR and SPECTaligneddatasetseachray is castthrougha
sgmentedVRI dataserepresentinghe brain surface.The surfaceis shadedusinga
cornventionallight model. Its locationis next usedasthe startingpoint of the ray in-
tegrationthrougha given depthinside the SPECTdataset.The renderingshavs the
SPECTvaluesbelow the MR brainsurface.Finally, [2] discusamplementatiorstrate-
giesof theraycastingipelinefor theintegrationof CT, sggmentedCT anddistribution
radiotherag dosealigneddata.Specifically the authorsproposethreedifferentinter
mixing approachesmage-level intermixing (i.e. imagememing), accumulation-leel
intermixing (opacitiesandintensitiesmixing alongtheray) andillumination modelin-
termixing (optical propertieamixing).

The goal of this paperis to addres©MVR from a generalperspectie. We define
ageneraframeanork thatincludesthe differenttypesof multimodalrenderingDMVR
is analyzedfrom various perspecties: the end-userrequirementsthe fusion criteria
andthe renderingalgorithmsadaptvity. The paperis structuredasfollows. Section2



presentsherequirementsf a multimodalrendering Section3 analyzesatwhich steps
of therenderingpipelineshouldthefusionbedonein orderto fulfill theserequirements.
Section4 discussefiov known renderingalgorithmscanbe extendedto supportmul-
timodaldata.Finally, in Section5, somepracticalsimulationsareevaluated)eadingto
theconclusions.

2 Requirements

2.1 Multimodal renderingmodes

Thefirst requiremenbdf multimodalrenderingconcernghetype of desiredvisualinte-
gration.Two differenttypesof multimodaldatavisualizationshouldbe provided:

— Renderingone propertyper point. Therearetwo mainapplicationsof this type of
rendering:

¢ Complementaryata:the propertyshown is the samefor all samplesThe fi-
nalimagelookslike amonomodatenderingalthoughvariouspropertiehave
beenusedduringtherenderingpipeline.A typical exampleof thatis thefusion
of CT and MR modalitieswhich both representanatomicalinformation but
thatoutline differenttissues.Thesetwo typesof datacanbe combinedduring
renderingo bettersggmentanatomicaktructures.

¢ Supplementardata:for eachsampleof thevolumedataa decisionis madeon
which propertymustbe shaovn at this location.Only onepropertyis rendered
for eachsampleput it doesnot needto bethe sameln someway, thisrender
ing simulateghatthevolumedatais subdvidedinto disjunctmonopropertye-
gions.An exampleof supplementargatarenderingwould be combiningMR
with MRA, in suchawaythatMR dataareshavn atsamplesvhereMRA val-
ues(which capturevascularstructuresiare not consideredelevantaccording
to auserdefinedcriterion,andonthecontrary only MRA is shovn atrelevant
locations Fromamedicalpointof view, MR datawould give areferencdrame
to betterunderstandiRA.

— Renderingvariouspropertieper point. In this type of renderingjt is assumedhat
eachpropertyrepresenta differentmaterialandanactualfusionof thesematerials
is doneduring rendering.An exampleof this would be shaving simultaneously
anatomicahndfunctionalinformationasfor instanceMR andPETor SPECTThe
difficulty hereis to find visualcluesto realizea meaningfufusion. Typically, in the
fusionof two modalities gray valuesareusedto maponepropertywhile the other
onebringshuebut moresophisticate¢ombinationcanbedone.

Thesecondequiremenbf multimodalrenderings to provide flexibility in chang-
ing fusionparametersihatevervisualintegrationmodeis used multimodalrendering
mustgive meanf modifying thefusioncriteriaandfastrevisualizingthe data.

Another desirablefeatureis the stability of the renderingunder modificationsof
thevisualizationpipelineparameterscameralight sourceandtransferfunctions.This
latteraspecis a key pointin DMVR becaus®f theintrinsic difficulty in fixing them.
Althoughwork is on progresgo automaticallysetthesefunctions,the trial-and-error



methodis still one of the mostused.In multimodal data,classificationis even more
comple becausegherearemoreinterrelatecbarameters.

In addition,an importantpoint is if the renderingneedsthe initial modelsto be
alignedor if it canwork ontheoriginal datasetsapplyingon-linethealignmenttrans-
formation.

The fulfillment of theserequirementslependspn one hand,on the stageof the
renderingpipelinein whichthefusionis applied andontheotherhand ontherendering
algorithmused.

3 Fusionpipelines

3.1 Monomodal rendering pipeline

Letfirstdiscusgheshadingnodelusuallyusedfor renderingnonomodatcalardatain
orderto betterevaluatehow thevisualintegrationmodessxposedn theprevioussection
fit into the renderingpipeline.We hereinusethe commonassumptionn volumeren-
deringof scientificdatathatthemediahaslow albedcandthus,anemission+absorption
model[13] is sufficient for shadingvolumedata.The amountof light of wavelengthA
comingata pointx throughaviewing directionw is I (x,w):

L
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whereC, (I,w) is amountof light emittedat | in directionw, p(l) is the extinc-
tion coeficientat| andthe exponentialterm modelizeghe attenuatiorof light dueto
absorptiorbetweerx andl. L is theintegrationlength.
This integral equationis approximatedhroughRiemannsumsby subdviding the
viewing raysinto a setof n intervals, suchthatthe emissionof anintenal 5 is C,(s)
andtheaccumulatedpacityis a(s)
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In this work we have consideredwo typesof shadingdependingon the how the
emissiontermis computed:

— Volume Shading:emissionis a function of the propertyvaluein the interval s:
Cy(s,w) = E\(s,w). Assumingthat the emissionis the samein all directions:
Ci(s) =Ex(s)

— Surface-and-9glume Shading:emissionis computedas the sum of the Volume
ShadingplusaLambertor aPhongshadingmodelin theintervalswherethesurface
gradientis significantenough:

nls

Cr(s,W) = Ex(S) + laakaOa + Z ItA(kaOgr *N-Lt) + (ksOa\Rf -w)  (3)
=1



beingls, f = 1..nlstheintensityof the nis light sourcegeflectedin the surface
passinghroughtheinternval s, N thenormalvectorandR; the reflectedvectorat

S.

The materialoptical propertiesof theseformula, i.e. the opacity a, the emission
E andthe surfaceproperties(ka, Kq, ks, Og, Os andn) are computedthroughtransfer
functionsrepresentedyy look-up-tablesndexed with the propertyvaluecomputedor
thesampleinterval.

Themonomodatenderingpipelinefor asamplenterval is representedtthetop of
Figurel. It consistof thefollowing steps{(i) propertyvaluecomputation(ii) gradient
computation,(iii) classificationi.e. optical propertiescomputation,(iv) shadingand
(v) composition Volumerenderingalgorithmsdiffer onefrom eachotherin how they
discretizetheviewing raysandin the orderin which they performthesedifferentsteps.

3.2 Multimodal rendering pipeline

LetV beavolumetricregionandpz, p2, .. pn asetof n scalampropertyfunctionsdefined
overV. For all pointx, x € V, thei-th propertyvalueof x will bedenotedas p;(x) and
its i-th gradientvalueg;(x). Notethat pj(x) andgi(x) canbedirectly a sampledataset
valueor aninterpolatedsalue.

Thefusionof datafor multimodalrenderingcanberealizedat ary stepof theshad-
ing pipeline. Therefore we distinguishfive typesof multimodalrenderingprocesses:
(i) Propertyfusion, (i) Propertyandgradientfusion, (iii) Materialfusion,(iv) Shading
fusionand(v) Colorfusion.

Property Fusion (PF)

The differentpropertyvaluesare composedt the beginning of the renderingpro-
cess.Oncethe property resultingfrom the fusion function has beencomputed.the
renderingpipelineproceedsasfor monomodabata(seeseconddrawing in Figurel).
Specifically the gradientvectorsarecomputedafterthe fusion,on the basisof the new
propertyvalues.

The propertyvalueat a samplelocationx of the volumesetis computedusingan
n-parameterize@linction of the n original propertyvalues.A particularcaseof sucha
fusionfunctionis alinearcombinationof the differentelementgo be mixed:

P09 = 3 Bron )+ P @

being Bprop (X) = fi(pj(X),j = 1...n) suchthatVi = 1...n,Bprop (x) >= 0.0 and
>iz1Bprop () = 1.0

Bprop (X) canbe implementedasn valuedtransferfunctionsthatfor a given com-
bination of propertiesindicatethe weight of eachof them. The propertyfusion (PF)
fits well theone-property-pepoint multimodalrenderingnodeldescribedn section?.
Specifically for complementarylata,the fusion function actsasa segmentatiorfilter.
The new computedvaluesrepresenthe materialwhich is morelikely to be presentat
this locationtakinginto accountll theoriginal propertyvalues WhenfunctionBprop is
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definedasabinaryfunctionoverthedomain0, 1 only onepropertyis shavn in thefinal
renderingandthus,a one-property-pepoint of supplementarpropertiess achieved.

Obviously, PFis not suitablefor renderingvariouspropertiegerpoint, astheorig-
inal dataarelostatthe beginningof thefusion.

This type of fusion is stableundermodificationsof the camerathe light model
andthetransferfunctionbecausehefusionoccursat the beginningof the pipeline.On
the contrary changesn the fusion parametersi.e. on the function Bprp, requirethe
renderingprocesdo becompletelyre-done.

Property and Gradient Fusion (P&GF)

n propertyvaluesand n gradientvectorsat a samplelocation, are usedto com-
puteuniquematerialpropertiesatthislocation.Theremainingstepsof themonomodal
shadingpipelineare next executedorderly (seethird schemeFigure 1). The fusionis
achieved by designingtransferfunctionsof 2 n parameters.e. performinga 2 x n-
parameterizedlassificationThis canberepresenteds:

mat(x) = clas((p1(x), 92(x)); -, (Pn(X), Gn (X)) ()

P&GF is essentiallysimilar to PE It actsasa segmentatiorfilter, usefulfor one-
property-pespoint multimodality but not suitablefor multiple propertiegper point. By
oppositeo PF, P&GF useghegradientvectorsof all individual propertiesn the classi-
fication. Thegradientinformationeasesheedgesietectiorandthuscanprovide neater
fusion.

P&GF sharesvith PFthefacility of cameraandlights modificationsModifications
in thetransferfunctionareactualfusionmodificationsandprovoke the whole pipeline
to berecomputed.

Figure2 shavs a 2D exampleof PF and P&GF modes.The original imagesare
from CT (upperleft image)andfrom MR (upperright). The lower left imageis an
exampleof PE Voxelswith high CT intensityhave replacedVIR values.Thereforethe
imageshavstheskull aswell asthebrain.In thelowerrightimage only high CT value
having a significantgradienthave beenreplaced The imageshavs two new contours:
theinternalandthe externalskull walls. Voxelsbetweerthesetwo boundarieshow the
MR value.

Material Fusion (MF)

n propertyvaluesandn gradientvectorsata sampldocationarecomputedandnext
n classificationprocessesire realizedseparatelyThen, given n materialsa fusion of
themis donethatgivesoneuniqguematerialper point (Secondpipelinein Figurel). A
simpleimplementatiorof this consistof applyingalinearcombinationof materials:

M) = 5 B (0 e ) ©

being Bma; (X) = f(ma;(x),j = 1...n) suchthat Vi = 1...n,mg (x) >= 0.0 and
Zin=1 Bmai (x)=1.0



Figure2.PFandP&GFfor CT andMRI data.

Note that, asfor PF, 3 functionscanbe constantor may vary. In the latter case,
they cancanbeimplementedasn valuedtransferfunctionsof materialcombinations.
Materialfusionis similarto illuminationmodelintermixingusedn [2]. Themeaningof
amaterialfusionis ratherdifferentfrom thetwo previousmodesin fact,thismodedoes
notintendto simulatea real mixture of materialsasit is ratherimprobablethatsucha
physicalmodelis known. Instead,t triesto simulatethe presencef all the materials
separatelput with differentoccupany. It is somavhatthe oppositeof theclassification
modelproposedn [4]. In thatclassificatiorschemethe actualcompositionof a voxel
is determinedy computinghemostprobablecombinatiorof materialghatcouldhave
giventhe voxel value.On the contrary in materialfusion, it is the userwho fixesthe
weightsof the differentmaterialsgiving more or lessimportanceto someproperties
overtheothers.

Lik e propertyfusion, materialfusionis suitablefor one-property-pepoint multi-
modalrenderingvhenBna functionsarebinary. However, it is alsousablaf morethan
onepropertyshouldbe mappedatthe sameocationusingPma functionsto weightthe
materialquantitiesat eachsample asexposedabove.

Changesn thefusionfunction(Bma) needonly fusion,shadingandcompositiornto
bere-doneHowever, modificationsof ary of the propertytransferfunctionchangehe
pre-classifiednodelsandmay evenrequiretuning the materialfusion function. Thus,
this modalityis worthto be appliedon pre-classifieanodels.

As thepreviousmodalities MF allows cameraandlight changebecaus¢hefusion
is previousto color computation.



ShadingFusion (SF)

This methodusesn optical propertiescomputedseparatelyor all the propertiesas
aninputof theshadevaluecomputatior(fourthschemen Figurel). Assumingalinear
combinatiorof the optical parameterghe VolumeShadingformulais substitutedy:

G\(x) = i Bshacs Ei, (X). (7)

while the VolumeandSurfaceShadings :

nls

C(xw) = ZBshach(Ei)\(X) + laaka Oa; + (Z L2 (Kg Oap; * Ni - L) + (Ks Og\ Ry - W)
= =
(8)

If Volume-Shadingds applied,this modegivesthe sameresultsas MF. However,
whenSurface-Shadings applied,asthelight sourceseflectionis computedseparately
for eachsurfaceandnext weighted the surfacesaremoredistinguishable.

For changeof the fusion parametersr of the viewing parametersthis modality
is similarto MF. In particular fusionmodificationsaremoreefficient on pre-classified
models.

Color Fusion (CF)
The last methodsimply mixesthe n RGBa valuescomputedthroughn shadingpro-

cesseglastschemen Figurel). A simpleimplementatiorof it is alinearcombination
of colors:

€09 = 3B (9469 ©

beingBc, (X) = f(Cj(X), j = 1...n) suchthatVi = 1...n,B¢ (x) >=0.0andS L, B (X) =
1.0

This type of fusionis well adaptedo multiple propertiesper point renderingbut
it is not suitablefor one-property-pepoint. Its main advantages that changesn the
fusionparameterareveryfaston pre-shadedhodels However, changesn theviewing
parameterprovoke the full pipelineto be recomputedf Surface-Shadingvith specu-
larity is applied.Light modelor transferfunction changegprovoke the whole pipeline
recomputatiornin all cases.

4 Renderingmethods

Nowadays,thereare four main DVR paradigmsraycasting[11], splatting[19], 3D
texture-mapping8] andsheafwarp[10]. Many improvementn theseoriginal papers
have beendevelopedin the lastyears.A practicalevaluationof themis presentedn
[15]. We next analyzetheir adequag for multimodalrendering.



4.1 Alignment

As mentionedin Sectionl, mostresearctpaperson multimodalrenderingare based
on raycasting.The main advantageof raycastingfor multimodality (MDVR) is that,
exceptfor discreteraycasting21], the differentmodelsdo not needto have the same
orientationandresolution Assumingthattheregistrationtransformatiorbetweermod-
elsis known, it is asif eachmodel hasits own local coordinatesystem.Thus, each
samplepoint of aray is corvertedinto the local coordinatesystemof eachmodelin
orderto determineto which voxelsthe samplebelongs.The samplevalueis therefore
interpolatedbetweenthesedifferentvoxel verticesvalues.If no interpolationis done,
i.e. if the propertyvalue at a samplepoint is directly setto the value of the voxel to
which the samplebelongs(voxel-basedenderingby oppositeto cell-basedrendering
accordingto [20] notation),samplingwould actually integrate different 3D regions,
whichwould notbetotally correct. However, voxel-basedenderingis moreoftenused
in object-ordemethodsandit is notvery usefulin raycasting.

Object-ordemethodssuchassplattingand 3D texture-mappingaswell asthe hy-
brid sheaswarp paradigmfacedifferentproblemsin renderingsimultaneouslyarious
modelswith differentsizeandorientationsFirstof all, thedepthcompositioris notcor-
rectin volumeslicestraversalsof modelshaving differentorientationsThis problemis
avoidedwhenrenderingis doneby rasterizingslicesparallelto the imageplane,asit
is donein texture-mappingBesidesgvenif the orientationof the modelsis the same,
if theresolutionis different,the opticaldepthof the pixelsontowhich voxelsprojectis
not the sameandthustheir compositionis not correct.In particular sheaswarp needs
pixel pervoxel ratiosaboutl or 2 andthus,it would notsupportargerprojectionin one
of the datasetdUp to now, noneof thesemethodsaredirectly applicableo non-aligned
datasetsin addition,revoxelizing the modelsinto the samecoordinatesystemandwith
the sameresolutionis computationallyexpensve andit addsan extra interpolationer-
ror.

4.2 Adaptivity to multiple properties

As mentionedabove, the extensionof raycastingo multiple datais straightforvardfor
aligneddatasetsaswell asnon-alignednes.

Splattingon variousaligneddatasetss also simple. Two main stratgies can be
applied:eitherthe voxelsareslicedin planesparallelto the viewing planeor they are
traversedn theiroriginal BTF or FTB ordet In bothcasedor PF, P&F, MF andSFthe
fusion mustbe doneat the voxel level, beforeactually splattingit. CF insteadcanbe
doneaftersplattingby compositingthe projectionsheets.

The extensionof sheafwarpto multimodaldatais, by now, the mostcomplicated
one.Ononehand,shearwarprequireshreesetsof voxel run-lengthencoding ponefor
eachmajorviewing directions.This is seriousdravback,asin ann multimodalstudy
thetotal memoryrequirementvould be of 3% n models.On the otherhand,the simul-
taneoudraversalof differentRLE shouldbe studiedin depthto keepup the efficiency
of theoriginal method.

The useof texture-mappinds limited to expensve hardware. However, it is the
probablyfastestenderingmethod Its extensionto multiple alignedvolumess straight-
forwardfor RGBa volumedata[5]. Its mainlimitationis its highmemoryconsumption,



which provokesa lot of brick swap for large monomodakolumesandmuchmorefor
multimodal data, that requiren volume bricks mustbe residentin the texture mem-
ory simultaneouslyMultimodal studiesrequirethus brick sizesto be smallerthanin
monomodatendering.

4.3 Suitability for the five fusion strategies

Splattingandraycastingyive higherimagequalitythansheafwarpandtexture-mapping
but at a highercost. An importantfeatureof ray-tracingis thatit actuallyinterpolates
in 3D the samplepropertyandgradientvalues.Thus,benefitingfrom pre-classifiedr

pre-shadednodelsfor MF, SFand CF, would speedit up but at the costof reducing
imagequality. So,raycastingseemanoresuitablefor PFandP&GF On the contrary

assplattingandsheatwarp algorithmsactuallyuseonepropertyvaluepersampleand

interpolatein 2D, they would take advantageof pre-classifiecand pre-shadednodels
for MF, SFandCF. RGBa texture-mappings suitablefor pre-shadedolumeandthus
is suitablefor the CM pipeline.Severaltechnique$ave beendevelopedio addshading
capabilitiesto monomodaltexturing [14]. However, their adaptatiorto multimodality,

whichwould extendthe usability of thistechniqueo the otherfusionpipelines hasnot

yetbeenstudied.

5 Simulations

The simulationshave beenrealizedon a 190x220x178nultimodalstudycomposedf
2 bytes-intensityMR images,1 byte-intensitylabeledimagesand 1 byte per channel
(RGB) SPECTimages.The label modelrepresentshe sggmentedanatomicakegions
of thebrain.SPECTandMR werenotoriginally aligned.

Five differentfusionmodalitieshave beenrealizedusingraycastingandsplattingon
a SunUltra 60 360MHz.CF hasalsobeentestedwith texture-mappingn SGI Octane
with 4MB of texturememory Therenderingime wasmuchhigherthanin monomodal
rendering,as the datasetid not fit in texture memory The texture-basedendering
time for a CF monomodaldatasefs around1.2 secondsout it triplicates(3.7) for the
multimodaldataset.

Raycastindhasbeendoneontheoriginal, nonaligneddatasetbut SPECTandMR
have beenalignedfor splattingwith a rigid afinetransformatiorconsistingof several
axis-rotationplus scaling.This operatiorhasa low costbut it introducesanadditional
errorin thesamplingorocessSpecificallyin thisdatasettheaveragerelative difference
betweerray samplevaluesnterpolatedn theoriginalmodelandin thetransformeane
is 0.0140perchannel.

For bothsplattingandraycastingheratio pixelspervoxel is around4. This is why
thecomputationatostof splattingandraycastings approximateljthe samelt should
be notedthat no early terminationcriteria have beenusedin the tests.Specifically
splattingcostis 0.069% lower thanray-castingn all thetests.

Computationakostsare summarizedn Table 1. Times correspondo raycasting
but apply aswell for splattingwith the correctionfactor For eachpipelineexceptfor
PF, two costshave beencomputedfull pipeline(secondcolumn)andreducedoipeline



(third column)using(i) precomputedradientdor P&GF, (ii) preclassifiediatafor MF
andSFand(iii) preshadedolumesfor CF.

FusionMode Original Datasetdntermediatéviodelg
PF 125.102 -
PGF 129.662 89.102
MF 132.311 35.746
SF 127.251 33.807
CF 148.769 28.209

Table1. Computationatosts

As expected computationatostswithout pre-procesicreaseasthefusionis de-
layedin the renderingpipeline. However, refusionis faster Changedn the camera,
thelight sourcesor thetransferfunctionactuallyprovoke thewhole pipelinesto bere-
computedandthus,thelesscomputationallyexpensveis PFandP&GF by oppositeto
CE

Thefusionfunctionusedin the simulationare:(i) (PF, Color Plate3) replacingMR
valueswith high intensity SPECTvalues,(ii) (P&GF, Color Plate4) Fusionbetween
labeleddataandMR data:labeledvalueswith gradientsubstituteMR valuesin thecere-
bral cortex (red on the right andgreenon theleft), (iii) (MF, Color Plate5) Weighted
averageof SPECTandMR. The transferfunction only shavs surfaceMR valuesin-
dicatedby the labeledmodel,(iv)(SF, Color Plate6) Weightedshadingof SPECTand
MR Surface-andvolume materials,(v) (CF, Color Plate7) color blendingof shaded
MR andSPECTdata.

Notethatthefusionfunctioncostcanaffecttheoverallperformancef thepipelines.
Herethefusionusedin MF is morecomplec thanthe simple constantveightingused
in CE Thisexplainswhy MF andSM areslightly different.

6 Conclusions

This paperhasaddressethe problemof directrenderingmultimodalvolumemodels.
It hasstatedthe requirementf this type of visualizationandit has proposedfive

integrationmethodshatdiffer in the stepof the renderingpipelineat which thefusion

is done(PF, P&GF, MF, SF, CF). Thelastis thefusiondonein the renderingpipeline,
thefasteraremodificationson thefusionparameterbut thelesschangesn theviewing

parametersandlight sourcesare allowed. In addition, PF and P&GF are suitablefor

renderingonepropertyperpointwhile MF, SFandCF arebetterfor multiple properties
perpointrendering.

The suitability of differentrenderingalgorithmsto apply thesefive methodshas
beenevaluated It canbe concludedhatraycastingwhich is the more versatiletech-
nique,is probablythe mostsuitablemethodwhenone-propertyper point multimodal
PFandP&GF renderingarerequired.Splatting,sheatwarpandtexture-mappinglon’t
currentlysupportthe visualintegrationof non-aligneddata-setsHowever, for aligned



Figure3.PFexample.

datasetssplattingcorvenientlyfulfills therequirementef MF andSFmultimodalren-
deringpipeline.Finally, fastCF canbe donewhenhardwaretexture mappingis avail-
able.

Startingfrom thiswork, severalresearclinesareopenedFirst,thesheaiwarpRLE
traversalshouldbe extendedo multiple datasetsNext, the compositiorof non-aligned
datasetsvith object-orderand sheatwarp methodsshouldbe addressedn addition,
mucheffort is beingdonein theresearctof automatiaransferfunctiondefinition.Spe-
cial attentionshouldbepaidon n-parameterizeflinctionsthatareusein multimodality.
Finally, userfriendly interfacesshouldbe developedfor the input of n parameterized
fusionfunctions.
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Figure4.P&GF example.

Figure5.MF example.



Figure6.SFexample.

Figure7.CFexample.



References

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

. V. BarraandJ.Y. Boire. A generalframavork for the fusion of anatomicalndfunctional
medicalimages.Neuolmage, 3(13):410-4242001.

. W. Cai and G. Sakas. Dataintermixing and multivolume rendering. ComputerGraphics
Forum, 18(3):359-3681999.

. M. ChenandA. Leu. Parallelmulti-volumerenderingon distributedmemoryarchitecture.
First EG Workshopon Parallel GraphicsandMsualization pagesl73—187,1996.

. R.A. Drebin, L. Carpenterand P. Hanrahan. Volume rendering. ComputerGraphics
22(4):65-74August1988.

. G. Eckel. Openglvolumizerprogrammes guide. Document. 007372000,11999.

. PA.v.d.Elsen.MultimodalityMatching of Brain Images PhDthesis UtrechtUniverity, June
1993.

. M. FerreandD. Tost. Integrationof multimodaldatabasedn surfaceregistration.Proceed-
ingsof METMBS01pages/3—-77,June2001.

. A. VanGelderandK. Kim. Directvolumerenderingwith shadingvia 3d textures.Proceed-
ingsof 1996 Symposiunon Visualization page23-30,1996.

. K. KreggerandA. Kaufman.Mixing translucenpolygonswith volumes.ProceedingsEEE

\isualization pagesl91-198,1999.

P. LacrouteandM. Levoy. Fastvolumerenderingusinga sheatwarp factorizationof the

viewing transformation ACM ComputerGraphics 28(4):451-458July 1994.

M. Levoy. Efficientray tracingof volumedata. ACM Transaction®n Graphics 9(3):245—

261,July 1990.

W.E. LorenserandH.E. Cline. Marchingcubes:A high resolution3d surfaceconstruction

algorithm. ACM ComputerGraphics 21(4):163-169July 1987.

N. Max. Opticalmodelsfor directvolumerendering. |[EEE Transactionson Misualization

and ComputerGraphics 1(2):99-108,Junel995.

M. MeissnerU. Hoffmann,andW. Straber Enablingclassificatiorandshadingfor 3d tex-

turemappingbasedsolumerenderingusingopenglandextensions Proceeding$EEE Visu-

alization page207-214,1999.

M. Meissner J. Huang,D. Bartz, K. Mueller, andR. Crawfis. A practicalevaluationof

popularvolumerenderingalgorithms.Proceeding®f VolumeMsualization200Q pages81—

91,2000.

C.A. Pelizzari,G.T.Y. Chen,D.R. Spelbring,R.R. WeichselbaumandC.T Chen. Accurate

three-dimensionakgistrationof ct, pet,and/ormrimagef thebrain. Journal of Computer

Assistedlomayraphy 13(1):20-26Januaryl1989.

TostD. Puig,A. andl. Navazo.A hybrid modelfor vasculatreestructures Data isualiza-

tion, Springer Verlag, Eds.W. deLeeuyR. Van Liere, 2000.

U. Tiede,T. SchiemannandK.H. Hohne.High quality renderingof attributedvolumedata.

ProceedingdEEE Visualization pages255-262,1998.

L. Westwer. Footprintevaluationfor volumerendering. ComputerGraphics 24, August

1990.

J.WilhemsandA. VanGelder A coherenprojectionapproachor directvolumerendering.

ACM ComputerGraphics 25(4),July 1991.

R. Yagel,D. Cohen,andA. Kaufman. Discreteray tracing. IEEE ComputrGraphicsand

Applicactions5(12):19-281992.

K.J. Zuideneld, A.H.J. Koning, R. Stokking,J.B.A. Maintz, F.J.R. Appelman,and M.A.

Viergever. Multimodality visualizationof medicalvolume data. Computerand Graphics

20(6):775-7911996.



