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Abstract. Identifyingandvisualizinguncertaintytogetherwith thedatais awell
recognizedproblem.Oneof theculpritsthat introduceuncertaintyin thevisual-
izationpipelineis the visualizationalgorithmitself. Uncertaintiesintroducedin
this way usuallyarisefrom approximationsandmanifestthemselvesasartifacts
in the resultingimages.In this paper, we focus on comparingdifferent direct
volumerendering(DVR) algorithmsandtheir artifactsasa resultof DVR algo-
rithm selectionsandtheir associatedparametersettings.We presenta new data
level comparisonmethodologythat usesdifferencesin intermediaterendering
information.In particular, weextendthetraditionalimagelevel comparisontech-
niquesto includedatalevel comparisontechniques.In imagelevel comparisons,
quantizedpixel valuesare the startingpoint for comparisonmeasurements.In
contrast,datalevel comparisontechniqueshave the advantageof accessingand
evaluatingthe intermediate3D information during the renderingprocess.Our
datalevel approachovercomeslimitationsof imagelevel approachesandprovide
capabilitiesto compareapplicationdependentdetailsaswell asgeneralrender-
ing qualities.Oneof thekey challengeswith ourdatalevel comparisonapproach
is finding a commonbasefor comparingtherich varietyof DVR algorithms.In
thispaper, wepresenthow aprojectionalgorithmcanbeusedasabasefor com-
paringotherDVR algorithms.In addition,a setof projection-basedmetricsare
derived to quantify thecomparisonmeasurementsamongDVR algorithms.The
resultspresentedin thispapercomplementourearlierfindingswherearay-based
approachwasusedasthebasefor comparingotherDVR algorithms.

Key Words and Phrases:Scientificvisualization,directvolumerendering,uncer-
tainty, error, difference,similarity, metrics.

1 Intr oduction

Althougha largenumberof visualizationmethodshave beendeveloped,few provide
the foundationsandmethodologiesto compareandevaluatethemagainsteachother.
This shortcominghasbeenraisedasa critical issuefor theobjective interpretationsof
scientificdata[2,9,21,22]. Direct volumerendering(DVR) is oneof themostpopular



methodsfor visualizing3Dscalardatasets.Thesemethodshavebeenextensively inves-
tigatedresultingin a rich varietyof algorithms.Someof thesecanbefoundin [5,6,8,
10,13,15–17].Unfortunately, this plethoraof DVR methodsproducesimagesthatare
differentfrom eachother. In critical applications,it canbevery disconcertingto have
evenslight differencesin imagesrenderedby variousvolumerenderingalgorithms.It
is thereforenecessaryfor bothusersanddevelopersto beableto do in-depthstudyon
thedifferences.Importantdifferencesstemfrom varyingdegreesof approximationin
reconstruction,materialclassification(e.g.transferfunctions),andaccuracy in physical
simulationof light andmaterialinteractions.Becauseit is a perceptualissueandDVR
algorithmvariationsareoftenarbitrarilynon-linear, it is verydifficult to quantifyerrors
(or uncertainties)that are introducedin the final renderedimage.In addition,unlike
quality issuesin the imagesynthesisand imageprocessingcommunities,criteria for
measuringthequalityoftendependonthepurposeof theparticularvisualization.They
arenotnecessarilyabouthow realisticor aestheticallysatisfactorythefinal imagesare.

Fortunately, more and more DVR papersaddressthe importantissueof volume
renderingqualitiesandcomparisons[9,11,20,21]. In thosethataddressthe issue,the
norm is to useimagelevel comparisons,andsometimesat the imagesummarylevel
at best.Combinationsof imageanalysismethodsand summarystatisticshave been
usedto comparerenderedimages.For example,waveletbasedimagemetrics[1] have
beenproposedto helpdetermineperceptualsimilaritiesbetweenvolumerenderedim-
ages.However, therearelimitations to imagemetricssuchassummarystatisticsand
perceptualmetricsaswell. Williams andUselton[21] first describedsomeof thedif-
ficulties andlimitations of imagecomparison.They presentedthe needfor providing
rigorousspecificationsof the volumerenderingparameters,a setof imagedifference
classificationsandcorrespondingmetricsfor eachcategory. However, thereareinher-
entlimitationsto imagelevel comparisons.While imagelevel comparisonscanprovide
informationasto thelocationanddegreeby which two imagesdiffer, they oftendonot
provideenoughinformationasto why thetwo resultingimagesdiffer in general.

Thispaperaddressesthisshortcomingbyproposingtheuseof datalevel comparison
techniques.Thegoal is that if two imagesdiffer, thenwe want to provide anexplana-
tion for thecausesfor suchdifference.Thenamedatalevelcomparisonwasinspiredby
thework of PagendarmandPost[12]. Datalevel methodsincorporateintermediateand
auxiliary informationin the renderingprocessandusethis informationto generatea
datalevel comparisonimage.Anotherdistinguishingfactoris thatimagelevel compar-
isonsquantizedatavaluesthencompare,while datalevel comparisonmethodscompare
datavaluesthenquantizetherebyresultingin a greaterdynamicrangeof comparison
values.As in theFigure1(a),wecancomparevolumedata,intermediaterenderingdata,
or final renderedimages.In this paper, weusedatalevel comparisonto takeadvantage
of any intermediateinformationin thevolumerenderingpipelinebeforethefinal image
is generated.

Becauseof the wide variety of DVR algorithms,someof them have drastically
differentapproachesandthereforedifficult to obtainregistered,intermediaterendering
informationfor comparisons.Hence,we comparealgorithmsby first mappingthemto
a baseor referencealgorithmandthenderiving metricsnaturalto the basealgorithm
(Figure1(b)).We considerthis mappingasinvertibleandthuswecanexperimentwith



multiple basealgorithmsand develop their correspondingmetrics.In this paper, we
usethe projectionalgorithmasour basealgorithm,andfocusour attentionon DVR
algorithmsappliedto regularlygriddeddata.

(a) comparison levels (b) DVR comparison basis
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Fig.1. Typesof comparisons(a) and basisfor comparingalgorithms(b). (a) highlights three
differentareaswhereonecanperformcomparison:data,renderinginformation,andpixel values.
Datalevel comparisonincludescomparisonof dataandrenderinginformation,while imagelevel
comparisonworkswith pixel values.(b) showsthearchitecturefor comparingtwo differentDVR
algorithmsvia acommonbasealgorithm.

2 PreviousWork

In our earlierwork [3,4], we describedhow DVR algorithmscanbe simulatedusing
ray castingas a baseor referencealgorithm(Figure 1(b)). For example,projection-
basedalgorithmsweresimulatedby intersectingtheraywith thesetof projectedpoly-
gonsof eachcell. We alsodevelopedseveralray-basedmetricssuchasthedistancethe
ray traveled,thenumberof samplesalongeachray, andsimilarity measuresfor sam-
ple colorsanddataalongeachray. Here,we complementour earlierwork by usinga
projection-basedalgorithmasour baseor referencealgorithm.This involvesmapping
or simulatingotherDVR algorithms,suchasray casting,into projection-basedDVR
algorithms.

3 Data Level Approach

Figure1(a)delineatesimagelevel comparison(usingpixel values)from datalevel com-
parison(usingvolumeandrenderingdata).In DVR, theintermediateinformationmay
includeitemsrelatedto therenderingprocess.Examplesinclude:distribution of opac-
ities, valuesthat contribute to a pixel, andminimal or maximalsamplevaluesalong
the viewing direction.Intermediateinformationmay alsoincludeitemsrelatedto the
volumerenderingalgorithm.Transferfunctions,samplinglocationsandfrequency, in-
terpolationfunctions,opacitythreshold,andprojectionfiltersareexamplesof informa-
tion relatedto the volumerenderingalgorithm.It shouldbe notedthat in somecases
this distinctionis blurred.In eithercase,theseinformationandotherscanbe usedto
generatemetricsfor datalevel comparison.

Therearetwo differentapproachesfor collectingtheseintermediateinformation.
Oneapproachis to collectthemdirectly from thedifferentDVR algorithms.Theother



approachis to first mapotherDVR algorithmsto a baseor referencealgorithm,then
collect the metricsfrom this basealgorithm.Both approacheshave their advantages
anddisadvantages.Themainadvantageof thefirst approachis theaccuracy of the in-
termediateinformationsincewe do not needto simulateor mapthe algorithmsto a
basealgorithmandtherebypossiblyintroducingsomeerrors.Thedisadvantagesof this
approachare:(a) difficulty in collectingregisteredandmeaningfulintermediateinfor-
mationthatcanbecomparedacrossdifferentDVR algorithms,and(b) theneedto put
datacollectioncodein differentDVR implementations.On the otherhand,the main
advantagesof thesecondapproachare:(a)ability to comparedifferentDVR algorithm
on thesamesetof intermediatedataascollectedfrom thereferencealgorithm,and(b)
multiple choicesfor the referencealgorithmsincethe mappingis invertible.That is,
asdemonstratedby this paperand our earlierwork [3], a ray-basedDVR algorithm
canbemappedto a projection-basedDVR algorithm,andvice versa.Thesecondap-
proachalsohasa numberof disadvantages:(a) difficulty of completelyspecifyingall
therenderingparametersto preciselycontrol themappingof someDVR algorithmsto
the basealgorithm,and(b) the needto map to the basealgorithmor simulateother
DVR algorithms.Thecritical thingto addressthefirst difficulty of thelatterapproachis
thatrigorousspecificationsof all renderingparametersarenecessaryin orderto faith-
fully simulatea givenDVR algorithm.In theabsenceof this rigor, emphasisshouldbe
placedon specifyingthemoreimportantrenderingparameters.Our basicassumption
is that the major differencesfrom differentDVR imagesresult from thoseimportant
renderingparameters.

4 Projection asa BaseAlgorithm

A popularmodelfor computingthe color intensitiesasthe light passesthrougha se-
quenceof translucentmaterialis to assumethat thelight is attenuatedby theopacities
of thematerial.This is oftendescribedby thecompositingequationbelow:��������� 	�
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is theresultof
rendering(or compositing)the � th object.Integratingthis equationyieldsthesocalled
volumerenderingintegral:
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the color emissionfunction and C is the differentialopacity function.Onemay view
differentDVR algorithmsasvariationson how to approximatethe emissionfunction. andthesolutionof thevolumerenderingintegral.For example,Eqn.2 hasa closed
form solutionif we assumeconstantcolor emissionandopacitybetweenthe interval
of integration.Imageorderalgorithms,likeraycasting,discretizethevolumerendering
integrationprocessandcomputemultiplecompositions(Eqn.1) of theintegratedcolors
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in Eqn.2) of smalladjacentsamplingintervals.Thesimplestapproximationis
simply
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at eachsamplingpoint.Our challengethenis to make
a projection-basedalgorithmgeneralenoughto facilitatesimulationsof the different
variantsof DVR algorithms.

Thestructureof ourbasealgorithmis thesameasthatof any objectorderalgorithm
likecoherentprojection[17] or splatting[16,5]. Thebasicideaof theseobjectorderal-
gorithmsis to computethecontributionsof thesub-volumesandcompositethemto the
imagesin theproperorder. Weconvenientlycollectany desiredmetricsasthealgorithm
calculatescontributionsto thefinal renderedimage.Thestructureof ourcomparisonal-
gorithmis:

Procedureproject:

1. Determinetheorderof volumecellsor voxelsto beprojected.
2. For eachcell or voxel, in theappropriateorder

(a) Computethecontributionof thecell or voxel andcomposite.
(b) Collectmetrics.

Thetermcell refersto thecubeformedby the8 neighboringdatapointsin aregular
grid volume.The term voxel refersto the region arounda datapoint. The shapesof
thevoxel dependon thedatamodel.In splattingalgorithms,theshape(andthusits 2
dimensionalcontribution to the final renderedimage)is definedasa function of the
distancefrom thedatapoint.

Projection-basedalgorithms[17,14] usually take advantageof hardwarepolygon
shadingfoundin modernworkstations.However, theprojectionalgorithmsaregeneral
enoughto beextendedandsimulateeffectsof otherDVR algorithmsif they areimple-
mentedin softwareusingvolumescanconversion. Therefore,in step(2a)of procedure
project, weimplementedvolumescanconversiontoprocessasetof projectedpolygons
in software.Thisallowsusto:

– simulateothervariationsof DVR algorithms(e.g.raycasting)by varying thevol-
umeintegrationmethodateachpixel in thevolumescanconversionprocedure.

– derive projection-basedmetricsto comparea wide rangeof algorithmson a com-
monbasis.

As pointedout in [19], scanconversionof surfacepolygonshasbeenstudiedexten-
sively, but the processin volumerenderingis a differentproblem.In scanconverting
surfaces,thesurface(or polygon)hasthecolor propertiesto bescanned.However, in
scanconverting a volume cell (or voxel), we needto processthe material(or data)
betweenvolumecell facesthat hasthe color properties.In the following description
of theprocedurecompositesub-volume, thedetailsof our volumescanconvertingis
explained.Thestructureof ourbasealgorithmis thesameasothervolumescanconvert-
ing proceduresbut it carriesadditionalinformationsuchasrelative locationsof front
andbackpoints for simulationsof otheralgorithms(at lines in 2(c)(2) of procedure
compositesub-volumebelow).

Procedurecompositesub-volume:



1. Decomposethegivensub-volumeinto a setof projectedpolygons
2. For eachpolygonP,

(a) GettherangeR of thescanlinesthatP occupiesin screenspaceandsetup the
edgetable.

(b) Emptytheactiveedgetable.
(c) For eachscanlineof therangeR in bottom-to-toporder,

(1) Updateactiveedgetable.
(2) For eachpixel from theleft edgeto theright edge,E Updatefront andbackpixel information.E Computethe contribution betweenthe front andbacksub-volumeat

thepixel.

For projectionbasedalgorithmssuchasCoherent Projection [17] or splatting [5,
16], thefootprintof acell is oftenapproximatedasasetof polygons.Thetypicalusage
of theseprojectionalgorithmscanbeeasilysimulatedwith our basealgorithmby us-
ing surfacescanconversiononly. In this case,thecontribution from a cell (or voxel) is
simplyacolor intensityinterpolatedwithin thefootprintpolygon.Samplingandrecon-
structionof volumedataandcolor mappingsaredoneonly at theverticesof projected
polygonsasin [5,16,17].

Imageorder algorithms,suchas variationsof ray casting,can be simulatedby
changingthesamplingpatternsandtheapproximationsto thevolumerenderingintegral
(i.e. last line of Procedurecompositesub-volume). Figure2 (color plate1) illustrates
the simulationof variantsof ray castingwhile projectinga volume cell. The figure
shows a crosssectionalview perpendicularto theprojectionplane.For eachpixel, the
basealgorithmupdatesthe informationneededto projecta volumecell, suchasdata
valuesand relative locationsof the front and back points within the cell. Using the
specificationsof renderingparameters,suchassamplingpatterns,we cancalculatethe
colorcontributionsof thecell alongtherayandcompositethemto thefinal image.Pixel
(a) of figure 2 shows valuesusedby a ray castingalgorithmthat samplesat cell face
intersections.Thepink coloredsquaresrepresentthesamplepoints.Thecolor contri-
bution for pixel (a) is calculatedusingEqn.2 assuminga constantcolor valuebetween
the samplinginterval (often the averageof front andbacksamplecolorsis used)and
compositedto the screen(usingEqn.1). Pixel (b) shows the valuesusedby another
ray castingalgorithmthatusesregularsampling.Pixels (c) and(d) togethershow yet
anothervariationasusedby volumeslicing.Here,it is simulatedasa regularsampling
patternwith the first samplepoint startingfrom the planeclosestto the screen.For
all the samplepointsin thefigure2, eithertheir datacanbe reconstructedandcolors
mappedfrom the transferfunction, or their samplecolorsare interpolatedusing the
pre-mappedcolorsof theeightcell corners.

In the context of scanconvertingpolygonsfor projection-basedDVR algorithms,
weusethefollowing to classifyseveralpopularDVR algorithms:

1. Data model – this distinguisheswhetherdata is definedat verticesor at voxel
centers.An associatedinterpolationor distancefunctionis alsospecifiedfor each.

2. Inter polation value – this distinguisheswhetherdatavaluesarereconstructedor
colorvaluesarebeinginterpolatedatthepolygonverticesor samplelocations.That
is, thecolor intensities( . ) in Eqn.2 arecalculatedeitherby



– interpolatingthedatavaluesandthenevaluatingthetransferfunction,or
– evaluatingthetransferfunctionfirst, theninterpolatingthecolors.

3. Scanconversionprocedure– thisspecifieswhetherpolygonor volumescancon-
versionis usedto renderthepolygonaldecompositionsof volumecells.In polygon
scanconversion,asoftwareGouraudshadingis usedto renderpolygons.

4. Samplingstrategy– thisdistinguisheswhethersamplesaretakenregularlyor only
at cell faceintersections,andhow they shouldbedistributedthroughouttheentire
volumedata.

Basedon this four level classificationscheme,we canidentify severalDVR algo-
rithms that canbe simulatedasprojection-basedalgorithms.This classificationis not
meantto be exhaustive but simply illustrateshow different DVR algorithmscan be
viewedin termsof theirvariants.For completespecificationsof DVR algorithms,more
detailedrenderingparameterswithin eachcriterion shouldbe specified.Usedin this
manner, Table1 shows how somealgorithmsaredistinguishedby their datamodel,
interpolationvalue,scanconversionprocedure,andsamplingpattern.

DataModel InterpolationScan Sampling DVR
Values conversionPattern Algorithm

Cell model dataor color volume regular raycasting
with volume cell face raycasting
Tri-linear color volume regular volumetexture
Interpolation volume cell face shear-warp

color polygon cell face coherent
projection

Voxel modelwith irregular(depends
distancefunction color polygon on distancefunction)splatting

Table 1. Illustration of how differentDVR algorithmscan be expressedin termsof
projection-basedalgorithmusingdifferentcombinationsof thedatamodel,valuebeing
interpolated,scanconversiontype,andsamplingpattern.

The datamodelin column(1) comeswith eitheran interpolationfunctionor dis-
tancefunction.Whenthedatamodelassumesvaluesaredefinedatvertices(cellmodel),
aninterpolationfunctionis oftenused.In suchsituations,tri-linear interpolationseems
tobetheinterpolationmethodof choicein many DVR implementations.However,other
possibilitiesincludehigherorder interpolationsor adaptive reconstruction[7]. When
the datamodelassumesvaluesaredefinedat voxel centers(voxelmodel), a distance
function is oftenusedto modelhow datavary within theconfinesof thevoxel. Other
distancefunctions,aswell assimplervoxel modelingusingnearestneighbors,canalso
beincorporated.

Thesimulationsof variousDVR algorithmsthatwe justdescribedhavevaryingde-
greesof accuracy. More precisespecificationsneedto bemadeif anexactsimulation
is desired.For example,it is importantto notethatdifferentmethodsof polygonaliza-



tion mayleadto differentlooking images(seeFigure3, color plate1). Thus,thecom-
pletepolygonalizationpolicy mustalsobespecifiedif a faithful simulationis desired.
Anotherthing to noteis thatprojection-basedalgorithmsoften rely on hardwarescan
conversionof the polygons.Therefore,it is alsopossibleto noticesomedifferences,
especiallyalongtheboundariesof projectedpolygons.

We verifiedour approachandimplementationwith a renderercalledmdh[17,18]
which hasmultiple choicesof algorithms.We madethe renderingparametersof our
simulationasidenticalaspossibleto thosefor thealgorithmsin mdhandmadesurethat
thedifferencesin the intermediaterenderinginformationarewithin a giventolerance.
Thatis, we tookdifferencesin colors,locationsanddatavaluesfor eachfront andback
verticesof theprojectedpolygonsof all volumecellsbetweenour simulationsandthe
projectionalgorithmof mdhandmadesurethatthedifferencesarenegligible (lessthan� F 4HG in scaleof 0 to 1.0for eachcolor channel).

5 Metrics for Projection-basedDVR Comparisons

In this section,we presenta setof datalevel metricsderived from our projectional-
gorithmbasisandproposedfor comparingDVR algorithmsimulations.Thesemetrics
shouldrevealinformationaboutthevolumedata(or color intensities)aswell asthebe-
havior of DVR algorithms.Theideais to identify differencesin algorithmsthatmaynot
berevealedfrom imagelevel metricsalone.Notethat therearenumerousotheruseful
intermediateinformation(e.g.gradientandnormalcalculations,andsurfaceclassifica-
tion) thatcanalsobecollectedandusedasmetrics.

– Thr eshold-basedMetrics
The following metricsareobtainedto examinethe behavior of a DVR algorithm
for a given thresholdcondition.Eachmetric is measuredat eachpixel whenthe
accumulated(or sample)color componentsreachesthethresholdcondition.While
opacitiesareoftenusedfor specifyingthresholdlevels,othercolorcomponentscan
alsobeused.In our currentimplementation,a usercangive a thresholdcondition
thatcombinescolorandopacitythresholdvalues.

1. Number of cells
Different algorithmsusedifferent renderingparametersand thus eachalgo-
rithm may requirea differentnumberof cells to satisfy the given threshold
condition.

2. Distances
It is usefulto measurethedistancetraveledinto thevolumebeforereachinga
specifiedthresholdconditionateachpixel.Distancecanbemeasuredfrom the
user’seyeposition(eyedistance) or from theboundingboxof thedatavolume
in theviewing direction(volumedistance).

– Contribution Metrics
The following metricsmeasurethe contribution of eachcell to the final rendered
image.Theuserspecifiesa pixel in theimageto probe,thenmetricsaremeasured
andvisualizedto show which cells contributedto the selectedpixel andby how
much.Thesemetricscanbe usedwith or without specifyingan opacityor color



thresholdcondition.Contribution metricsfor eachcell may eitherbe absoluteor
additive. Absolutecontribution is theamountcontributedby a datacell to a pixel
asif thereis nothingbetweenthecell andthe imageplane.Additive contribution
is the actualamountof contribution by a datacell to a pixel becauseits absolute
contribution is attenuatedby theaccumulatedopacitysofar. Looking at thefront-
to-backcompositionequation,� -'IJI � �AKJL 

� -'IJI � ��M ? �*�3���N� -'IJI � �3M ? ��� I KJMOMP� 	 (3)

where
� -'IJI � �5KJL is thenew color intensityaftercomposition,

� -'IJI � ��M ? is theaccu-
mulatedcolorbeforecompositionwith the � th cell,

� I KJMOMP� 	 is thecolor contribution
by the � th cell, and

� -QIJI � �3M ? is theopacitycomponentof
� -'IJI � �3M ? . Theabsolutecon-

tribution metricusesthe term
� I K�MRMP� 	 . On theotherhand,theadditivecontribution

metricusestheterm
������� -'IJI � ��M ? ��� I K�MOMP� 	 .

1. Pixel Probe
This measuresthe amountof color intensitycontributedby eachcell to the
pixel beingprobed.

2. Cell Probe
This is similar to the pixel probebut shows otherinformation(e.g.averages,
minimum,maximum,andstandarddeviation) by thecontributing cells to the
target pixel. Thesestatisticsarecollectedbasedon how eachdatacell con-
tributedto the pixels in the final image.For example,whenthe contribution
fromeachcell is distributedunevenlyacrossseveralpixels,ameasureof spread
canbecalculatedfor thatcell.

– Data Probe
Similar to cell probe,excepttheuserselectsa particulardatacell andis shown the
contributionmadeby thatcell on thedifferentpixelsof theDVR image.Notethat
this is differentfrom theprojectionfilter.

– Differ enceMetrics
While thresholdmetricsandcontribution metricsprobehow eachalgorithmindi-
viduallybehaves,differencesof thesemetricscanshow whereandhow two or more
algorithmsdiffer. For example,in addition to the differenceand statisticalmea-
sures(e.g.average,minimum, maximum,and standarddeviations)betweentwo
algorithms,differencesof the cell probemetric includesthe correlationof color
intensitiesgeneratedby the two algorithmsfor the pixels that arecoveredby the
selectedcell.

6 Examples

In this section,we show someexamplesof applying our comparative visualization
methodsanddiscussthe applicability of our metrics.Figure4 (color plate1) shows
volumerenderedimagesgeneratedby two differentalgorithms.Bothalgorithmsrender
a SUTWV Hipip (High PotentialIron Protein)volumedata.The image(a) is generatedby
ray casting(simulationwith our basealgorithm)with samplingandreconstructionof
dataat thecell faces.Theimage(b) showsanimagegeneratedusingapolygonprojec-
tion algorithm.Theimagein (c) shows theabsolutedifferencesbetweenimage(a) and



image(b). Color intensitiesin thedifferenceimage(c) aremagnifiedto show thedif-
ferenceclearly(eachcolor intensityis multipliedby 10).This imagebasedcomparison
methodcanshow locationandmagnitudesof differencesbut notmuchmore.

Figure5 (color plate2) demonstrateshow our datalevel metricscanprovidemore
insight.Image(a) shows thecolormappedvisualizationof thenumberof cellsneeded
to reachanopacitylevel of 0.11usingtheray castingalgorithmthatgeneratedimage
(a) of Figure4. It shows that the regionsaroundthe red andblue moleculesrequire
more numberof cells to be examinedbeforereachingthe given opacity. Image(b)
shows the numberof cells neededto reachan opacity level of 0.2 usingthe polygon
projectionalgorithmthatproducedimage(b) of Figure4. Image(c) shows differences
in the numberof cells to reachopacity0.15 betweenthe two algorithms.It shows a
higherdifferenceneartheboundaryregionsof theredandbluemolecules.Asidefrom
theopacitythreshold,userscanalsotry thresholdconditionscomposedof othercolor
channels.Userscanconfirm that onesourcefor the differencesin Figure4 is dueto
the differentnumberof cells usedby eachalgorithm.The userscanfurther compare
algorithmsusingmetricssuchaspixel probefor specificpixelsof interests.Images(d)
and(e) of Figure5 show absoluteandadditive color contributionsfrom all the cells
contributing to a specificpixel. In particular, the datacells that contributedto the red
componentof theselectedpixel arehighlighted.Theabsolutecontributionsin (d) show
that the red intensitiescompositedwereprominentlyhigher in a small region in the
volumedata,but theadditive contributionsin (e) aremorewidely spread.Theyellow
arrowsshow theviewing directionsandthefront-to-backtraversalof thealgorithm.

Figure6 (color plate2) illustratesa hypotheticalcasestudyusingour metrics.The
two DVR imagesare generatedusing our scanlinesimulationof a ray-basedDVR
method,but with different transferfunctions.The volume datais from a CAT scan
of a humanhead.In column(a), the locationof a hypotheticaltumor in the brain is
identifiedto bewithin thebox region.Theupperimageshows thetumorbut thelower
imagedoesnot show it. The visualizationsin column(b) show the volumedistance
metricassociatedwith eachimage.Theopacitythresholdis setto 0.31in bothcases.
Blackcoloris assignedto pixelswheretheopacitydoesnotreachtheopacitythreshold.
In the lower imageof column(b), neartheregion of interest,analmostflat, bluewall
indicatesthat the pixelsaccumulatedenoughopacitywithout traveling throughmany
layersof datacells. On the otherhand,the upperimageof column(b) shows an al-
mostuniformly blackregionwherethebluewall usedto be.With theexceptionof the
tumor, theregion aroundit did not producedsufficient opacity. This tool is especially
useful if the personunderstandshow the DVR algorithmswork andhow they areaf-
fectedby thedifferentrenderingparameters.However, othermetricscanalsohelpusers
to understandandverify the renderingmethods.Columns(c) and(d) show datalevel
analysesusingcontribution-basedmetrics.A pixel of the tumor is first selectedto be
examined.In column(c), the absoluteamountof opacitycontributionsarevisualized
for all sub-volumecells that contribute to the givenpixel. In column(d), the additive
opacity valuesare shown. The visualizationsshow that the transferfunction for the
lower row producedopacityvaluesthataretoo high to reachthe tumor. On theother
hand,onthetoprow, bothabsoluteandadditivecontributionsarehighestwherethehy-
potheticaltumor is located.Fromthecomparisonsof thefinal renderedimagesalone,



it may not be obvious whetherthe opacityfor brain tissueis set too high or the data
rangefor the tumor tissuesis not setproperlyto bedetectedby the transferfunction.
Thiscasedemonstratesthatourcomparativevisualizationtechniquescanprovidemore
insightinto why two renderedimagesaredifferentandhow renderingparameters(such
astransferfunction)affect theresultingimages.

7 Conclusion

We presenteda new datalevel framework thatsolvesdifficultiesof comparingdiffer-
entDVR algorithmsanddemonstratedhow differentDVR algorithmscanbesimulated
using the projectionalgorithm basis.From this baseor referencealgorithm,several
new datalevel comparisonmetricswerethenpresentedthathighlightdifferentaspects
of the volumedataandthe DVR algorithms.Thesemetrics,usedindividually andin
combination,provide additionalinformationbeyond how two differentDVR images
aredifferent– they seekto provide cluesasto why andhow the two imagesmay be
different.We alsogave examplesof usingour metricsanda hypotheticalcasestudy
thatdemonstratestheapplicabilitiesof themetrics.Our new methodologyovercomes
thelimitationsof conventionalimagelevel comparisonsandhelpsusto performmore
in-depthcomparisonswhich arecloselyrelatedto the purposeof a particularvisual-
izationapplicationaswell asgeneralrenderingquality comparisons.Theseresultsare
importantto scientiststo helptheminterpretdifferentvisualizationresultsobjectively.
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Fig.2. Simulationsof imagebasedalgorithmsusingour projectionbasealgorithms.The black
squareandthe greenvertical line illustratesa volumecell andits projectionto the screen.For
eachpixel, thecolor contributionsarecomputedby takingsamplepointsandcompositingtheir
valuesalongtheviewing direction.Theblueverticallinesindicateavolumeslicingplaneshared
by pixels(c) and(d).

ray traced
image

3 different polygon projections

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

Fig.3. Raycastingandprojectionalgorithmswith differentpolygonalization.Thevolumedatais~��
with uniformvaluesexceptat thetwo corners.Theviewing directionis orthogonalto thefront

face.Above image(b), (c) and(d), we show the threetypesof polygonalization:(b) a square,
(c) and(d) two differenttriangulationsof asquare.Theimagesshow thatdifferenttriangulations
havedifferenteffectson Gouraudshading.

(a) (b) (c)

Fig.4. Volumerenderingandimagelevel comparisonsof Hipip. Images(a)and(b) aregenerated
usingour simulationsof (a) ray castingwith datasamplingsandreconstructionsat cell faces,
and(b) polygonprojectionsuchascoherentprojection.Image(c) shows theabsolutedifferences
between(a)and(b). MSE(MeanSquareErrors)andRMSE(RootMeanSquareErrors)of actual
differenceintensitiesare(4.882487,1.574969,2.983297)and(2.209635,1.254978,1.727222)
for eachred,greenandbluechannelrespectively. All imagesizesare ��� ���!���Q� .



(a) (b) (c) (d) (e)
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Fig.5. Data level comparisonsof algorithmsusedin Figure4. (a) shows the numberof cells
neededto reachopacityof 0.11with with ray castingsimulation,(b) shows thenumberof cells
neededto reachopacityof 0.21 with the polygonprojectionalgorithm,(c) shows differences
in the numberof cells neededto reachopacityof 0.15 for both algorithms.Colorsareusedto
indicaterelative valuesof the metric.Black indicatesregionsthat did not reachthe threshold.
Thepixel probevisualizationsshows theabsolute(d) andadditive (e) redintensitycontributions
of datafrom thevolumeto thepixel markedby thecrosshair.
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Fig.6. Casestudyillustratinga hypotheticaltumorandhow thevolumedistancemetric(b) and
the pixel probe (c) and (d) canshedmore insight. Visualizationsof column(c) and (d) show
differencesin absoluteandadditivecolor contributionsfrom volumecells.


