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ABSTRACT

Scienti�c illustrationsuseacceptedconventionsandmethodologies
to effectively convey objectpropertiesandimproveourunderstand-
ing. Wepresentamethodto illustratevolumedatasetsby emulating
exampleillustrations. As with technicalillustrations,our volume
illustrationsmoreclearly delineateobjects,enrichdetails,andar-
tistically visualizevolumedatasets.For both color andscalar3D
volumes,we have developedan automaticcolor transfermethod
basedon theclusteringandsimilaritiesin theexampleillustrations
andvolumesources.As an extensionto 2D WangTiles, we pro-
vide a new, generaltexturesynthesismethodfor WangCubesthat
solves the edgediscontinuityproblem. We have developeda 2D
illustrative sliceviewer anda GPU-baseddirect volumerendering
systemthatusesthesenon-periodic3D texturesto generateillustra-
tive resultssimilar to the2D examples.Both applicationssimulate
scienti�c illustrationsto providemoreinformationthantheoriginal
dataand visualizeobjectsmore effectively, while only requiring
simpleuserinteraction.

CR Categories: I.3.7 [ComputerGraphics]:Three-Dimensional
GraphicsandRealism—color, shading,andtexture

Keywords: VolumeIllustration,Example-basedRendering,Wang
Cubes,TextureSynthesis,ColorTransfer.

1 I NTRODUCTI ON

Scienti�c illustrationsplay anessentialrole in educationandtrain-
ing. For example, illustrations are a vital medium in teaching
anatomy, explaining biological processes,highlighting anomalies,
andexplaining surgical procedures.They arecommonlyusedas
examplesto explain structures(e.g.,shape,size,appearance,etc.)
andprovide stylizedor additionalinformationto acquireddatasets
(e.g., CT and MRI). Therefore,exploring an example-basedren-
deringmethodcanadapttraditionalillustrationtechniquesto more
effectively presentinformationandprovide a familiar environment
to thosewhohavebeentrainedwith similar imagesfor years.

Becauseof theinevitableinformationlossduringtheacquisition
of scienti�c datasets,many illustratorsemploy texturesto enrich
objectdetails.Thesetexturesusuallyprovidemoreinformationbe-
yond the original dataresolutionand improve the understanding
of therealobjects.For example,Figure1 showsanillustrationof a
slicethroughtheupperabdomenandacorrespondingmagneticres-
onanceimage(MRI) [27]. The illustrative sectionprovidesmuch
moreinformationthantheMRI by adding�ne structuraldetailand
clearlydelineatingorganswith acceptedconventions,suchasdraw-
ing theveinsin blueandarteriesin red[13].

Althoughscienti�c illustrationsdonotexactlyreplicaterealsub-
jects,theillustratorsfollow speci�c methodologiesandprocedures
to concisely, accurately, andeffectively convey the importantas-
pectsof thesubject,suchasshape,location,orientation,andstruc-
ture. Figure2 shows two pairsof scienti�c illustrationsandhigh-

� e-mail: f alu,ebertdg@purdue.edu

Figure 1: A scienti�c illustration shows more general information
with colored textures than the corresponding MRI.

resolutionmedicalimagesfrom theVisibleHumanProject[1] com-
paringthesameorgansof thehumanbody. Theseexamplesdemon-
strateastrongsimilarity betweenscienti�c illustrationsandthereal
subjects. They also show that illustratorsusually modify and/or
simplify thesizeor positionof a realsubjectto achieve a coherent
structure,andchangerealcolorsto distinguishoneobjectfrom the
surroundingsandimprove understanding.For example,in Figure
2(a), the geometryanddetail of the spinaldisk (in blue) hasbeen
simpli�ed sinceit is not thefocusof theillustration.On thewhole,
theseexamplesdemonstratethestrongability of scienti�c illustra-
tionsto provideexpressiveandadditionalinformationcomparedto
medicalimages.Similar to scienti�c illustrations,theutilizationof
texturescanprovide more informationandserve asan additional
methodto distinguishdifferentobjects,matchingthevisualization
objective of featurerenderingandexploration. However, the large
memoryrequirementsandtheneedfor bothhigh-resolution3D tex-
turesynthesismethodsandtedioususerinteractionlimit therender-
ing features,resolutions,andstyles.

In this paper, we presenta methodto generateillustrative ren-
deringsof volume datasetsusing example illustrationsand pho-
tographs.Our methodis composedof a texturesynthesisandcolor
transfermethodto generateillustrative 3D textures. Oncethe il-
lustrative texturesaregenerated,volumedatasetsof similar subject
mattercanbe interactively renderedusingany of theseillustrative
textures.As in scienti�c illustrations,these3D texturescanbeused
in volumeapplicationsto enrichdetailandachieve illustrative and
artisticrenderingstyles.Speci�cally, to emulateexample2D illus-
trations,the3D texturesareautomaticallygeneratedby recoloring
available3D samplesusingcolordistributions.WangCubes[5] are
thensynthesizedfrom thecolored3D samplesandusedto generate
non-periodicvolumetric textures. The texturesfor all the materi-
als/objectsareef�ciently mappedinto avolume,enrichingbothde-
tail andtherendering,while usingasmallamountof texturespace.

For volumeillustration,volumetexturesof realor similarobjects
arechosenasinput to provide meaningfulinformation.First, their
colorsaretransferredusingselectedsampleillustrationsto gener-
ate illustrative textures(Section3). Next, the illustrative textures
areusedto synthesizeasetof WangCubes(Section4). Thesesyn-
thesizedWangCubescantile any sizedvolumetextureandareused
in interactive rendering(Section5). To matchobjectfeatures,we
generateonetexture for every objectin thevolume. Theusersare
only requiredto providetheinputtexturesandillustrationexamples
prior to theinteractive rendering.

We have developedtwo applicationsusingthesenew methods.



Figure 2: The comparison of scienti�c illustrations (left, which are
enlarged from Figure 1) and high-resolution medical imagesfrom the
visible woman (right) around the vertebra and liver. The imagesare
scaled to match each other.

Our real-time2D slice viewer allows usersto createcontinuous
illustrative slice views for any cut direction throughthe volume,
while our GPU-baseddirectvolumerenderergeneratesvolumetric
datasetillustrations,wheretheillustrationstylesandeffectscanbe
interactively modi�ed throughmultipletransferfunctions.Bothap-
plicationstakeadvantageof theabilitiesof scienti�c illustrationsto
effectively convey objectproperties,andsave tedioususerinterac-
tion throughour new example-basedtexture generationandcolor
transfermethods.

2 REL ATED WORK

Volumeillustration techniquestake advantageof the effectiveness
of scienti�c andartistic illustrationsto improve volumevisualiza-
tions in many aspects.For instance,Kirby et al. [15] combined
multiple datavaluesto generate2D �o w imagesby utilizing con-
ceptsfrom paintings.Saitoexploredtheusageof simpleprimitives
on isosurfacesto depictvolumeshapes[23]. Owadaetal. [20] pre-
sentedanapproachfor polygonmeshesusingtexturesynthesison
a surface. Herewe concentrateon generalillustrationsof volume
datasets,extendingtheearlywork of combiningnon-photorealistic
rendering(NPR)andvolumerenderingtechniquesto enhanceim-
portant featuresand regions [7]. Artistic renderingeffects were
achievedby implementingartisticproceduresandsimulatingillus-
tration techniques[18, 28]. Recently, thesetechniqueshave been
extendedwith hardware-acceleratedrenderingtechniquesto render
largedatasetsandproducehighquality results[9, 17].

WangTiles[29,30] areusedto generatenon-periodictexturesin
computergraphicsby following their placingrules. Analogousto
WangTiles, Culik andKari [5] introducedWangCubeswith col-
ored faces. Several researchershave usedWangTiles andWang
Cubesto generatetexturesandpatternsin computergraphics,in-
cluding JosStam[26] for watersimulation,Neyret andCani [19]
for stochasticsurfacetiling, Cohenet al. [4] for non-periodicim-
agegeneration,Sibley et al. [24] for videosynthesisandgeometry
placement,andLu etal. [16] for illustrativevolumerenderingusing
geometricprimitives.

Example-basedapproacheshave beenusedin many �elds, such
asmachinetranslation,imageprocessing,andrendering.Because
of theirability to “learn” from examples,theseapproachestakead-
vantageof useful information that is dif�cult to summarize,and
simplify userinteraction. Within this �eld, we areespeciallyin-
terestedin two categories, example-basedrenderingand texture
synthesis.Example-basedrenderinggeneratesnew resultsby sim-
ulating the drawing stylesof examples. Freemanet al. [8] used
Markov random�elds to learn the transformationfrom captured
image to sceneinterpretation. Hertzmannet al. [12] presented
the image analogyframework. Drori et al. [6] and Hamel and
Strothotte[10] generatednew imagesby extrapolatingmultipleex-
amplestyle fragments.Theexample-basedideahasalsobeenex-
ploredfor texturesynthesismethodsin variousapplications,includ-
ing the work of Haro and Essa[11] and Chenet al. [3]. Also,

Wang and Mueller [31] generatedmissingdetails from available
high-resolutiondatafor virtual microscopy by matchingthe data
sourcedetailsonmultiple levels.

3 COL OR TRANSFER

3.1 Problemand Assumptions

To simulatearbitraryillustrationexamplesfor volumeapplications,
we mustsolve the problemof synthesizinghigh resolutionthree-
dimensionaltexturesfrom two-dimensionalillustration examples.
Achieving high quality 3D textures from 2D examplesis a dif-
�cult task [32]. Another limiting factor is that many texture ex-
ampleshave insuf�cient resolutionfor texturesynthesissincethey
arecroppedfrom illustrationsandboundedby the sizeof the real
objects. On the otherhand,thesesmall texture examplesprovide
usefulcolor distributions.Sincescienti�c illustrationsusuallyrep-
resentimportant,real object features,it is commonto seestrong
similaritiesbetweenthe illustrationsandthe real objects,andbe-
tween two illustrationsof the sameobjectseven when they use
differentdrawing styles(Figure2). We canusethesesimilarities
to changethe problemof three-dimensionaltexture synthesisto a
color transferproblemby usingavailable3D sourcetextures(e.g.,
color sectionvolumes,MR, CT scalarvolumes).

To simulatethestylesof exampleillustrations,we transferboth
thechromatic(two channels)andluminancevaluesfrom theillus-
trationsto thesourcedataset.Sincea3D textureis treatedasanar-
ray of color (or grey-scale)information,thecolor transferproblem
hasnofundamentaldifferencesfrom color transferbetween2D im-
ages.Ourwork is basedonReinhard'smethod[21], whichtransfers
colorsbetweencoloredimagesby mappingthemeanandstandard
deviations along eachcolor channeland usesdistance-weighted
colorsfrom separateswatchesto improvetheresults,sincethequal-
ity dependsonthecompositionsimilarity betweentheexampleand
sourceimages.To savesomecolorblending,Welshetal. [33] trans-
fer colorsbetweencorrespondingswatchesandthey targettransfer-
ring colorsto grey scaleimagesby matchingluminanceandtexture
information.Theeffectivenessof theresultis highly dependenton
theuser's selectionof correspondingregionsin eachimage.How-
ever, theuserinteractionrequiredby theirmethodto adjustthecor-
respondingregionsmanuallybecomesmuchmoredif�cult andte-
diousfor 3D textures.Therefore,wepresentafully automaticcolor
transfermethodfor 3D volumesfrom user-providedexamplepho-
tographsor illustrationsto sourcedatavolume.

In medicineandmany biological �elds, photographicvolumes
for many subjectsarereadilybecomingavailable(e.g.,TheVisible
HumanProject). Our techniqueworks for transferringcolor from
2D sourcesto three-dimensionalvolumedatasetsusingthesecolor
volumeswhenavailableandalsofor directly transferringfrom the
2D sourceimagesto more readily availablescalarvolumes(e.g.,
high resolutionCT datasets)by consideringthe scalarvolumesas
grey-scalecolor volumes.

Our solution is composedof threesteps: clustering,mapping,
andtransferring.We usethe following two assumptionsbasedon
similaritiesbetweentheexampleimagesandsourcevolumes:

1. Simplicity: Illustrationscanimproveourunderstandingof the
subjectby omitting someunnecessarydetails.Therefore,we
assumean illustration is a simpli�ed drawing of the realob-
ject. Sinceillustrationsusually employ different colors for
differentobjects,we assumethat if two objectsdo not have
thesamecolorsin theexample,they will not sharethesame
colors in the source. This assumptionis unavoidablein an
automaticmethodwith nouserinteraction.

2. Similarity: Scienti�c illustrations often effectively capture
object features,including relative areaand volume propor-



Figure 3: (a) A liver source volume. (b) An example cropped from
the examplesof Figure 10(b). (c)-(f ) The color transfer results from
(b) to (a) with di�erent cluster numbers. (g)-(h) The clustering
results of (a) and (b), while blue shows color histograms, and red
and black show the clusters.

tions.Therefore,we assumethatobjectdistributionsaresim-
ilar betweenthe sourcesandexamples. This assumptionis
exhibitedby mostillustrationsandwe only needa roughcor-
respondencefor themappingstep.

3.2 Color Transfer Process

Duringtheclusteringstep,we�nd colorclustersetsusingcolordis-
tribution informationfrom theexampleimageandsourcevolume,
respectively. The color histogramsare gatheredfrom the whole
texture for the 3 channelsof the la b color space[22]. We use
this color spacebecauseof the independencebetweenthe lumi-
nanceandtwo chrominancechannels.Sincethe color transferis
basedon themeansandvariancesof theclusters,a setof Gaussian
functionsis �t onto the color histograms.Thesefunctionscorre-
spondto thecolorclustersin thetextures.For example,Figure3(g)
and(h) show theclusteringresultsfor the liver volume(a) andan
illustration example(b), in which the red line correspondsto the
liver body and the black line correspondsto the veins and arter-
ies. Therefore,eachfunctionmusthave thesameareaon thethree
colordistributions,althoughdifferentshapesarepossible.Thebest
parametersfor thesetof quantizedGaussianfunctions(centerloca-
tions,weights,andheights)aresearchedunderthisarearestriction.
The algorithmstartswith the setof one function andstopswhen
themaximumerror is smallerthana user-speci�ed threshold(e.g.,
5%). Basedon the �rst assumption,the color distribution of the
sourcehasat leastasmany clustersastheexample.Therefore,we
�rst �t theexampleimage,thenthesourcevolumeuntil boththeer-
ror thresholdis satis�ed andthenumberof clustersis greaterthan
or equalto thatof theexample.For theclusteringprocess,thecolor
histogramsarescaledfrom 0 to 1.

The mappingstep�nds a correspondencemapfrom the source
colorclustersGs = f Gsi; i = 1� � �Nsg to theexamplecolorclusters
Ge =

�
Gej ; j = 1� � �Ne

	
. Basedon assumptionone,eachsource

clusteronly correspondsto oneexamplecluster;therefore,Ns � Ne
and thereexists sucha multiple to one mappingfrom Gs to Ge.

Basedon assumptiontwo, this mappingshouldsatisfysimilar ob-
ject distributions betweenthe examplesand sources. Assuming
S= f si = Area(Gsi)g andE =

�
ej = Area(Gej )

	
arethe normal-

ized areasetsof the color clustersof the sourceandexample,re-
spectively. The mappingproblemcan be describedas �nding a
multiple-to-onemappingf (S) ! E for theminimizationof thefol-
lowing mappingerror:

MError =
Ns

å
i= 1

(si � f (si))2; where
Ns

å
i= 1

si = 1;
Ne

å
j= 1

ej = 1; andNs � Ne:

(1)
WhenNs = Ne, thismapis aoneto onecorrespondence.Themap-
pingerrorsfrom theNs factorialcombinationsarecalculatedto �nd
a solutionwith theminimumerror. Becauseof thealgorithmcom-
plexity, a greedyalgorithmcanbe usedto producea relative op-
timization solution. The two clustersetsS andE aresortedsepa-
rately, andthenthetwo clustersaremappedfrom thesourceto the
exampledirectly if they sharethesamesequencein their clusters,
as f (s0

i) = i. Themappingsaredesignedrandomlyif multiple items
with thesamevalueexist, which rarelyhappenswith realdata.

When Ns > Ne, the map is a multiple to one correspondence,
which meansthe examplesomit someof the detailsby merging
multiple realobjectsinto thesameregion. We generateintermedi-
atesourceclustersetS0 with sizeNe by merging clusterstogether.
Then,we usetheNs = Ne caseto �nd themappingerror for each
intermediateclusterset,andchoosethemappingf 0 with themin-
imum mappingerror. The mappingfunction f canbe easilybuilt
from f 0by reversingthemergingsequence.

After building the correspondencemap, we perform the color
transferon thethreela b channelsat thesametime,sincethey are
combinedin thecolor clustersets.For eachvoxel ~cv in thesource
volume,we �rst calculatethedistance~di from ~cv to eachcenterof
the sourcecolor clusters ~Esi in 3D. The norm Di is calcuatedby
usingthe valueranges~V to balancethe threechannels.Then,we
calculatethe transferredcolor ~ci to every sourceclusterfrom the
correspondingexamplecluster. The�nal transferredcolorvector~C
is calculatedby usinganinversefunctionq() of thedistanceDi .

~C =
å Ns

i= 1(~ci � q(Di ))

å Ns
i= 1(q(Di))

; whereDi =
s

å
j= l ;a ;b

(di; j=Vj ) (2)

andci; j =
(cv; j � Esi; j ) � (sef (si ); j )

ssi; j
+ Eef (si ); j ; j = l ;a ;b (3)

Since scalarvolumesonly have a luminancedistribution, the
clusterset of the sourceis searchedusing this channel,and the
mappingis still built basedon clusterareaproportions.During the
transferstep,Di is calculatedasjcv � Esij. The color vector~cv is
composedby the sourcescalarvalueas [cv;cv;cv] andso are the
mean ~Esi and deviation ~ssi. The �nal transferredcolor ~C is cal-
culatedusingthe restof theequations(2) and(3) asfor a colored
volume.

3.3 Color Transfer Resultsand Discussions

Figure3 (c)-(f) show thecolor transferresultsfrom (b) to (a) with
differentsourceandexampleclusternumbers.Since(e)and(f) save
somecolorblendingby transferringcolorsbetweenthecorrespond-
ing regions,they producemorevivid colorsthan(c, d). Theresult
(e) is dependenton the matchingof the correspondences,which
requiresuserinteractionto achieve a satisfyingresult.With anau-
tomaticprocessto detectthe clustersfrom color distributions,the
clusternumbersandparameterscanbecalculatedmoreaccurately;
therebyproducinga naturalcolor rangein (f) which matchesthe
averagecolor tone of the examples. Using the two assumptions



Figure 4: The sources,examples,and color transfer results of colored
volumes (top: fat and vessel) and scalar volumes (bottom: spleen
and kidney).

basedon thesimilarity betweenexamplesandsources,we areable
to build the correspondencebetweenthe clustersautomaticallyto
save userinteraction.As the4 otherresultsfor coloredandscalar
volumesshown in Figure4 illustrate, this methodcanbe usedto
generate3D texturesfor a wide rangeof examplesandsourcevol-
umes,includingarti�cial 3D textures[14]. Figure9 and10demon-
strate13 results(6 for the handsand 7 for the abdomen)on 10
different objects. Although we only transfercolors betweenone
exampleand one source,multiple examplesor sourceswill also
work sinceourmethodonly needsthecolordistributions.

While texturesynthesismethodsmayproducemorecontinuous
textures,they arenot practicalfor small examples.We chooseto
usea color transferapproachinsteadof texture synthesisbecause
of the similaritiesbetweenscienti�c illustrationsandreal objects
(Figure2), andtheseresultsalsodemonstratethe effectivenessof
illustrationscapturingat the subjectfeatures.This approachmay
be usedfor othertypesof sourceimages,with the requirementof
the similaritiesbetweenthe sourcesandexamples. However, the
two assumptionsimposesomelimits on their application. For in-
stance,if the blood vesselsin CT datahave the samevalues,the
color transferprocessworks,but cannotseparateveinsfrom arter-
iesautomatically.

4 TEXTURE SYNTHESI S FOR WANG CUBES

The requirementsof large memoryspaceandlong synthesistime
for high-resolution3D textureslimit their usein volumeapplica-
tions. Therefore,we useWang Cubes,the 3D extensionof 2D
WangTiles, to overcomeboth issuesandcreatenon-periodictex-
turesfor our illustrative renderings.In this section,we presentan
automaticcubesynthesismethodfrom a 3D samplevolume,dis-
cussanedgediscontinuityproblemwith WangCubes,andgivetwo
methodsto solve theproblem.

4.1 Automatic CubeSynthesis

WangTiles aresquaretiles with “colored” edges.They areplaced
on a planeedge-to-edgeonly if theadjacentedgessharethesame
“color”. Similarly, WangCubesarecubeswith “colored” facesin
the sensethat two cubescanbe put togetheronly if the adjacent
faceshave matching“colors.” Let's denotethecubefacesasN, S,
W, E, F, andB, asshown in Figure5(h). SinceWangCubesare
not supposedto be rotated,two facesin the samedirection (NS,
WE, andFB) mustshareonesetof colors,while the facecolors
on differentdirectionsare independent.Figure5(a)-(d)show the
usageof a 16 WangCubeset. (a) shows a setof WangCubeswith
coloredfacesand2 colorsfor eachNS,WE, FB direction. (b) is a
83 tiling generatedwith theWangCubesetin (a). We rendereach

Figure 5: (a) A set of 16 Wang Cubes with 2 colors on each face.
(b) A 83 cube tiling with each cube a color. (c) A set of synthesized
cubes. (d) A composed 3D texture. (e) Tile generation using dia-
mond samples. (f ) Cube generation using an octahedron for the W
cube face. (g) Cube generation using \face volumes" with two ellip-
tical spheroids to restrict the synthesis shape for the W cube face.
(h) The cube face directions.

cubewith a color to show thetiling is non-periodic.(c) shows the
samesetof WangCubes(a) �lled with 3D texturesand(d) shows
the composedlarger volumetexture by putting the cubecontents
(c) into the correspondingpositionsof the cubetiling in (b). The
essentialpointof usingWangCubesis thatthecubefacecolorsare
only usedto generatethenon-periodictilings, while thecontentsof
thecubescanbe�lled with arbitrarytextures.Oncethecubecon-
tentsaregenerated,new non-periodic3D texturescanbe quickly
generatedusingthesecubetilings.

For 2D WangTiles,Cohenetal. [4] constructeachtile by �nding
cuttingpathsto combinethefour samplediamondsthatcorrespond
to the edgecolorsof the tile, asshown in Figure5(e). Sibley et
al. [24] andLu etal. [16] extendthe2D tile generationto 3D cubes
by usinganoctahedronto correspondto a facecolorandsynthesiz-
ing a cubewith 6 octahedra(Figure5(f)). Four differentcorner-to-
cornersynthesisprocessesareneededto distinguishthe synthesis
directionsduring the cubegeneration.Here,we make the follow-
ing modi�cations to simplify this method.Replacingthe octrahe-
dra,a “f acevolume” is randomlychosenfrom thesamplevolume
andcorrespondsto a cubefacecolor. The facevolumeshave the
samesizeastheWangCubesandareusedin a similar way asthe
octahedrato composeacube.Similar to thegenerationof 2D tiles,
theusageof thefacevolumeschangesthesynthesisproblemalong
thecubefacesinto synthesisinsideeachcube.Sincethecuttingsur-
facesinsidea cubedo not needto follow a specialsynthesisshape,
two half elliptical spheroidsareusedto restrictthequilting regions
betweenaninitially randomlyselectedcubeanda facevolumefor
eachcubeface.Figure5(g) shows this processfor theW faceof a
cube.As in Sibley etal. [24] andWangandMueller [31], weadopt
thegraphcut algorithmwhich usesmax-�ow (min-cut) [2] for 3D
texture synthesis.This processis repeatedfor eachfaceof every
cubeuntil theaccumulatedsynthesiserrorsEi alongall thecutting
surfacesinsidethecubesarebelow adesiredthreshold.

4.2 EdgeDiscontinuity Problem

However, bothdirectandsimpli�ed cubegenerationmethodshave
anedgediscontinuityproblem,wherethetexturesarediscontinuous
onthecubeedgesalongthecubefaces.As the2� 2� 1 cubetiling
in Figure6(a)shows, theadjacentfacesof thefour cubessharethe
samecolorsand,therefore,thesametextures.SinceA(E) andC(E)
comefrom two randomlyselectedsamples,they arenotnecessarily
continuousat theedgea1 alongthis cubeface.Figure6(b) shows
thatthisproblemgeneratesatexturewith obviousdiscontinuitieson



all thecubeedges,althoughthetexturesarecontinuousinsideeach
cubeandwithin theadjacentfaces.Therefore,consideringonly the
facecolorsis not suf�cient to generatean everywherecontinuous
3D texturefor WangCubes.

For the synthesisof generalWangCubesets,we addan addi-
tional modi�cation phasefor thefacevolumesto ensureedgecon-
tinuity. Sincethe6 facesof a cubeareindependentlydesigned,an
edgein thecubetiling maybeadjacentto any facecolor in thetwo
verticaldirections.Whenthejointsof 2 arbitraryfacesarenotcon-
tinuous,thecubetiling cannotguaranteeedgecontinuities.Because
of this faceindependence,thecubeedgesmustbemadethesame
in eachdirectionto assureedgecontinuity. Therefore,for eachof
theNS,WE,andFB directions,an“edgevolume”is randomlycho-
senfrom thesamplevolumeandtied to this direction.For theface
volumesthatcorrespondto thecolorsin theWE directions,theNS
and FB edgevolumesare usedto modify the 4 edgeregions of
theWE middleplane.Figure6(c) shows theNS edgevolumesfor
this case.Similar to the synthesisof a cubewith facevolumes,a
quilting surfaceis searchedwithin the two half cylindersbetween
thefaceandedgevolumes.Thefacevolumescorrespondingto the
colorson the NS andFB directionsaresynthesizedwith WE-FB
andNS-WEedgevolumesrespectively. Thenewly generatedface
volumesareusedto generatethecubesusingthepreviousmethod,
therebyguaranteeingtexturecontinuity.

An alternative methodfor textureswithout sharpboundariesis
to introduceanedgeerrorfactorinto thesynthesisprocess.Theac-
cumulatedsynthesiserrors,Es, for acubesetaretheweightedsum
of the inside errors,Ei , decidedpreviously and the newly added
edgeerrors,Ee: Es = pi � Ei + pe � Ee. Ee is usedto measurethe
averageedgediscontinutiesfor thecomposedtextures.We assume
eachcubeis equallyrandomlypicked during the cubetiling gen-
eration. Sincethe discontinuitiesalongan edgecomefrom the 2
vertical pairsof adjacentcubefaces,for example,A(E)-C(E) and
C(N)-D(N) for theedgea1� b2� c3� d4 in Figure6(a).For each
faceof a cube,theerrorsof the4 edgesarecalculatedfrom all the
cubeswhichhave thesamecoloron theadjacentface,sothatthe2
faceerrorsof the12 edgesfrom all thecombinationsarecollected
onceandonly once. To balancethe insideandedgeerrors,their
weightspi and pe aresetasthe inverseof their cutting pathsize.
Thissimplemodi�cation workswell for many exampletextures.

Figure6 showstwo synthesizedvolumesof aliver(d) andaheart
(e) with a setof 163 cubesin a 83 cubetiling. The liver usesthe
extra edgevolume�xing phaseand the heartusesthe edgeerror
factor approach. Both methodstake around10 to 20 minutesto
generatea 16 cubesetwith 163 cubes,while arbitrarysizednew
3D texturesarecomposedwith a few seconds.

Insteadof faces,the cubescanalsobe coloredby corners.We
canchoose“corner volumes”that correspondto the cornercolors
andsynthesizea cubewith themin a similar way asthe“f acevol-
umes.” While this ensurestexture continuity for the whole space,
theminimumcubesetwill beincreasedto 128cubes[16].

Thetradeoff of usingWangCubesto save texturememoryis the
repetitive appearanceof the synthesizedtextures. Sincea set of
WangCubeshasonly a limited numberof samples,it is inevitable
thatthesesampleswill repeatthemselvessomewherein thevolume.
This issueis alsodiscussedfor WangTiles in [4]. Therefore,Wang
Cubesare especiallyuseful to generatetextureswith similarities
becauseof theirnon-periodictiling. Thesynthesizedvolumesusing
WangCubesarenot limited to homogeneoustextures[16], andthis
repetitiveappearanceissuecanbeimprovedby largercubesets.

5 VOL UM E APPL I CATI ONS

Simulatingscienti�c illustrations,we have developedtwo volume
applicationsthat useour synthesizednon-periodic3D texturesto
enrich the detailsof the original datasets:a 2D slice viewer and

Figure 6: (a) A 2x2 cube tiling. (b) A result showing the edge
discontinuity problem along the cube faces. (c) Edge volume usage
for the FB edgesof a WE face volume. (d) A liver texture generated
using edge volumes. (e) A heart texture generated using the edge
error factor.

a direct volumerenderingsystem. The systemsbasicallyusethe
voxel valuesin the volumesto be visualizedto provide the shape
andopacityfor eachmaterialandobject. The user-chosenexam-
ple illustration providesthe colorsandtexturesto generatethree-
dimensionaltexturesusedfor rendering. To generatethesedetail
texturesfor eachobject,a high-resolution3D scalaror color vol-
umecorrespondingto a representative real object is chosen. For
segmentedvolumedatasets,thesegmentationmaskscontainingone
objectID for eachvoxel canbe usedto specifythe texture index.
For unsegmenteddatasets,we can selectthe desiredtexel value
using transferfunctionsto generatevoxel opacitiesthat are then
blendedwith thetexel values.Moreover, transferfunctionscanal-
waysbeusedto modify theshapeandopacityof anobjectfor both
segmentedandunsegmenteddatasets.

Oncethe illustrative detail texturesaregenerated,they areused
for visualizingany scalarvolumecontainingsimilar objects(e.g.,
abdominalCT scansfor all patients).Therenderingstyleis mainly
determinedby thesecolor transferredtextures,but can be modi-
�ed byseveralselectedrenderingparametersandtransferfunctions.
For example,using interactive 2D transferfunctions,we usually
make theskin transparent,sothatboththeskin andthevolumein-
terior caneasilybe seen.Comparingour methodwith traditional
volumevisualization,the illustrative 3D texturesareusedto color
thescalarvolume,replacingthetraditionalcolor transferfunction.
Therefore,ourmethodpreservesthe�delity of theoriginaldatasets
andprovidesinformative additionaldetail. Thedesignof bothap-
plicationspreserves the �e xibility of the direct volumerendering
approachto interactively selectwhichobjectsin avolumearevisu-
alizedthroughsimpleuserinteraction.

Oursampletexturevolumesarechosenfrom highresolutionvol-
umedatasets,suchasthefull coloredVisibleWomanphotographic
andCT datasets[1]. The datasetswe usedin Figure7, 9, and10
aresegmentedCT scalarvolumes.Figure8(b) is anunsegmented
CT feetdataset.The selectionof 3D texturesamplesproceedsby
automaticallysearchingthelargestsamplevolumefrom thewhole
dataset,matchingseveral standardstatisticaltexture featureswith
theuser-selectedsampleimages.The3D texturesamplescanthen
be useddirectly to synthesizesetsof cubes(producingrendered



Figure 7: A seriesof hand slicesas the cutting plane moves through
the volume.

textureemulatingthehighresolutionsourcevolume),or aftercolor
is transferredfrom 2D exampleillustrations.Weuseoneminimum
WangCubesetwith 16cubesfor all thetextures.Sinceall of them
have the samecubefacecolor set, onecubetiling for the whole
volumeis sharedby all thesynthesizedcubesets.

5.1 2D SliceViewer

The2D sliceviewer usesthesynthesized3D texturesandsegmen-
tation masksto generateillustrative slices. From the objectID of
the segmentationmasks,the pixel color is fetchedfrom the cor-
respondingcomposed3D texturesby usingthe transformedworld
position. Although 2D imagescanbe generatedwith WangTiles
or other 2D texture synthesismethods,extra operations,suchas
smoothingadjacentimages,areneededto avoid jumpingandpop-
ping effectswhenthe usermovesthroughthe slices. 3D textures
provide smoothtransitionsnaturally and the slice can be rotated
into any view directionat any positionin thevolume.Gradientin-
formationfrom thedatasetcanalsobeusedin thelighting to create
a relief texture effect. Theseillustrative slicesaregeneratedand
renderedin real-time.Figure7 shows a seriesof handsliceimages
astheslicemovesthroughthevolume.

5.2 Dir ectVolumeRendering

Wealsobuilt aGPU-basedvolumerenderingsystem(slicing)to di-
rectly illustratevolumedatasets.Sincethecubetiling hasthesame
sizeasthe volumedata,it is combinedwith the volumedataand
segmentationmasksinto onetexture unit to save texture memory.
AssumingM setsof cubesareusedandC is thelengthof thecube
side,all thecubetexturesaregroupedinto agrid of 4C� 4C� MC,
whereeachcubeis still storedasa volumeso that tri-linear inter-
polationcanbe achieved. Oneproblemthat canoccur is that the
detailsfrom thecomposedtexturesmaybe too small to beseenif
weonly allow eachcubeto mapontoonevoxel. Therefore,weadd
a renderingscaleparameterfor eachcubeset,which corresponds
to thevoxel numbersin eachdirection.Additionally, sometextures
might not be seenclearly after rendering,mainly becauseof the
lack of texture variationsfrom the samplevolumesandthe usage
of speci�c renderingsettings.We sharpenthecubetextureswhile
maintainingtheaveragecolorsto overcomethisproblem.

Themaindif�culty in implementationis thecalculationof tex-
turecoordinatesin thefragmentprogram.Sincethecomposed3D
textures(scaledby therenderingscaleparameter)arestoredsepa-
rately asthe synthesizedcubesanda cubetiling, we needto cal-
culatethe transformedcoordinatesfor eachfragment.Also, since
the cubesfor all the texturesarepacked into onetexture unit, the
texture coordinatesmust be accuratelymappedinside a cubein-
steadof betweenthe cubes.For eachfragment,we calculatetwo
positionsfrom theworld coordinates:thevoxel centerpositionand

Figure 8: (a) Two CT slices of the hand and feet show the limited
resolution of the original datasets. (b) Volume illustration of the
unsegmented feet dataset. The skin and bone textures reuse the
cube textures generated for Figure 9(c).

therelativeshift of thecurrentworld positionto theleft-down-back
cornerof thevoxel. Then,thecurrentsegmentationmaskis usedto
retrieve the renderscalefor this object. The voxel centerposition
andthe renderscaleareusedto calculatethecubeindex from the
cubetiling. Finally, the relative positionandthe renderscaleare
usedto retrieve thecolorof thecurrentpositionin thecube.

After retrieving the cubecolor, we canusesilhouetteenhance-
mentand lighting effects [9], which arecommonlyusedin illus-
trations,in additionto transferfunctionsto calculatethe�nal color
for the currentworld position. Figure 9(a) and 10(a) are gener-
atedfrom thefull coloredslicesof thevisible humanby synthesiz-
ing cubetexturesdirectly from the input textures. Figure9(b, c)
and10(b)areillustrationswith color transferredtexturesfrom the
correspondingillustrative examples.All theresultssharethesame
dataresolution,but differ in style. To generatethe imagein Fig-
ure9(c),anelliptical spheroidis usedto graduallycutaway thefat,
while parallelcutting planesareusedin generatingFigure10(b).
The two examplesof the handcomefrom [25] andthe abdomens
arefrom [27]. The renderingtime for these�nal, high-resolution
renderingsis around1 secondper framefor 500x500imagesand
500slicesonaNvidia QuadroFX 3400graphicscard.

Theillustrationin Figure1 includesmoreobjectdetailsthanthe
right MR imagealthoughthey have thesamesize.Similarly, in our
rendering,the sourcevolumedatahaslimited information,while
we generatecubetexturesfrom high-resolutiondataandusethem
to enrichthe previous volumedata. To provide meaningfulinfor-
mation, we usually choosecorrespondingcubetexturesfor each
object/region in avolume.For example,wechooseliver texturesto
renderthe liver, while skin texturesareusedto renderskin. These
correspondingtexturescontaintheinformationaboutobjectappear-
ance,color, component,andshapeandcanbeusedto improve the
understandingof thedatafor educationandtraining.

To further simulatethe example illustrations,we interactively
adjusttherenderingparameters.For instance,weaddsilhouettesin
thevolumerenderingif therearesilhouettesin theexample,andwe
usemoretransparentskin in thevolumerenderingif theskinregion
is notthefocuspointin theexample.In ourdirectvolumerendering
approach,the userscaninteractively adjustthe lighting direction,
transferfunctionsfor opacities,and four renderingparameters(1
for renderscale,2 for lighting, and 1 for silhouette)per object.
Figure8, 9, and10 have 2, 3, and8 objectsrespectively. After the
cubesaregenerated,it takesaskilleduserafew minutestovisualize
anunknown dataset.



Figure 9: Volume rendering of a hand dataset. (a) is rendered with the cubes synthesized from the Visible Woman photographic dataset.
(b) and (c) are rendered with recolored textures using their respective example illustrations. The three small images are cropped from the
corresponding exampleregionsand show the textures of fat, vessel,and bone, respectively. The silhouette colors in (b) and (c) are also selected
from the examplesand shown as the box colors around the samples.

5.3 User Interaction and StorageRequirements

Becauseof the ability to emulateexamplesby transferringtheir
color distributions,our methodrequiresmuchlessuserinteraction
thantraditionalrenderingapproaches.Only the2D illustrationand
sampleexamplesneedto be selectedby the userandthe 3D tex-
turesareautomaticallygenerated.Our approachcanrenderboth
segmentedandun-segmenteddatasets;therefore,mostuserinter-
actionoccurswhenadjustingthetransferfunctionsandlimited ren-
deringparameters.Moreover, oncethe cubeset is synthesized,it
canbeusedto generatetexturesfor thesameor similar subjectof
any sizeandthe cubesetsareusuallyreusable.For example,the
skin, vessel,and bonetexturesgeneratedfor the handdata(Fig-
ure 9) can be usedto renderthe feet data(Figure 8(b)). What's
more,oncethecubesetis synthesized,arbitrarysized3D textures
canbecomposedquickly.

Anotheradvantageof WangCubesfor volumerenderingis that
thesenon-periodictexturesoccupy muchlesstexturespace.Since
thecubetiling is combinedwith thevolumedataandsegmentation
masksinto onetexture unit, it doesnot usean extra texture unit.
The main memorydifferenceis for storingthe 3D textures. With
WangCubes,thetexturespaceof M setsof 16cubesis M� 16� C3.
To achieve thesameeffect of non-periodictextureswithout Wang
Cubes,M volumetric textureshaving the samesizeof the dataset
areneededusingM � V3 space.Therefore,the differenceof the
spacerequirementis 16C3=V3. In Figure9 and10, both datasets
are256� 256� 128andthecubesare163. Therefore,therequired
texture memorywith Wang Cubesis only 1/128 of that required
withoutWangCubes.

6 DI SCUSSI ON AND FUTURE WORK

Thispaperemploys3D texturesto improvethevisualizationof vol-
umedatasetsby enrichingmeaningfuldetailsandachieving illus-
trativestyles.Basedon themethodsfrom scienti�c illustrationsfor
conveying object features,we have built an automaticprocessto
simulateillustration “renderingstyles”usingcolor transferandil-
lustrationsimilarities. These“renderingstyles” captureimportant
illustrationinformation,suchasacceptedconventionsandusageof
colors.By simulatingthesestyles,theproposedmethodcangener-
ateexpressive andpleasingrenderingresultswith a muchsimpler

processthanby manualadjustingall parametersandcolormaps.
To synthesize3D texturesfrom 2D examplesis a very challeng-

ing task. By carefully observingthe featuresof scienti�c illustra-
tions,we usecolor transfermethodsandavailablevolumedatasets
to automaticallygenerateillustrative3D textures,whichcangener-
atehigh resolution3D texturesfrom small2D exampleswith little
userefforts. Theusageof WangCubessigni�cantly alleviatesthe
issueof limited texturespace.Thesesynthesized3D texturescanbe
usedin both surface-basedmethodsanddirect volumerendering.
Our new renderingmethodkeepsthe advantageof direct volume
renderingthata usercanarbitrarily choosetheobject/region shape
with transferfunctionsandchangetheir focusof intent.

Sincemany medicalanatomytextbooksandatlasesusesillustra-
tionsin additionto medicalimages(suchasCT or MR), webelieve
thatthismethodis usefulfor educationalapplications.Thismethod
canbeextendedto severalareasof 3D texturing andcolor transfer,
includingvideosynthesisandtexturegenerationfor othertypesof
models.

We plan to further analyzeandsimulatethe abilities of scien-
ti�c illustrations to extract important object featuresand render
volumetricdatasetsin a coherentandartisticway, suchashighly-
structuredtexturesandillustrative lighting effects.Sincethesubtle
effectsof lighting andcolor usagearounddifferentportionsof an
object,someexampleshave inhomogeneouspropertiesthat affect
thetexturesynthesisresults.Weplanto investigatenew methodsto
removeor balancetheseissues.Wealsoplanto exploreartisticand
scienti�c compositionprinciplesfor adjustingrenderingparameters
to achieve thedesiredeffectswith muchlessuserinteractions.

Sincetexturememorysizeis a limited resource,we will further
explore texture usagefor volume renderingto provide more ren-
deringstylesfor differentapplications,while acceleratingthe ren-
deringspeedby avoiding irrelevant texture memoryaccessesand
texturecoordinatemanipulation.
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Figure 10: Volume rendering of an abdomen dataset. (a) is renderedwith the cubessynthesizedfrom the Visible Woman photographic dataset.
The three slices on the right show the lung, liver, and kidneys respectively. (b) is rendered with recolored textures using the corresponding
examplesfrom the two right illustrations.
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