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Abstract. Identifyingandvisualizinguncertaintytogethemwith thedatais awell
recognizecproblem.Oneof the culpritsthatintroduceuncertaintyin the visual-
ization pipelineis the visualizationalgorithmitself. Uncertaintiegntroducedin
this way usuallyarisefrom approximation@ndmanifestthemselesasartifacts
in the resultingimages.In this paper we focus on comparingdifferent direct
volumerendering(DVR) algorithmsandtheir artifactsasa resultof DVR algo-
rithm selectionsandtheir associategharametesettings.We presenta new data
level comparisonrmethodologythat usesdifferencesin intermediaterendering
information.In particulay we extendthetraditionalimagelevel comparisoriech-
niguesto includedatalevel comparisortechniquesln imagelevel comparisons,
gquantizedpixel valuesare the startingpoint for comparisormeasurementsn
contrast,datalevel comparisortechniquesave the adwantageof accessin@and
evaluatingthe intermediate3D information during the renderingprocess.Our
datalevel approacltovercomedimitationsof imagelevel approacheandprovide
capabilitiesto compareapplicationdependentletailsaswell asgeneralrender
ing qualities.Oneof thekey challengesvith our datalevel comparisorapproach
is finding a commonbasefor comparingtherich variety of DVR algorithms.In
this paperwe presentiow a projectionalgorithmcanbeusedasabasefor com-
paringotherDVR algorithms.In addition,a setof projection-basednetricsare
derived to quantify the comparisormeasurementamongDVR algorithms.The
resultspresentedh this papercomplemenour earlierfindingswherearay-based
approachwasusedasthebasefor comparingotherDVR algorithms.
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tainty, error, difference similarity, metrics.

1 Intr oduction

Although a large numberof visualizationmethodshave beendeveloped few provide
the foundationsand methodologiedo compareand evaluatethemagainsteachothet
This shortcominghasbeenraisedasa critical issuefor the objective interpretation®f
scientificdata[2, 9,21,22]. Direct volumerendering(DVR) is oneof the mostpopular



methoddor visualizing3D scaladatasets.Thesemethod$have beenextensiely inves-
tigatedresultingin arich variety of algorithms.Someof thesecanbe foundin [5, 6,8,
10,13,15-17].Unfortunatelythis plethoraof DVR methodgproducesmagesthatare
differentfrom eachother In critical applicationsjt canbe very disconcertingo have
evenslight differencesn imagesrendereddy variousvolumerenderingalgorithms.it
is thereforenecessaryor both usersanddevelopersto be ableto do in-depthstudyon
the differencesimportantdifferencesstemfrom varying degreesof approximationin
reconstructionmaterialclassification(e.g.transferfunctions),andaccurag in physical
simulationof light andmaterialinteractionsBecausét is a perceptualssueandDVR
algorithmvariationsareoftenarbitrarily non-linearit is very difficult to quantifyerrors
(or uncertaintiesYhat are introducedin the final renderedmage.In addition,unlike
quality issuesin the imagesynthesisand imageprocessingcommunities criteria for
measuringhe quality oftendependn the purposeof the particularvisualization.They
arenotnecessarilyabouthow realisticor aestheticallysatisactorythefinal imagesare.

Fortunately more and more DVR papersaddresghe importantissueof volume
renderingqualitiesandcomparison$9, 11,20,21]. In thosethataddresghe issue the
normis to useimagelevel comparisonsand sometimesat the imagesummarylevel
at best. Combinationsof image analysismethodsand summarystatisticshave been
usedto comparerenderedmages For example,waveletbasedmagemetrics[1] have
beenproposedo help determineperceptuakimilaritiesbetweenvolumerenderedm-
ages.However, thereare limitations to imagemetricssuchas summarystatisticsand
perceptuametricsaswell. Williams and Uselton[21] first describedsomeof the dif-
ficulties andlimitations of imagecomparisonThey presentedhe needfor providing
rigorousspecification®f the volumerenderingparametersa setof imagedifference
classificationsandcorrespondingnetricsfor eachcategory. However, thereareinher
entlimitationsto imagelevel comparisonsWhile imagelevel comparisonsanprovide
informationasto thelocationanddegreeby which two imagediffer, they oftendo not
provide enoughinformationasto why thetwo resultingimageddiffer in general.

Thispaperaddressethis shortcomindyy proposingheuseof datalevel comparison
techniquesThe goalis thatif two imagesdiffer, thenwe wantto provide anexplana-
tion for thecausedor suchdifferenceThenamedatalevel comparisorwasinspiredby
thework of PagendarmandPost[12]. Datalevel methodsncorporaténtermediateand
auxiliary informationin the renderingprocessand usethis informationto generatea
datalevel comparisorimage.Anotherdistinguishingfactoris thatimagelevel compar
isonsguantizedatavaluesthencomparewhile datalevel comparisormethodscompare
datavaluesthenquantizetherebyresultingin a greaterdynamicrangeof comparison
valuesAs in theFigurel(a),we cancomparesolumedata,ntermediateenderinglata,
or final renderedmages|n this paperwe usedatalevel comparisorto take advantage
of ary intermediaténformationin thevolumerenderingpipelinebeforethefinalimage
is generated.

Becauseof the wide variety of DVR algorithms,someof them have drastically
differentapproacheandthereforedifficult to obtainregisteredjntermediateendering
informationfor comparisonsHence we comparealgorithmsby first mappingthemto
a baseor referencealgorithmandthenderiving metricsnaturalto the basealgorithm
(Figure1(b)). We considetthis mappingasinvertibleandthuswe canexperimentwith



multiple basealgorithmsand develop their correspondingnmetrics.In this paper we
usethe projectionalgorithm as our basealgorithm, and focus our attentionon DVR
algorithmsappliedto regularly griddeddata.

compari sons
rendering 1: |data1|——| DVR 1 |——|image l|
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conpari son: (vol une dat a]Eenderi ng data] (pi xel val ue

rendering 2: |data2|——| DVR 2 |——|inage 2| base al gorithm
(a) conparison |evels (b) DVR conparison basis

Fig. 1. Typesof comparisonga) and basisfor comparingalgorithms(b). (a) highlights three
differentareasvhereonecanperformcomparisondata renderingnformation,andpixel values.
Datalevel comparisorincludescomparisorof dataandrenderingnformation,while imagelevel
comparisorworkswith pixel values(b) shavs thearchitecturdor comparingwo differentDVR
algorithmsvia acommonbasealgorithm.

2 Previous Work

In our earlierwork [3, 4], we describechow DVR algorithmscanbe simulatedusing
ray castingas a baseor referencealgorithm (Figure 1(b)). For example,projection-
basedlgorithmsweresimulatedby intersectingheray with the setof projectedpoly-

gonsof eachcell. We alsodevelopedsereralray-basednetricssuchasthedistancehe
ray traveled,the numberof samplesalongeachray, andsimilarity measuregor sam-
ple colorsanddataalongeachray. Here,we complemenbur earlierwork by usinga
projection-basedlgorithmasour baseor referencealgorithm.This involvesmapping
or simulatingother DVR algorithms,suchasray casting,into projection-base®VR

algorithms.

3 DatalLevel Approach

Figurel(a)delineatesmagelevel comparisor{usingpixel values)rom datalevel com-
parison(usingvolumeandrenderingdata).ln DVR, theintermediaténformationmay
includeitemsrelatedto the renderingprocessExamplesnclude:distribution of opac-
ities, valuesthat contrikute to a pixel, and minimal or maximal samplevaluesalong
the viewing direction.Intermediateénformationmay alsoincludeitemsrelatedto the
volumerenderingalgorithm.Transferfunctions,samplinglocationsandfrequeng, in-
terpolationfunctions,opacitythreshold andprojectionfilters areexamplesof informa-
tion relatedto the volumerenderingalgorithm.It shouldbe notedthatin somecases
this distinctionis blurred.In eithercase theseinformationand otherscanbe usedto
generatametricsfor datalevel comparison.

Therearetwo differentapproachesor collectingtheseintermediatenformation.
Oneapproactis to collectthemdirectly from the differentDVR algorithms.The other



approachs to first mapotherDVR algorithmsto a baseor referencealgorithm,then
collect the metricsfrom this basealgorithm. Both approachesave their advantages
anddisadwantagesThe main advantageof the first approachs the accurag of thein-
termediateinformationsincewe do not needto simulateor map the algorithmsto a
basealgorithmandtherebypossiblyintroducingsomeerrors.Thedisadwantage®f this
approachare:(a) difficulty in collectingregisteredandmeaningfulintermediaténfor-
mationthatcanbe comparedacrosdifferentDVR algorithms,and(b) the needto put
datacollectioncodein differentDVR implementationsOn the otherhand,the main
advantage®f thesecondapproactare:(a) ability to comparedifferentDVR algorithm
onthe samesetof intermediatalataascollectedfrom the referencelgorithm,and(b)
multiple choicesfor the referencealgorithm sincethe mappingis invertible. Thatis,
asdemonstratedby this paperand our earlierwork [3], a ray-basedVR algorithm
canbe mappedo a projection-base®dVR algorithm,andvice versa.The secondap-
proachalsohasa numberof disadwantages(a) difficulty of completelyspecifyingall
therenderingparameterso preciselycontrolthe mappingof someDVR algorithmsto
the basealgorithm, and (b) the needto mapto the basealgorithm or simulateother
DVR algorithms Thecritical thing to addresshefirst difficulty of thelatterapproachs
thatrigorousspecificationof all renderingparameterarenecessaryn orderto faith-
fully simulatea givenDVR algorithm.In theabsencef thisrigor, emphasishouldbe
placedon specifyingthe moreimportantrenderingparametersOur basicassumption
is that the major differencedrom different DVR imagesresultfrom thoseimportant
renderingparameters.

4 Projection asa BaseAlgorithm

A popularmodelfor computingthe color intensitiesasthe light passeshrougha se-
quenceof translucentnaterialis to assumehatthelight is attenuatedy the opacities
of thematerial.Thisis oftendescribedy the compositingequatiornbelow:

Cout;i = 0Ci + (1 — ;) Cin i 1)

o; is theopacityandC; is thecolor of theith objectto becompositedC}, ; is thecolor
intensitiesbeforethe ith objectis renderedor compositedpndC,,; ; is the resultof
rendering(or compositingXheith object.Integratingthis equationyieldsthe so called
volumerenderingintegral:

C(a,b) = / b E(s)e™ Ja 0@ g )

C(a,b) is the color intensity contributionsthrougha line from positiona to b. E is
the color emissionfunctionand is the differential opacity function. One may view
differentDVR algorithmsasvariationson how to approximatethe emissionfunction
FE andthe solutionof the volumerenderingintegral. For example,Eqn.2 hasa closed
form solutionif we assumeconstantcolor emissionand opacity betweenthe interval
of integration.Imageorderalgorithms ik e ray casting discretizehevolumerendering
integrationprocessandcomputemultiple compositiongEqgn. 1) of theintegratedcolors



(C(a,b) in Egn.2) of smalladjacensamplingintervals. The simples@approximatioris
simply C(a,b) = E(a) or E(b) ateachsamplingpoint. Our challengethenis to malke
a projection-basedlgorithm generalenoughto facilitate simulationsof the different
variantsof DVR algorithms.

Thestructureof our basealgorithmis thesameasthatof any objectorderalgorithm
like coheentprojection[17] or splatting[16, 5]. The basicideaof theseobjectorderal-
gorithmsis to computethe contributionsof the sub-volumesandcompositehemto the
imagedn theproperorder We corvenientlycollectary desiredmetricsasthealgorithm
calculatesontributionsto thefinal renderedmage.Thestructureof our comparisoral-
gorithmis:

Procedureroject:

1. Determinethe orderof volumecellsor voxelsto be projected.

2. For eachcell or voxel, in theappropriateorder
(a) Computethecontribution of the cell or voxel andcomposite.
(b) Collectmetrics

Thetermcell refersto the cubeformedby the 8 neighboringdatapointsin aregular
grid volume. The term voxelrefersto the region arounda datapoint. The shapef
the voxel dependon the datamodel.In splattingalgorithms the shape(andthusits 2
dimensionalcontrikution to the final renderedmage)is definedas a function of the
distancefrom the datapoint.

Projection-basedlgorithms[17,14] usuallytake advantageof hardware polygon
shadingfoundin modernworkstationsHowever, the projectionalgorithmsaregeneral
enoughto beextendedandsimulateeffectsof otherDVR algorithmsif they areimple-
mentedn softwareusingvolumescancorversion Thereforejn step(2a)of procedure
project, weimplementedrolumescancorversionto processasetof projectedpolygons
in software.This allows usto:

— simulateothervariationsof DVR algorithms(e.g.raycasting)y varying the vol-
umeintegrationmethodat eachpixel in the volumescancorversionprocedure.

— derive projection-basedhetricsto comparea wide rangeof algorithmson a com-
monbasis.

As pointedoutin [19], scancorversionof surfacepolygonshasbeenstudiedexten-
sively, but the procesdn volumerenderingis a differentproblem.In scancorverting
surfacesthe surface(or polygon)hasthe color propertieso be scannedHowever, in
scancorverting a volume cell (or voxel), we needto processthe material (or data)
betweenvolume cell facesthat hasthe color properties.in the following description
of the procedurecomposite sub-wlume, the detailsof our volumescancorvertingis
explained.Thestructureof our basealgorithmis thesameasothervolumescancorvert-
ing proceduredut it carriesadditionalinformationsuchasrelative locationsof front
and back points for simulationsof otheralgorithms(at linesin 2(c)(2) of procedure
compositesub-wolume below).

Procedureompositesub-wolume:



1. Decomposehe givensub-wlumeinto a setof projectedpolygons
2. For eachpolygonP,
(a) GettherangeR of thescanlineghatP occupiesn screerspaceandsetupthe
edgetable.
(b) Emptytheactive edgetable.
(c) Foreachscanlineof therangeR in bottom-to-toporder;
(1) Updateactive edgetable.
(2) For eachpixel from theleft edgeto theright edge,
x Updatefront andbackpixel information.
x Computethe contribtution betweenrthe front andback sub-wlumeat
thepixel.

For projectionbasedalgorithmssuchas Coheent Projection[17] or splatting|[5,
16], thefootprintof acell is oftenapproximatedsa setof polygons.Thetypical usage
of theseprojectionalgorithmscanbe easilysimulatedwith our basealgorithmby us-
ing surfacescancorversiononly. In this casethe contribution from a cell (or voxel) is
simply a colorintensityinterpolatedvithin thefootprint polygon.Samplingandrecon-
structionof volumedataandcolor mappingsaredoneonly at the verticesof projected
polygonsasin [5,16,17].

Image order algorithms,such as variationsof ray casting,can be simulatedby
changinghesamplingpatternsandtheapproximationso thevolumerenderingntegral
(i.e.lastline of Procedureeompositesub-wlume). Figure2 (color platel) illustrates
the simulationof variantsof ray castingwhile projectinga volume cell. The figure
shaws a crosssectionalview perpendiculato the projectionplane.For eachpixel, the
basealgorithmupdateghe informationneededo projecta volumecell, suchasdata
valuesandrelative locationsof the front and back points within the cell. Using the
specification®f renderingparameterssuchassamplingpatternswe cancalculatethe
colorcontritutionsof thecell alongtheray andcompositehemto thefinal image Pixel
(a) of figure 2 shavs valuesusedby a ray castingalgorithmthat samplesat cell face
intersectionsThe pink coloredsquaresepresenthe samplepoints. The color contri-
bution for pixel (a) is calculatedusingEqgn.2 assuminga constantolor valuebetween
the samplingintenal (oftenthe averageof front andbacksamplecolorsis used)and
compositedo the screen(using Egn. 1). Pixel (b) shavs the valuesusedby another
ray castingalgorithmthat usesregular sampling.Pixels (c) and (d) togethershov yet
anothewariationasusedby volumeslicing. Here,it is simulatedasa regularsampling
patternwith the first samplepoint startingfrom the plane closestto the screen.For
all the samplepointsin the figure 2, eithertheir datacanbe reconstructedndcolors
mappedfrom the transferfunction, or their samplecolors are interpolatedusing the
pre-mappedolorsof theeightcell corners.

In the context of scancorverting polygonsfor projection-base®VR algorithms,
we usethefollowing to classifysereralpopularDVR algorithms:

1. Data model — this distinguisheswvhetherdatais definedat verticesor at voxel
centersAn associatedhterpolationor distanceunctionis alsospecifiedfor each.

2. Inter polation value — this distinguishesvhetherdatavaluesarereconstructear
colorvaluesarebeinginterpolatedatthe polygonverticesor sampldocationsThat
is, thecolorintensitie E) in Egn.2 arecalculateceitherby



— interpolatingthe datavaluesandthenevaluatingthetransferfunction,or
— evaluatingthetransferfunctionfirst, theninterpolatingthe colors.

3. Scancorversion procedure — this specifiesvhetherpolygonor volumescancon-
versionis usedto renderthe polygonaldecompositionsf volumecells.In polygon
scancorversion,a softwareGouraudshadings usedto renderpolygons.

4. Samplingstrategy—thisdistinguishesvhethersamplesretakenregularly or only
at cell faceintersectionsandhow they shouldbe distributedthroughouthe entire
volumedata.

Basedon this four level classificatiorschemewe canidentify several DVR algo-
rithms that canbe simulatedas projection-basealgorithms.This classificationis not
meantto be exhaustve but simply illustrateshow different DVR algorithmscan be
viewedin termsof their variants For completespecification®f DVR algorithmsmore
detailedrenderingparametersvithin eachcriterion shouldbe specified.Usedin this
manney Table 1 shovs how somealgorithmsare distinguishedby their datamodel,
interpolationvalue,scancornversionprocedureandsamplingpattern.

DataModel InterpolationScan Sampling DVR

Values corversior|Pattern Algorithm
Cell model dataor color|volume |regular ray casting
with volume |[cellface ray casting
Tri-linear color volume |regular volumetexture
Interpolation volume |cellface sheafwarp

color polygon |cellface coherent

projection

Voxel modelwith irregular(depends
distancdunction |color polygon |ondistanceunction)splatting

Table 1. lllustration of how differentDVR algorithmscan be expressedn terms of
projection-basedlgorithmusingdifferentcombination®f the datamodel,valuebeing
interpolatedscancorversiontype,andsamplingpattern.

The datamodelin column(1) comeswith eitheran interpolationfunction or dis-
tancefunction.Whenthedatamodelassumesaluesaredefinedatverticegcell mode},
aninterpolationfunctionis oftenused.Iln suchsituationstri-linear interpolationseems
to betheinterpolatiormethodof choicein mary DVR implementationg-However, other
possibilitiesinclude higherorderinterpolationsor adaptve reconstructiorf7]. When
the datamodelassumewaluesare definedat voxel centers(voxelmode), a distance
functionis often usedto modelhow datavary within the confinesof the voxel. Other
distanceunctions,aswell assimplervoxel modelingusingnearesheighborscanalso
beincorporated.

Thesimulationsof variousDVR algorithmsthatwe justdescribedhave varyingde-
greesof accurag. More precisespecificationsieedto be madeif anexactsimulation
is desired For example,it is importantto notethatdifferentmethodsof polygonaliza-



tion mayleadto differentlooking images(seeFigure3, color platel). Thus,thecom-
plete polygonalizatiorpolicy mustalsobe specifiedif a faithful simulationis desired.
Anotherthing to noteis that projection-basedlgorithmsoften rely on hardwarescan
corversionof the polygons.Therefore,it is alsopossibleto notice somedifferences,
especiallyalongtheboundarie®f projectedpolygons.

We verified our approachandimplementatiorwith a renderercalledmdh[17,18]
which hasmultiple choicesof algorithms.We madethe renderingparameter®f our
simulationasidenticalaspossibleto thosefor thealgorithmsin mdhandmadesurethat
the differencesn the intermediateenderinginformationarewithin a giventolerance.
Thatis, we took differencesn colors,locationsanddatavaluesfor eachfront andback
verticesof the projectedpolygonsof all volumecells betweerour simulationsandthe
projectionalgorithmof mdhandmadesurethatthedifferencearenegligible (lessthan
107 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-

gorithmbasisandproposedor comparingDVR algorithmsimulations.Thesemetrics
shouldrevealinformationaboutthevolumedata(or colorintensitiesyaswell asthebe-
havior of DVR algorithmsTheideais to identify differencesn algorithmsthatmaynot

berevealedfrom imagelevel metricsalone.Notethattherearenumeroustheruseful
intermediateénformation(e.g.gradientandnormalcalculationsandsurfaceclassifica-
tion) thatcanalsobe collectedandusedasmetrics.

— Threshold-basedMetrics

The following metricsare obtainedto examinethe behaior of a DVR algorithm

for a given thresholdcondition. Eachmetric is measuredat eachpixel whenthe

accumulatedor sample)color componentseacheshe thresholdcondition.While

opacitiesareoftenusedfor specifyingthresholdevels,othercolorcomponentgan

alsobeused.In our currentimplementationa usercangive a thresholdcondition

thatcombinescolor andopacitythresholdvalues.

1. Number of cells
Different algorithmsuse different renderingparametersand thus eachalgo-
rithm may requirea differentnumberof cells to satisfy the given threshold
condition.
2. Distances
It is usefulto measurehe distancetraveledinto the volumebeforereachinga
specifiedhresholdconditionat eachpixel. Distancecanbe measuredrom the
users eye position(eyedistancé or from theboundingbox of thedatavolume
in theviewing direction(volumedistancg.
— Contrib ution Metrics

The following metricsmeasurehe contritution of eachcell to the final rendered

image.Theuserspecifies pixel in theimageto probe thenmetricsaremeasured

and visualizedto shov which cells contritutedto the selectedpixel and by how

much. Thesemetricscanbe usedwith or without specifyingan opacity or color



thresholdcondition. Contrikution metricsfor eachcell may eitherbe absoluteor

additive Absolutecontribution is the amountcontributedby a datacell to a pixel

asif thereis nothingbetweerthe cell andthe imageplane.Additive contribution

is the actualamountof contrikution by a datacell to a pixel becauséts absolute
contritution is attenuatedy the accumulateapacitysofar. Looking at the front-

to-backcompositiorequation,

Cacc,new = Cacc,old + (]- - aacc,old)Ccell,i (3)

whereClycc new 1S the new color intensityafter composition Cy..c, 014 iS the accu-
mulatedcolor beforecompositiorwith theith cell, C..;; ; is the color contribution
by theith cell, ando,..c 014 iS theopacitycomponendf Cy.. 014. Theabsolutecon-
tribution metricusestheterm C.;;,;. On the otherhand,the additive contribution
metricusestheterm(1 — agce,o1d) Ceelt,i-
1. Pixel Probe
This measureshe amountof color intensity contributed by eachcell to the
pixel beingprobed.
2. Cell Probe
This is similar to the pixel probebut showns otherinformation (e.g. averages,
minimum, maximum,andstandarddeviation) by the contrikuting cellsto the
target pixel. Thesestatisticsare collectedbasedon how eachdatacell con-
tributedto the pixelsin the final image.For example,whenthe contribution
from eachcellis distributedunerenlyacrosseveralpixels,ameasur®f spread
canbecalculatedor thatcell.
— Data Probe
Similarto cell probe,exceptthe userselectsa particulardatacell andis shavn the
contritution madeby thatcell on the differentpixelsof the DVR image.Notethat
thisis differentfrom the projectionfilter.
— Differ enceMetrics
While thresholdmetricsand contribution metricsprobehow eachalgorithmindi-
vidually behares difference®f thesemetricscanshav whereandhow two or more
algorithmsdiffer. For example,in additionto the differenceand statisticalmea-
sures(e.g. average, minimum, maximum,and standarddeviations) betweentwo
algorithms,differencesof the cell probe metric includesthe correlationof color
intensitiesgeneratedy the two algorithmsfor the pixelsthat are coveredby the
selectectell.

6 Examples

In this section,we shov someexamplesof applying our comparatre visualization
methodsand discussthe applicability of our metrics.Figure4 (color plate 1) shavs
volumerenderedmagesgeneratedy two differentalgorithms Both algorithmsrender
a 643 Hipip (High Potentiallron Protein)volumedata.Theimage(a) is generatedy
ray casting(simulationwith our basealgorithm)with samplingandreconstructiorof
dataatthecell facesTheimage(b) shavs animagegeneratedisinga polygonprojec-
tion algorithm.Theimagein (c) shons theabsolutaifferencedbetweerimage(a) and



image(b). Color intensitiesin the differenceimage(c) are magnifiedto shav the dif-
ferenceclearly (eachcolorintensityis multiplied by 10). Thisimagebaseccomparison
methodcanshaw locationandmagnitude®f differencesut not muchmore.

Figure5 (color plate2) demonstrateBow our datalevel metricscanprovide more
insight.Image(a) shavs the colormappedrisualizationof the numberof cells needed
to reachan opacitylevel of 0.11usingthe ray castingalgorithmthat generatedmage
(a) of Figure4. It shows that the regionsaroundthe red and blue moleculesrequire
more numberof cells to be examinedbeforereachingthe given opacity Image (b)
shaws the numberof cells neededo reachan opacitylevel of 0.2 usingthe polygon
projectionalgorithmthat producedmage(b) of Figure4. Image(c) shavs differences
in the numberof cells to reachopacity 0.15 betweenthe two algorithms.It shavs a
higherdifferencenearthe boundaryregionsof theredandblue moleculesAsidefrom
the opacitythreshold,userscanalsotry thresholdconditionscomposedf othercolor
channelsUserscan confirm that one sourcefor the differencesn Figure4 is dueto
the differentnumberof cells usedby eachalgorithm.The userscanfurther compare
algorithmsusingmetricssuchaspixel probefor specificpixelsof interestsimages(d)
and (e) of Figure5 showv absoluteand additive color contritutionsfrom all the cells
contrituting to a specificpixel. In particular the datacells that contributedto the red
componenbf theselectegixel arehighlighted.The absolutecontributionsin (d) shav
that the red intensitiescompositedwvere prominentlyhigherin a small region in the
volumedata,but the additive contributionsin (e) aremorewidely spreadThe yellow
arrowns show theviewing directionsandthe front-to-backtraversalof the algorithm.

Figure6 (color plate2) illustratesa hypotheticalcasestudyusingour metrics.The
two DVR imagesare generatedusing our scanlinesimulation of a ray-basedVR
method,but with differenttransferfunctions. The volume datais from a CAT scan
of a humanhead.In column (a), the locationof a hypotheticaltumor in the brain is
identifiedto be within the box region. The upperimageshaws the tumor but the lower
imagedoesnot shav it. The visualizationsin column (b) shav the volumedistance
metric associatedvith eachimage.The opacitythresholdis setto 0.31in both cases.
Blackcoloris assignedo pixelswherethe opacitydoesnotreachtheopacitythreshold.
In the lowerimageof column(b), nearthe region of interest,analmostflat, blue wall
indicatesthat the pixels accumulatednoughopacity without traveling throughmary
layersof datacells. On the other hand,the upperimageof column(b) shavs an al-
mostuniformly black region wherethe blue wall usedto be.With the exceptionof the
tumor, the region aroundit did not producedsufficient opacity This tool is especially
usefulif the personunderstandtiow the DVR algorithmswork andhow they are af-
fectedby thedifferentrenderingparameterd-dowever, othermetricscanalsohelpusers
to understandindverify the renderingmethods Columns(c) and(d) shav datalevel
analyseausing contribution-basednetrics.A pixel of the tumoris first selectedo be
examined.In column(c), the absoluteamountof opacity contributionsarevisualized
for all sub-wlumecells that contritute to the given pixel. In column(d), the additive
opacity valuesare shavn. The visualizationsshav that the transferfunction for the
lower row producedopacityvaluesthataretoo high to reachthe tumor. On the other
hand,onthetop row, bothabsoluteandadditive contritutionsarehighestwherethe hy-
potheticaltumoris located.Fromthe comparison®f the final renderedmagesalone,



it may not be obvious whetherthe opacityfor braintissueis settoo high or the data
rangefor the tumortissuess not setproperlyto be detectedby the transferfunction.
This casedemonstratethatour comparatie visualizationtechniqueganprovide more
insightinto why two renderedmagesaredifferentandhow renderingparametergsuch
astransferfunction)affecttheresultingimages.

7 Conclusion

We presented new datalevel framework that solvesdifficulties of comparingdiffer-
entDVR algorithmsanddemonstratetiow differentDVR algorithmscanbe simulated
using the projectionalgorithm basis.From this baseor referencealgorithm, several
new datalevel comparisormetricswerethenpresentedhathighlight differentaspects
of the volumedataandthe DVR algorithms.Thesemetrics,usedindividually andin
combination,provide additionalinformation beyond how two differentDVR images
aredifferent— they seekto provide cluesasto why and how the two imagesmay be
different.We also gave examplesof using our metricsand a hypotheticalcasestudy
thatdemonstratethe applicabilitiesof the metrics.Our nev methodologyovercomes
thelimitations of corventionalimagelevel comparisongandhelpsusto performmore
in-depthcomparisonsvhich are closelyrelatedto the purposeof a particularvisual-
izationapplicationaswell asgenerakenderingquality comparisonsTheseresultsare
importantto scientistdo helptheminterpretdifferentvisualizationresultsobjectively.
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Fig. 2. Simulationsof imagebasedalgorithmsusingour projectionbasealgorithms.The black

squareandthe greenverticalline illustratesa volume cell andits projectionto the screen For

eachpixel, the color contritutionsarecomputedby taking samplepointsandcompositingtheir

valuesalongtheviewing direction.Theblueverticallinesindicatea volumeslicing planeshared
by pixels(c) and(d).
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Fig. 3. Raycastingandprojectionalgorithmswith differentpolygonalizationThevolumedatais
42 with uniformvaluesexceptatthetwo cornersTheviewing directionis orthogonato thefront
face.Above image(b), (c) and(d), we shav the threetypesof polygonalization:(b) a square,
(c) and(d) two differenttriangulationsof a squareTheimagesshaw thatdifferenttriangulations
have differenteffectson Gouraudshading.
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Fig. 4. Volumerenderingandimagelevel comparisonsf Hipip. Imagega) and(b) aregenerated
usingour simulationsof (a) ray castingwith datasamplingsandreconstructionst cell faces,
and(b) polygonprojectionsuchascoherenprojection.Image(c) shavs the absolutalifferences
betweer(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,greenandblue channefespectiely. All imagesizesare256 x 256.
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Fig. 5. Datalevel comparison®f algorithmsusedin Figure 4. (a) shaws the numberof cells
neededo reachopacityof 0.11with with ray castingsimulation,(b) shavs the numberof cells
neededo reachopacity of 0.21 with the polygon projectionalgorithm, (c) shavs differences
in the numberof cells neededo reachopacity of 0.15for both algorithms.Colorsare usedto
indicaterelative valuesof the metric. Black indicatesregionsthat did not reachthe threshold.
Thepixel probevisualizationsshavs the absolutgd) andadditive (e) redintensitycontritutions
of datafrom the volumeto the pixel marked by the crosshair.
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Fig. 6. Casestudyillustrating a hypotheticatumorandhow the volumedistancemetric (b) and
the pixel probe (c) and (d) can shedmoreinsight. Visualizationsof column(c) and (d) shav
differencesn absoluteandadditive color contritutionsfrom volumecells.



