
Renderingtechniquesfor multimodal data

MariaFerré1, AnnaPuig2, andDaniTost2

1 Dept.EnginyeriaInformàticai Matemàtiques
Rovira i Virgili University

CarreteradeSalou,s/n43006Tarragona,Spain
mferre@etse.urv.es

2 Dept.Llenguatgesi SistemesInformàtics
UniversitatPolitècnicadeCatalunya

Avda.Diagonal,647,
Barcelona,08028,Spain.

{anna, dani}@lsi.upc.es

Abstract Many differentdirectvolumerenderingmethodshavebeendeveloped
to visualize3D scalarfields on uniform rectilineargrids. However, little work
hasbeendoneonrenderingsimultaneouslyvariouspropertiesof thesame3D re-
gion measuredwith differentregistrationdevicesor at differentinstantsof time.
Thedemandfor this typeof visualizationis rapidly increasingin scientificappli-
cationssuchasmedicinein which the visual integrationof multiple modalities
allows a bettercomprehensionof the anatomyanda perceptionof its relation-
shipswith activity. This paperpresentsdifferentstrategiesof Direct Multimodal
VolumeRendering(DMVR). It is restrictedto voxel modelswith a known 3D
rigid alignmenttransformation.Thepaperevaluatesatwhichstepsof therender-
ing pipelinemustthedatafusionbe realizedin orderto accomplishthedesired
visual integrationand to provide fast re-renderswhensomefusion parameters
aremodified.In addition,it analyzeshow existing monomodalvisualizational-
gorithmscanbe extendedto multiple datasetsand it comparestheir efficiency
andtheircomputationalcost.

1 Intr oduction and previouswork

In scientificstudies,it is oftenrequiredtoworkondifferentpropertiesof a3-Dregionor
onvariousmeasurementsof thesamepropertycapturedwith differentdevicesandeven
with the samedevice but at differentmomentsin time. For simplicity, we will herein
usethe term of multimodalityto refer to thesethreecases,althoughstrictly speaking
only thetwo formercasesactuallyusedifferentcapturemodalities.

Medicalapplicationsarea goodexampleof theincreasingdemandfor multimodal
systemsableto dealsimultaneouslywith variousdatasetsof a sameregion [1]. Com-
puterTomography(CT) togetherwith MagneticResonanceImaging(MRI) provide a
larger andbettersegmentedperceptionof anatomicalstructures.The combinationof
MRA (Angiography)with MR dataof thebrainallows physiciansto predicteventual
cerebraldamageproducedby vascularaccidentssuchasaneurysmsor haemorrhages.
Finally, the integrationof MR datawith functionalmodalitiessuchasSPECT(Single
PhotonEmissionComputedTomography)andPET (PositronEmissionTomography)
is thekey to thelocalizationof small tumorsthatappearwhenconjugatinganatomical
informationwith physiologicalabnormalities.Thesimulationspresentedin this paper
arefrom medicalimages.However, thediscussionis valid aswell for othermultimodal
applications.



Theintegrationof differentdatasetspresentsthreemainproblems:

– Data Registration, i.e., finding a geometricaltransformationto align thedatasets.
Thisstepis necessarywheneverthedifferentpropertiesarenotcapturedsimultane-
ously. Differentapproachesexist to solve this problem[16], [6], [7], mostlybased
on rigid transformations.

– Datamodeling, i.e.,findingaccuratedatastructuresableto representvariousprop-
ertiesatdifferentresolutionswhile skippingoverirrelevantdata.Little researchhas
beendoneon this problem[18], [17]. Most researchhasconcentratedon dealing
with hybrid (surfaceand volume)data[9] but the proposalof efficient multiple
volumemodelsis still anopenproblem.

– Multimodal rendering, i.e. developingrenderingstrategies able to map different
propertiesin a uniquevisualization.

This paperfocusesat the last problem.It is restrictedto rigid transformationsbe-
tweenmodelsthatarealreadyknown or thathavebeencomputedin apreviousstep.In
addition,it is supposedthroughoutthetext thattheinitial datasetsarevoxel models.

Many differentdirectvolumerenderingmethodshave beendevelopedto visualize
3D scalarfieldson uniform rectilineargrids.Two mainstrategiesareused:(i) Indirect
VolumeRendering(IVR), which consistsof renderingpolygonalmodelsof surfaces
of interestextractedfrom the volumedataset[12], and(ii) Direct VolumeRendering
(DVR). Indirect Multimodal VolumeRendering(IMVR) is ratherstraightforward,as
surfacescanbeextractedfrom thedifferentdatasetsandrenderedsimultaneouslyusing
classicalsurfacerenderingmethods.However, it is not alwaysthebestoption.On one
hand,it is not easyto fit surfacesin all datasets,speciallyin SPECT, which arevery
fuzzy. On theotherhand,surfacesfrom differentmodalitiesoftencoincidepartially or
totally, which maycauseartifactsin thevisualizationandgive poorvisualcluesof the
representedstructures.Finally, althoughsurfacerenderingis generallynicerthanDVR,
it conveyslessinformation.

ThispaperaddressesDirectMultimodalVolumeRendering(DMVR). Themainre-
latedpreviouspapersarebasedon theraycastingmethod.In [3] raysarecastthrough
nonoverlappingvolumessothatnoactualdatafusionis done.[22] developedthe“Nor-
mal fusion” strategy for MR andSPECTaligneddatasets:eachray is castthrougha
segmentedMRI datasetrepresentingthe brain surface.The surfaceis shadedusinga
conventionallight model.Its locationis next usedasthe startingpoint of the ray in-
tegration througha given depthinside the SPECTdataset.The renderingshows the
SPECTvaluesbelow theMR brainsurface.Finally, [2] discussimplementationstrate-
giesof theraycastingpipelinefor theintegrationof CT, segmentedCT anddistribution
radiotherapy dosealigneddata.Specifically, theauthorsproposethreedifferentinter-
mixing approaches:image-level intermixing (i.e. imagemerging), accumulation-level
intermixing(opacitiesandintensitiesmixing alongtheray)andilluminationmodelin-
termixing(opticalpropertiesmixing).

Thegoalof this paperis to addressDMVR from a generalperspective.We define
a generalframework thatincludesthedifferenttypesof multimodalrendering.DMVR
is analyzedfrom variousperspectives: the end-userrequirements,the fusion criteria
andthe renderingalgorithmsadaptivity. Thepaperis structuredasfollows. Section2



presentstherequirementsof amultimodalrendering.Section3 analyzesatwhichsteps
of therenderingpipelineshouldthefusionbedonein orderto fulfill theserequirements.
Section4 discusseshow known renderingalgorithmscanbeextendedto supportmul-
timodaldata.Finally, in Section5, somepracticalsimulationsareevaluated,leadingto
theconclusions.

2 Requirements

2.1 Multimodal renderingmodes

Thefirst requirementof multimodalrenderingconcernsthetypeof desiredvisualinte-
gration.Two differenttypesof multimodaldatavisualizationshouldbeprovided:

– Renderingonepropertyperpoint. Therearetwo mainapplicationsof this typeof
rendering:� Complementarydata:thepropertyshown is thesamefor all samples.Thefi-

nal imagelookslikeamonomodalrendering,althoughvariouspropertieshave
beenusedduringtherenderingpipeline.A typicalexampleof thatis thefusion
of CT and MR modalitieswhich both representanatomicalinformationbut
thatoutlinedifferenttissues.Thesetwo typesof datacanbecombinedduring
renderingto bettersegmentanatomicalstructures.� Supplementarydata:for eachsampleof thevolumedataadecisionis madeon
which propertymustbeshown at this location.Only onepropertyis rendered
for eachsample,but it doesnotneedto bethesame.In someway, this render-
ing simulatesthatthevolumedatais subdividedinto disjunctmonopropertyre-
gions.An exampleof supplementarydatarenderingwould becombiningMR
with MRA, in suchaway thatMR dataareshown atsampleswhereMRA val-
ues(which capturevascularstructures)arenot consideredrelevantaccording
to auser-definedcriterion,andonthecontrary, only MRA is shown at relevant
locations.Fromamedicalpointof view, MR datawouldgiveareferenceframe
to betterunderstandMRA.

– Renderingvariouspropertiesperpoint. In this typeof rendering,it is assumedthat
eachpropertyrepresentsadifferentmaterialandanactualfusionof thesematerials
is doneduring rendering.An exampleof this would be showing simultaneously
anatomicalandfunctionalinformationasfor instanceMR andPETor SPECT. The
difficulty hereis to find visualcluesto realizeameaningfulfusion.Typically, in the
fusionof two modalities,grayvaluesareusedto maponepropertywhile theother
onebringshuebut moresophisticatedcombinationscanbedone.

Thesecondrequirementof multimodalrenderingis to provideflexibility in chang-
ing fusionparameters.Whatevervisualintegrationmodeis used,multimodalrendering
mustgivemeansof modifying thefusioncriteriaandfastrevisualizingthedata.

Anotherdesirablefeatureis the stability of the renderingundermodificationsof
thevisualizationpipelineparameters:camera,light sourcesandtransferfunctions.This
latteraspectis a key point in DMVR becauseof the intrinsic difficulty in fixing them.
Although work is on progressto automaticallyset thesefunctions,the trial-and-error



methodis still oneof the mostused.In multimodaldata,classificationis even more
complex becausetherearemoreinterrelatedparameters.

In addition,an importantpoint is if the renderingneedsthe initial modelsto be
alignedor if it canwork on theoriginaldatasets,applyingon-linethealignmenttrans-
formation.

The fulfillment of theserequirementsdepends,on one hand,on the stageof the
renderingpipelinein whichthefusionisapplied,andontheotherhand,ontherendering
algorithmused.

3 Fusionpipelines

3.1 Monomodal renderingpipeline

Let first discusstheshadingmodelusuallyusedfor renderingmonomodalscalardatain
ordertobetterevaluatehow thevisualintegrationmodesexposedin theprevioussection
fit into the renderingpipeline.We hereinusethecommonassumptionin volumeren-
deringof scientificdatathatthemediahaslow albedoandthus,anemission+absorption
model[13] is sufficient for shadingvolumedata.Theamountof light of wavelengthλ
comingatapointx throughaviewing directionw is Iλ

�
x � w� :
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�
x � w���

� L
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�
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�
l � w� is amountof light emittedat l in direction w, µ

�
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tion coefficient at l andtheexponentialtermmodelizestheattenuationof light dueto
absorptionbetweenx andl . L is theintegrationlength.

This integral equationis approximatedthroughRiemannsumsby subdividing the
viewing raysinto a setof n intervals,suchthat theemissionof an interval si is Cλ

�
si �

andtheaccumulatedopacityis α
�
si �

Iλ
�
x � w���

n

∑
i � 1

Cλ
�
si � w� α � si �

i 
 1

∏
j � 1

�
1 � α

�
sj ��� (2)

In this work we have consideredtwo typesof shadingdependingon the how the
emissiontermis computed:

– Volume Shading:emissionis a function of the propertyvalue in the interval si :
Cλ
�
si � w��� Eλ

�
si � w� . Assumingthat the emissionis the samein all directions:

Cλ
�
si ��� Eλ

�
si �

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

Cλ
�
si � w��� Eλ

�
si ��� IaλkaOaλ �

nls

∑
f � 1

I f λ
�
kdOdλ � N � L f ��� � ksOsλRf � w� (3)



being I f λ f = 1...nls the intensityof the nls light sourcesreflectedin the surface
passingthroughthe interval si , N thenormalvectorandRf thereflectedvectorat
si .

The materialoptical propertiesof theseformula, i.e. the opacityα, the emission
E andthe surfaceproperties(ka, kd, ks, Od, Os andn) arecomputedthroughtransfer
functionsrepresentedby look-up-tablesindexedwith thepropertyvaluecomputedfor
thesampleinterval.

Themonomodalrenderingpipelinefor asampleinterval is representedat thetopof
Figure1. It consistsof thefollowing steps:(i) propertyvaluecomputation,(ii) gradient
computation,(iii) classificationi.e. optical propertiescomputation,(iv) shadingand
(v) composition.Volumerenderingalgorithmsdiffer onefrom eachotherin how they
discretizetheviewing raysandin theorderin which they performthesedifferentsteps.

3.2 Multimodal renderingpipeline

LetV beavolumetricregionandp1 � p2 ����� pn asetof n scalarpropertyfunctionsdefined
overV. For all point x, x � V, the i-th propertyvalueof x will bedenotedaspi � x� and
its i-th gradientvaluegi � x� . Notethat pi � x� andgi � x� canbedirectly a sampledataset
valueor aninterpolatedvalue.

Thefusionof datafor multimodalrenderingcanberealizedatany stepof theshad-
ing pipeline.Therefore,we distinguishfive typesof multimodalrenderingprocesses:
(i) Propertyfusion,(ii) Propertyandgradientfusion,(iii) Materialfusion,(iv) Shading
fusionand(v) Color fusion.

Property Fusion (PF)

Thedifferentpropertyvaluesarecomposedat thebeginningof therenderingpro-
cess.Once the property resultingfrom the fusion function hasbeencomputed,the
renderingpipelineproceedsasfor monomodaldata(seeseconddrawing in Figure1).
Specifically, thegradientvectorsarecomputedafterthefusion,on thebasisof thenew
propertyvalues.

Thepropertyvalueat a samplelocationx of thevolumesetis computedusingan
n-parameterizedfunctionof then original propertyvalues.A particularcaseof sucha
fusionfunctionis a linearcombinationof thedifferentelementsto bemixed:

p � x���
n

∑
i � 1

βpropi � x��� pi � x� (4)

being βpropi � x� � fi � p j � x� � j � 1 ���!� n� such that " i � 1 ����� n,βpropi � x�$#%� 0 � 0 and
∑n

i � 1 βpropi � x��� 1 � 0
βpropi � x� canbe implementedasn valuedtransferfunctionsthat for a givencom-

binationof propertiesindicatethe weight of eachof them.The propertyfusion (PF)
fits well theone-property-per-point multimodalrenderingmodeldescribedin section2.
Specifically, for complementarydata,thefusionfunctionactsasa segmentationfilter.
Thenew computedvaluesrepresentthematerialwhich is morelikely to bepresentat
this locationtakinginto accountall theoriginalpropertyvalues.Whenfunctionβprop is



Property 
computation

Property 
computation

Property 
computation

x

p_n(x)

p_i(x)

p_1(x)

Property
fusion

CompositionShadingmat(x)Classificationp(x)
Gradient

computation C(x)g(x)

Property Fusion pipeline (PF)

Property 
computation

Gradient
computation

g(x)

Classification Shadingmat(x) C(x)

p(x)

x Composition

Monomodal shading pipeline

Property 
computation

Property 
computation

Property 
computation

x

p_n(x)

p_i(x)

p_1(x)

Property
fusion

CompositionShadingmat(x)Classificationp(x)
Gradient

computation C(x)g(x)

Property Fusion pipeline (PF)

Property 
computation

p_1(x)

Property 
computation

Gradient

computation

Gradient

computation

Shading C(x) Compositionmat(x)

g_1(x)

p_n(x)

Classification

g_n(x)

x Fusion

Property and Gradient Fusion pipeline

Property 
computation

Gradient
computation

g(x)

Classification Shadingmat(x) C(x)

p(x)

x Composition

Monomodal shading pipeline

Property 
computation

p_1(x)

Property 
computation

Gradient

computation

Gradient

computation

Shading C(x) Compositionmat(x)

g_1(x)

p_n(x)

Classification

g_n(x)

x Fusion

Property and Gradient Fusion pipeline

Property 
computation

p_1(x)

Property 
computation

Gradient

computation

Gradient

computation

Classification

Classification

Shading
x Fusion

g_1(x)

p_n(x)

mat_1(x)

mat_n(x)

CompositionC(x)

g_n(x)

Property 
computation

p_1(x)

Property 
computation

Gradient

computation

Gradient

computation

Classification Shading

Classification

g_1(x)

p_n(x)

x

mat_n(x)

C_1(x)

C_n(x)

Composition
C(x)

g_i(x)

Fusion

mat_1(x)

Shading

....

(P&GF)

Shading fusion

Material Fusion (MF)

Figure1.MultimodalRenderingSchemes.



definedasabinaryfunctionoverthedomain0 & 1 only onepropertyis shown in thefinal
renderingandthus,a one-property-per-point of supplementarypropertiesis achieved.

Obviously, PFis notsuitablefor renderingvariouspropertiesperpoint,astheorig-
inal dataarelostat thebeginningof thefusion.

This type of fusion is stableundermodificationsof the camera,the light model
andthetransferfunctionbecausethefusionoccursat thebeginningof thepipeline.On
the contrary, changesin the fusion parameters,i.e. on the function βprop, requirethe
renderingprocessto becompletelyre-done.

Property and Gradient Fusion (P&GF)

n propertyvaluesand n gradientvectorsat a samplelocation,are usedto com-
puteuniquematerialpropertiesat this location.Theremainingstepsof themonomodal
shadingpipelinearenext executedorderly (seethird schemeFigure1). The fusion is
achieved by designingtransferfunctionsof 2 ' n parametersi.e. performinga 2 ' n-
parameterizedclassification.Thiscanberepresentedas:

mat ( x)+* clas(�( p1 ( x),& g2 ( x)-).&�/�/�&-( pn ( x).& gn ( x)-) (5)

P&GF is essentiallysimilar to PF. It actsasa segmentationfilter, usefulfor one-
property-per-pointmultimodalitybut not suitablefor multiple propertiesperpoint.By
oppositeto PF, P&GFusesthegradientvectorsof all individualpropertiesin theclassi-
fication.Thegradientinformationeasestheedgesdetectionandthuscanprovideneater
fusion.

P&GFshareswith PFthefacility of cameraandlightsmodifications.Modifications
in thetransferfunctionareactualfusionmodificationsandprovoke thewholepipeline
to berecomputed.

Figure2 shows a 2D exampleof PF andP&GF modes.The original imagesare
from CT (upperleft image)and from MR (upperright). The lower left imageis an
exampleof PF. Voxelswith highCT intensityhavereplacedMR values.Therefore,the
imageshowstheskull aswell asthebrain.In thelowerright image,only highCT value
having a significantgradienthave beenreplaced.Theimageshows two new contours:
theinternalandtheexternalskull walls.Voxelsbetweenthesetwo boundariesshow the
MR value.

Material Fusion (MF)

n propertyvaluesandn gradientvectorsatasamplelocationarecomputedandnext
n classificationprocessesarerealizedseparately. Then,given n materialsa fusion of
themis donethatgivesoneuniquematerialperpoint (Secondpipelinein Figure1). A
simpleimplementationof thisconsistsof applyinga linearcombinationof materials:

mat ( x)+*
n

∑
i 0 1

βmati ( x)�' mati ( x) (6)

being βmati ( x) * f ( mat j ( x).& j * 1 /!/�/ n) such that 1 i * 1 /!/�/ n,βmati ( x)32%* 0 / 0 and
∑n

i 0 1 βmati ( x)�* 1 / 0



Figure2.PFandP&GFfor CT andMRI data.

Note that, as for PF, βi functionscanbe constantor may vary. In the latter case,
they cancanbe implementedasn valuedtransferfunctionsof materialcombinations.
Materialfusionis similarto illuminationmodelintermixingusedin [2]. Themeaningof
amaterialfusionis ratherdifferentfromthetwo previousmodes.In fact,thismodedoes
not intendto simulatea realmixtureof materialsasit is ratherimprobablethatsucha
physicalmodelis known. Instead,it tries to simulatethepresenceof all thematerials
separatelybut with differentoccupancy. It is somewhattheoppositeof theclassification
modelproposedin [4]. In thatclassificationscheme,theactualcompositionof a voxel
is determinedby computingthemostprobablecombinationof materialsthatcouldhave
given the voxel value.On thecontrary, in materialfusion, it is theuserwho fixesthe
weightsof the differentmaterialsgiving moreor lessimportanceto someproperties
over theothers.

Like propertyfusion,materialfusion is suitablefor one-property-per-point multi-
modalrenderingwhenβmat functionsarebinary. However, it is alsousableif morethan
onepropertyshouldbemappedat thesamelocationusingβmat functionsto weightthe
materialquantitiesateachsample,asexposedabove.

Changesin thefusionfunction(βmat) needonly fusion,shadingandcompositionto
bere-done.However, modificationsof any of thepropertytransferfunctionchangethe
pre-classifiedmodelsandmayevenrequiretuning thematerialfusionfunction.Thus,
thismodalityis worth to beappliedonpre-classifiedmodels.

As thepreviousmodalities,MF allowscameraandlight changesbecausethefusion
is previousto colorcomputation.



ShadingFusion (SF)

This methodusesn opticalpropertiescomputedseparatelyfor all thepropertiesas
aninputof theshadevaluecomputation(fourthschemein Figure1). Assuminga linear
combinationof theopticalparameters,theVolumeShadingformulais substitutedby:

Cλ 4 x5�6
n

∑
i 7 1

βshadei Eiλ 4 x5.8 (7)

while theVolumeandSurfaceShadingis :

Cλ 4 x 9 w5�6
n

∑
i 7 1

βshadei 4 Eiλ 4 x5�: Iaλkai Oaλi
:

nls

∑
f 7 1

I f λ 4 kdi Odλi ; Ni < L f 5�: 4 ksi Osλi
Rfi < w5-5

(8)

If Volume-Shadingis applied,this modegivesthe sameresultsasMF. However,
whenSurface-Shadingis applied,asthelight sourcesreflectionis computedseparately
for eachsurfaceandnext weighted,thesurfacesaremoredistinguishable.

For changesof the fusion parametersor of the viewing parameters,this modality
is similar to MF. In particular, fusionmodificationsaremoreefficienton pre-classified
models.

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

cesses(lastschemein Figure1). A simpleimplementationof it is a linearcombination
of colors:

C 4 x5�6
n

∑
i 7 1

βCi 4 x5 ; Ci 4 x5 (9)

beingβCi 4 x5=6 f 4 Cj 4 x5.9 j 6 1 8�8�8 n5 suchthat > i 6 1 8�8�8 n,βCi 4 x5�?%6 0 8 0 and∑n
i 7 1 βCi 4 x5=6

1 8 0
This type of fusion is well adaptedto multiple propertiesper point renderingbut

it is not suitablefor one-property-perpoint. Its main advantageis that changesin the
fusionparametersareveryfastonpre-shadedmodels.However, changesin theviewing
parametersprovoke the full pipelineto berecomputedif Surface-Shadingwith specu-
larity is applied.Light modelor transferfunctionchangesprovoke thewholepipeline
recomputationin all cases.

4 Renderingmethods

Nowadays,thereare four main DVR paradigms:raycasting[11], splatting[19], 3D
texture-mapping[8] andshear-warp[10]. Many improvementson theseoriginalpapers
have beendevelopedin the last years.A practicalevaluationof themis presentedin
[15]. We next analyzetheiradequacy for multimodalrendering.



4.1 Alignment

As mentionedin Section1, mostresearchpaperson multimodalrenderingarebased
on raycasting.The main advantageof raycastingfor multimodality (MDVR) is that,
exceptfor discreteraycasting[21], thedifferentmodelsdo not needto have thesame
orientationandresolution.Assumingthattheregistrationtransformationbetweenmod-
els is known, it is as if eachmodelhasits own local coordinatesystem.Thus,each
samplepoint of a ray is convertedinto the local coordinatesystemof eachmodel in
orderto determineto which voxelsthesamplebelongs.Thesamplevalueis therefore
interpolatedbetweenthesedifferentvoxel verticesvalues.If no interpolationis done,
i.e. if the propertyvalueat a samplepoint is directly set to the valueof the voxel to
which thesamplebelongs(voxel-basedrenderingby oppositeto cell-basedrendering
accordingto [20] notation),samplingwould actually integratedifferent 3D regions,
whichwouldnotbetotally correct.However, voxel-basedrenderingis moreoftenused
in object-ordermethodsandit is notveryusefulin raycasting.

Object-ordermethodssuchassplattingand3D texture-mappingaswell asthehy-
brid shear-warpparadigmfacedifferentproblemsin renderingsimultaneouslyvarious
modelswith differentsizeandorientations.Firstof all, thedepthcompositionis notcor-
rectin volumeslicestraversalsof modelshaving differentorientations.Thisproblemis
avoidedwhenrenderingis doneby rasterizingslicesparallelto the imageplane,asit
is donein texture-mapping.Besides,evenif theorientationof themodelsis thesame,
if theresolutionis different,theopticaldepthof thepixelsontowhichvoxelsprojectis
not thesameandthustheir compositionis not correct.In particular, shear-warpneeds
pixel pervoxel ratiosabout1 or 2 andthus,it wouldnotsupportlargerprojectionin one
of thedatasets.Up to now, noneof thesemethodsaredirectlyapplicableto non-aligned
datasets.In addition,revoxelizingthemodelsinto thesamecoordinatesystemandwith
thesameresolutionis computationallyexpensiveandit addsanextra interpolationer-
ror.

4.2 Adaptivity to multiple properties

As mentionedabove,theextensionof raycastingto multipledatais straightforwardfor
aligneddatasetsaswell asnon-alignedones.

Splattingon variousaligneddatasetsis also simple.Two main strategies can be
applied:eitherthevoxelsareslicedin planesparallelto theviewing planeor they are
traversedin theiroriginalBTF or FTB order. In bothcasesfor PF, P&F, MF andSFthe
fusion mustbe doneat thevoxel level, beforeactuallysplattingit. CF insteadcanbe
doneaftersplattingby compositingtheprojectionsheets.

Theextensionof shear-warp to multimodaldatais, by now, themostcomplicated
one.Ononehand,shear-warprequiresthreesetsof voxel run-lengthencoding,onefor
eachmajorviewing directions.This is seriousdrawback,asin ann multimodalstudy,
thetotal memoryrequirementwould beof 3 @ n models.On theotherhand,thesimul-
taneoustraversalof differentRLE shouldbestudiedin depthto keepup theefficiency
of theoriginalmethod.

The useof texture-mappingis limited to expensive hardware.However, it is the
probablyfastestrenderingmethod.Its extensionto multiplealignedvolumesis straight-
forwardfor RGBα volumedata[5]. Its mainlimitation is its highmemoryconsumption,



which provokesa lot of brick swapfor largemonomodalvolumesandmuchmorefor
multimodaldata,that requiren volumebricks mustbe residentin the texture mem-
ory simultaneously. Multimodal studiesrequirethusbrick sizesto be smallerthanin
monomodalrendering.

4.3 Suitability for the five fusion strategies

Splattingandraycastinggivehigherimagequalitythanshear-warpandtexture-mapping
but at a highercost.An importantfeatureof ray-tracingis that it actuallyinterpolates
in 3D thesamplepropertyandgradientvalues.Thus,benefitingfrom pre-classifiedor
pre-shadedmodelsfor MF, SF andCF, would speedit up but at the costof reducing
imagequality. So,raycastingseemsmoresuitablefor PFandP&GF. On thecontrary,
assplattingandshear-warpalgorithmsactuallyuseonepropertyvaluepersampleand
interpolatein 2D, they would take advantageof pre-classifiedandpre-shadedmodels
for MF, SFandCF. RGBα texture-mappingis suitablefor pre-shadedvolumeandthus
is suitablefor theCM pipeline.Severaltechniqueshavebeendevelopedto addshading
capabilitiesto monomodaltexturing [14]. However, their adaptationto multimodality,
whichwouldextendtheusabilityof this techniqueto theotherfusionpipelines,hasnot
yetbeenstudied.

5 Simulations

Thesimulationshave beenrealizedon a 190x220x178multimodalstudycomposedof
2 bytes-intensityMR images,1 byte-intensitylabeledimagesand1 byte per channel
(RGB) SPECTimages.The labelmodelrepresentsthesegmentedanatomicalregions
of thebrain.SPECTandMR werenotoriginally aligned.

Fivedifferentfusionmodalitieshavebeenrealizedusingraycastingandsplattingon
a SunUltra 60360MHz.CF hasalsobeentestedwith texture-mappingonSGI Octane
with 4MB of texturememory. Therenderingtimewasmuchhigherthanin monomodal
rendering,as the datasetdid not fit in texture memory. The texture-basedrendering
time for a CF monomodaldatasetis around1.2 secondsbut it triplicates(3.7) for the
multimodaldataset.

Raycastinghasbeendoneontheoriginal,nonaligneddatasetsbut SPECTandMR
have beenalignedfor splattingwith a rigid afinetransformationconsistingof several
axis-rotationplusscaling.This operationhasa low costbut it introducesanadditional
errorin thesamplingprocess.Specifically, in thisdataset,theaveragerelativedifference
betweenraysamplevaluesinterpolatedin theoriginalmodelandin thetransformedone
is 0 A 0140perchannel.

For bothsplattingandraycastingtheratio pixelspervoxel is around4. This is why
thecomputationalcostof splattingandraycastingis approximatelythesame.It should
be notedthat no early terminationcriteria have beenusedin the tests.Specifically,
splattingcostis 0.069% lower thanray-castingin all thetests.

Computationalcostsaresummarizedin Table1. Timescorrespondto raycasting
but applyaswell for splattingwith thecorrectionfactor. For eachpipelineexceptfor
PF, two costshave beencomputed:full pipeline(secondcolumn)andreducedpipeline



(third column)using(i) precomputedgradientsfor P&GF, (ii) preclassifieddatafor MF
andSFand(iii) preshadedvolumesfor CF.

FusionModeOriginalDatasetsIntermediateModels
PF 125.102 –

PGF 129.662 89.102
MF 132.311 35.746
SF 127.251 33.807
CF 148.769 28.209

Table1. Computationalcosts

As expected,computationalcostswithout pre-processincreaseasthefusion is de-
layed in the renderingpipeline.However, refusionis faster. Changesin the camera,
thelight sourcesor thetransferfunctionactuallyprovoke thewholepipelinesto bere-
computedandthus,thelesscomputationallyexpensiveis PFandP&GFby oppositeto
CF.

Thefusionfunctionusedin thesimulationare:(i) (PF, ColorPlate3) replacingMR
valueswith high intensitySPECTvalues,(ii) (P&GF, Color Plate4) Fusionbetween
labeleddataandMR data:labeledvalueswith gradientsubstituteMR valuesin thecere-
bral cortex (redon the right andgreenon the left), (iii) (MF, Color Plate5) Weighted
averageof SPECTandMR. The transferfunction only shows surfaceMR valuesin-
dicatedby thelabeledmodel,(iv)(SF, Color Plate6) Weightedshadingof SPECTand
MR Surface-andVolumematerials,(v) (CF, Color Plate7) color blendingof shaded
MR andSPECTdata.

Notethatthefusionfunctioncostcanaffecttheoverallperformanceof thepipelines.
Herethe fusionusedin MF is morecomplex thanthesimpleconstantweightingused
in CF. Thisexplainswhy MF andSM areslightly different.

6 Conclusions

This paperhasaddressedtheproblemof direct renderingmultimodalvolumemodels.
It hasstatedthe requirementsof this type of visualizationand it hasproposedfive
integrationmethodsthatdiffer in thestepof therenderingpipelineat which thefusion
is done(PF, P&GF, MF, SF, CF).Thelast is thefusiondonein therenderingpipeline,
thefasteraremodificationsonthefusionparametersbut thelesschangesin theviewing
parametersandlight sourcesareallowed. In addition,PF andP&GF aresuitablefor
renderingonepropertyperpointwhile MF, SFandCFarebetterfor multipleproperties
perpoint rendering.

The suitability of different renderingalgorithmsto apply thesefive methodshas
beenevaluated.It canbeconcludedthat raycasting,which is the moreversatiletech-
nique,is probablythe mostsuitablemethodwhenone-propertyperpoint multimodal
PFandP&GFrenderingarerequired.Splatting,shear-warpandtexture-mappingdon’t
currentlysupportthevisual integrationof non-aligneddata-sets.However, for aligned



Figure3.PFexample.

datasets,splattingconvenientlyfulfills therequirementsof MF andSFmultimodalren-
deringpipeline.Finally, fastCF canbedonewhenhardwaretexturemappingis avail-
able.

Startingfromthiswork,severalresearchlinesareopened.First,theshear-warpRLE
traversalshouldbeextendedto multipledatasets.Next, thecompositionof non-aligned
datasetswith object-orderandshear-warp methodsshouldbe addressed.In addition,
mucheffort is beingdonein theresearchof automatictransferfunctiondefinition.Spe-
cial attentionshouldbepaidonn-parameterizedfunctionsthatareusein multimodality.
Finally, user-friendly interfacesshouldbe developedfor the input of n parameterized
fusionfunctions.

Acknowledgments:Thisworkhasbeenfundedby theprojectTIC 99-1230-C02-02
from theMinisteriodeEducacióny Ciencia.



Figure4.P&GFexample.

Figure5.MF example.



Figure6.SFexample.

Figure7.CFexample.
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