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ABSTRACT

Scienti c illustrationsuseaccepteadorventionsandmethodologies
to effectively corvey objectpropertiesandimprove our understand-
ing. We presenamethodto illustratevolumedatasetby emulating
exampleillustrations. As with technicalillustrations,our volume
illustrationsmore clearly delineateobjects,enrichdetails,and ar
tistically visualizevolume datasets.For both color and scalar3D
volumes,we have developedan automaticcolor transfermethod
basedn the clusteringandsimilaritiesin the exampleillustrations
andvolume sources.As an extensionto 2D Wang Tiles, we pro-
vide a new, generaltexture synthesianethodfor WangCubesthat
solves the edgediscontinuity problem. We have developeda 2D
illustrative slice viewer anda GPU-basedlirect volumerendering
systenthatuseghesenon-periodic3D texturesto generatéllustra-
tive resultssimilar to the 2D examples.Both applicationssimulate
scienti c illustrationsto provide moreinformationthantheoriginal
dataand visualize objectsmore effectively, while only requiring
simpleuserinteraction.

CR Categories: 1.3.7 [ComputerGraphics]: Three-Dimensional
GraphicsandRealism—colorshadingandtexture

Keywords: Volumelllustration,Example-baseRendering\Wang
Cubes,Texture SynthesisColor Transfer

1 INTRODUCTION

Scienti c illustrationsplay anessentiafole in educatiorandtrain-
ing. For example, illustrations are a vital mediumin teaching
anatomy explaining biological processeshighlighting anomalies,
and explaining sumical procedures.They are commonlyusedas
examplesto explain structurege.g.,shape size,appearancegtc.)
andprovide stylizedor additionalinformationto acquireddatasets
(e.g.,CT and MRI). Therefore,exploring an example-baseden-
deringmethodcanadapttraditionalillustrationtechniquego more
effectively preseninformationandprovide afamiliar environment
to thosewho have beentrainedwith similarimagesfor years.

Becausef theinevitableinformationlossduringtheacquisition
of scienti ¢ datasetsmary illustratorsemploy texturesto enrich
objectdetails. Thesetexturesusuallyprovide moreinformationbe-
yond the original dataresolutionand improve the understanding
of therealobjects.For example,Figurel shaovs anillustrationof a
slicethroughtheupperabdomeranda correspondingnagnetiaes-
onanceimage(MRI) [27]. Theillustrative sectionprovidesmuch
moreinformationthanthe MRI by adding ne structuraldetailand
clearlydelineatingorganswith accepteaorventions suchasdraw-
ing theveinsin blueandarteriesin red[13].

Althoughscienti c illustrationsdo notexactly replicaterealsub-
jects,theillustratorsfollow speci ¢ methodologiesndprocedures
to concisely accurately and effectively corvey the importantas-
pectsof the subject,suchasshapelocation,orientation,andstruc-
ture. Figure2 shavs two pairsof scienti c illustrationsandhigh-
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Figure 1: A scientic illustration shows more general information
with colored textures than the corresponding MRI.

resolutiormedicalimagedrom theVisible HumanProject{1] com-
paringthesameorgansof thehumarnbody. Theseexamplesdemon-
stratea strongsimilarity betweerscienti c illustrationsandthereal
subjects. They also shaw that illustrators usually modify and/or
simplify the sizeor positionof a real subjectto achiese a coherent
structure andchangereal colorsto distinguishoneobjectfrom the
surroundingsaandimprove understandingFor example,in Figure
2(a), the geometryanddetail of the spinaldisk (in blue) hasbeen
simpli ed sinceit is notthefocusof theillustration. Onthewhole,
theseexamplesdemonstratéhe strongability of scienti c illustra-
tionsto provide expressie andadditionalinformationcomparedo
medicalimages.Similarto scienti ¢ illustrations,the utilization of
texturescan provide more information and sere as an additional
methodto distinguishdifferentobjects,matchingthe visualization
objective of featurerenderingandexploration. However, the large
memoryrequirementandtheneedfor bothhigh-resolutior8D tex-
turesynthesisnethodsandtedioususerinteractionlimit therender
ing featuresresolutionsandstyles.

In this paper we presenta methodto generatdllustrative ren-
deringsof volume datasetausing example illustrations and pho-
tographs.Our methodis composeaf atexture synthesisandcolor
transfermethodto generatdllustrative 3D textures. Oncethe il-
lustrative texturesaregeneratedyolumedataset®f similar subject
mattercanbe interactively renderedusingary of theseillustrative
textures.As in scienti c illustrations these3D texturescanbeused
in volumeapplicationgo enrichdetailandachieve illustrative and
artisticrenderingstyles. Speci cally, to emulateexample2D illus-
trations,the 3D texturesareautomaticallygeneratedy recoloring
available3D samplesusingcolor distributions. WangCubed5] are
thensynthesizedrom the colored3D samplesndusedto generate
non-periodicvolumetric textures. The texturesfor all the materi-
als/objectareef ciently mappednto avolume,enrichingbothde-
tail andtherenderingwhile usinga smallamountof texture space.

For volumeillustration,volumetexturesof realor similarobjects
arechosenasinputto pravide meaningfulinformation. First, their
colorsaretransferredusing selectedsampleillustrationsto gener
ateillustrative textures(Section3). Next, the illustrative textures
areusedto synthesize setof WangCubeg(Sectiord). Thesesyn-
thesizedNangCubescantile ary sizedvolumetextureandareused
in interactve rendering(Section5). To matchobjectfeatureswe
generatenetexture for every objectin the volume. The usersare
only requiredto provide theinputtexturesandillustrationexamples
prior to theinteractize rendering.

We have developedtwo applicationsusingthesenen methods.



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

Our real-time 2D slice viewer allows usersto createcontinuous
illustrative slice views for ary cut direction throughthe volume,
while our GPU-basedlirectvolumerenderemgeneratesolumetric
datasetllustrations,wheretheillustration stylesandeffectscanbe

interactizely modi ed throughmultiple transferfunctions.Both ap-

plicationstake advantageof theabilitiesof scienti c illustrationsto

effectively corvey objectpropertiesandsave tedioususerinterac-
tion throughour new example-basedexture generatiorand color

transfemethods.

2 RELATED WORK

Volumeillustration techniquegake advantageof the effectiveness
of scienti ¢ andartisticillustrationsto improve volumevisualiza-
tions in mary aspects. For instance Kirby et al. [15] combined
multiple datavaluesto generate2D o w imagesby utilizing con-
ceptsfrom paintings.Saitoexploredthe usageof simpleprimitives
onisosurbceso depictvolumeshape$23]. Owadaetal. [20] pre-
sentedan approachor polygonmeshesaisingtexture synthesison
a surface. Herewe concentrat®n generalillustrationsof volume
datasetsextendingthe earlywork of combiningnon-photorealistic
rendering(NPR) andvolumerenderingtechniquego enhancem-
portantfeaturesand regions [7]. Artistic renderingeffects were
achieved by implementingartistic proceduresindsimulatingillus-
tration techniqueq18, 28]. Recently thesetechniqueshave been
extendedwith hardware-acceleratenderingechniqueso render
large datasetsindproducehigh quality results[9, 17].

WangTiles[29, 30] areusedto generataon-periodidexturesin
computergraphicsby following their placingrules. Analogousto
WangTiles, Culik andKari [5] introducedWang Cubeswith col-
oredfaces. Several researcherbave usedWang Tiles and Wang
Cubesto generataexturesand patternsin computergraphics,in-
cluding JosStam[26] for watersimulation,Neyret and Cani[19]
for stochasticsurfacetiling, Cohenet al. [4] for non-periodicim-
agegenerationSibley et al. [24] for video synthesisandgeometry
placementandLu etal.[16] for illustrative volumerenderingusing
geometrigorimitives.

Example-basedpproachebave beenusedin mary elds, such
asmachinetranslationjmageprocessingandrendering.Because
of their ability to “learn” from examplestheseapproachetake ad-
vantageof usefulinformationthatis dif cult to summarize,and
simplify userinteraction. Within this eld, we are especiallyin-
terestedin two cateyories, example-basedenderingand texture
synthesis Example-basedenderinggeneratesien resultsby sim-
ulating the drawing stylesof examples. Freemanet al. [8] used
Markov random elds to learnthe transformationfrom captured
image to sceneinterpretation. Hertzmannet al. [12] presented
the image analogyframevork. Drori et al. [6] and Hamel and
Strothotte[10] generatedhew imageshy extrapolatingmultiple ex-
amplestyle fragments.The example-baseileahasalsobeenex-
ploredfor texturesynthesisnethodsn variousapplicationsinclud-
ing the work of Haro and Essa[11] and Chenet al. [3]. Also,

Wang and Mueller [31] generatednissingdetailsfrom available
high-resolutiondatafor virtual microscopy by matchingthe data
sourcedetailson multiple levels.

3 COLOR TRANSFER

3.1 Problemand Assumptions

To simulatearbitraryillustrationexamplesfor volumeapplications,
we mustsolve the problemof synthesizinghigh resolutionthree-
dimensionatexturesfrom two-dimensionaillustration examples.
Achieving high quality 3D texturesfrom 2D examplesis a dif-
cult task[32]. Anotherlimiting factoris that mary texture ex-
ampleshave insufcient resolutionfor texture synthesissincethey
are croppedfrom illustrationsandboundedby the size of thereal
objects. On the otherhand,thesesmall texture examplesprovide
usefulcolor distributions. Sincescienti ¢ illustrationsusuallyrep-
resentimportant,real objectfeatures,it is commonto seestrong
similarities betweenthe illustrationsand the real objects,and be-
tweentwo illustrations of the sameobjectseven when they use
differentdrawing styles(Figure 2). We canusethesesimilarities
to changethe problemof three-dimensionaiexture synthesigo a
color transferproblemby usingavailable 3D sourcetextures(e.g.,
color sectionvolumes MR, CT scalarvolumes).

To simulatethe stylesof exampleillustrations,we transferboth
the chromatic(two channelspndluminancevaluesfrom theillus-
trationsto the sourcedatasetSincea 3D textureis treatedasanar
ray of color (or grey-scale)information,the color transferproblem
hasnofundamentatiifferencegrom colortransferbetweer2D im-
ages.Ourwork is basenReinhards method21], whichtransfers
colorsbetweercoloredimagesby mappingthe meanandstandard
deviations along eachcolor channeland usesdistance-weighted
colorsfrom separatswatchego improve theresults sincethequal-
ity depend®nthecompositiorsimilarity betweerthe exampleand
sourceémages.To save somecolorblending Welshetal.[33] trans-
fer colorshbetweercorrespondingwatchesandthey targettransfer
ring colorsto grey scaleimagesby matchingluminanceandtexture
information. The effectivenesf theresultis highly dependenbn
the users selectionof correspondingegionsin eachimage. How-
ever, theuserinteractionrequiredby their methodto adjustthe cor
respondingegionsmanuallybecomesnuchmoredif cult andte-
diousfor 3D textures.Thereforewe presengafully automaticcolor
transfermethodfor 3D volumesfrom userprovided examplepho-
tographsor illustrationsto sourcedatavolume.

In medicineand mary biological elds, photographicvolumes
for mary subjectsarereadilybecomingavailable(e.g., The Visible
HumanProject). Our techniqueworks for transferringcolor from
2D sourcedo three-dimensionalolumedatasetsisingthesecolor
volumeswhenavailableandalsofor directly transferringfrom the
2D sourceimagesto more readily available scalarvolumes(e.g.,
high resolutionCT datasetspy consideringthe scalarvolumesas
grey-scalecolor volumes.

Our solutionis composedf three steps: clustering,mapping,
andtransferring. We usethe following two assumptiondasedon
similaritiesbetweerthe exampleimagesandsourcevolumes:

1. Simplicity: lllustrationscanimprove our understandingf the
subjectby omitting someunnecessargetails. Thereforewe
assumanillustrationis a simpli ed drawing of the real ob-
ject. Sinceillustrationsusually employ different colors for
differentobjects,we assumehatif two objectsdo not have
the samecolorsin the example,they will not sharethe same
colorsin the source. This assumptionis unavoidablein an
automatiamethodwith no userinteraction.

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



Figure 3: (a) A liver sourcevolume. (b) An example cropped from
the examplesof Figure 10(b). (c)-(f ) The color transfer results from
(b) to (a) with dierent 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 assumehatobjectdistributionsaresim-
ilar betweenthe sourcesand examples. This assumptioris
exhibited by mostillustrationsandwe only needa roughcor
respondencéor the mappingstep.

3.2 Color Transfer Process

Duringtheclusteringstep,we nd colorclustersetsusingcolordis-
tribution informationfrom the exampleimageandsourcevolume,
respectiely. The color histogramsare gatheredfrom the whole
texture for the 3 channelsof thelab color space[22]. We use
this color spacebecauseof the independencdetweenthe lumi-
nanceandtwo chrominancechannels.Sincethe color transferis
basedn themeansandvariance®f theclustersa setof Gaussian
functionsis t onto the color histograms. Thesefunctionscorre-
spondto thecolor clustersin thetextures.For example,Figure3(g)
and(h) shav the clusteringresultsfor the liver volume (a) andan
illustration example(b), in which the red line correspondgo the
liver body and the black line corresponddo the veins and arter
ies. Therefore eachfunctionmusthave the sameareaon thethree
colordistributions,althoughdifferentshapesrepossible. The best
parameterfor thesetof quantizedGaussiariunctions(centeroca-
tions,weights,andheights)aresearchedinderthis arearestriction.
The algorithm startswith the setof one function and stopswhen
the maximumerroris smallerthana userspeci ed threshold(e.qg.,
5%). Basedon the rst assumptionthe color distribution of the
sourcehasat leastasmary clustersasthe example. Therefore we
rst t theexampleimage thenthesourcevolumeuntil boththeer
ror thresholdis satis ed andthe numberof clustersis greaterthan
or equalto thatof theexample.For theclusteringprocessthecolor
histogramsarescaledrom 0 to 1.

The mappingstep nds a correspondencmapfrom the source
colorclustersGs= fGgj; i= 1  Nsg to theexamplecolor clusters
Ge= Ggj; j= 1 Ne . Basedonassumptiorone,eachsource
clusteronly correspondso oneexamplecluster;thereforeNs  Ne
and there exists sucha multiple to one mappingfrom Gs to Ge.

Basedon assumptiortwo, this mappingshouldsatisfy similar ob-
ject distributions betweenthe examplesand sources. Assuming
S= fs = Area(Gsj))g andE = ej = Area(Gej) arethe normal-
ized areasetsof the color clustersof the sourceand example,re-
spectvely. The mappingproblemcan be describedas nding a
multiple-to-onemappingf(S) ! E for theminimizationof thefol-

lowing mappingerror:

Ns Ns Ne
Merror= A (s f(s))% wheed s=1; § = 1; andNs  Ne:
i=1 i=1 j=1

@
WhenNs = Ng, this mapis aoneto onecorrespondencé.he map-
ping errorsfrom theNs factorialcombinationsrecalculatedo nd
a solutionwith the minimumerror. Becausef the algorithmcom-
plexity, a greedyalgorithm canbe usedto producea relative op-
timization solution. The two clustersetsS andE are sortedsepa-
rately, andthenthe two clustersaremappedrom the sourceto the
exampledirectly if they sharethe samesequencén their clusters,
asf(sﬂ = i. Themappingsaredesignedandomlyif multipleitems
with thesamevalueexist, which rarelyhappensith realdata.

WhenNs > Ng, the mapis a multiple to one correspondence,
which meansthe examplesomit someof the detailsby meiging
multiple real objectsinto the sameregion. We generatentermedi-
atesourceclustersetS’ with sizeNe by meming clusterstogether
Then,we usethe Ns = Ne caseto nd the mappingerrorfor each
intermediateclusterset,andchoosethe mapping f* with the min-
imum mappingerror. The mappingfunction f canbe easily built
from fOby reversingthememging sequence.

After building the correspondencenap, we perform the color
transferon thethreela b channelsatthe sametime, sincethey are
combinedin the color clustersets. For eachvoxel &, in the source
volume,we rst calculatethe distanced; from &, to eachcenterof
the sourcecolor clustersEg; in 3D. The norm D; is calcuatedby
usingthe valuerangesv to balancethe threechannels.Then,we
calculatethe transferredcolor €; to every sourceclusterfrom the
correspondingxamplecluster The nal transferredcolorvectorC
is calculatedby usinganinversefunctionq() of thedistanceD;.

o N, s @@
N (& q(Di :
c= =18 IBD e = g @) @
a;2,(a(by)) j=l:a:b
e s .
andg;j = (Cuj Esii) (Set(s) + Eefs):js 1= iaih (3)

Ssi;j

Since scalarvolumesonly have a luminancedistribution, the
cluster set of the sourceis searchedusing this channel,and the
mappingis still built basedon clusterareaproportions.During the
transferstep,D; is calculatedasjc, Egjj. The color vectorey is
composedy the sourcescalarvalue as [cy; ¢y; ¢y] andso arethe

meanEsj and deviation sj. The nal transferredcolor C is cal-
culatedusingthe restof the equationg2) and(3) asfor a colored
volume.

3.3 Color Transfer Resultsand Discussions

Figure 3 (c)-(f) shav the color transferresultsfrom (b) to (a) with
differentsourceandexampleclustemumbers Since(e) and(f) save
somecolorblendingby transferringcolorsbetweerthecorrespond-
ing regions,they producemorevivid colorsthan(c, d). Theresult
(e) is dependenbn the matchingof the correspondencesyhich
requiresuserinteractionto achieve a satisfyingresult. With anau-
tomatic procesgo detectthe clustersfrom color distributions, the
clusternumbersaandparametersanbe calculatednoreaccurately;
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 scala volumes (bottom: spleen
and kidney).

basedon the similarity betweerexamplesandsourcesye areable
to build the correspondencbetweenthe clustersautomaticallyto

save userinteraction. As the 4 otherresultsfor coloredandscalar
volumesshaown in Figure 4 illustrate, this methodcan be usedto

generate3D texturesfor a wide rangeof examplesandsourcevol-

umesi,ncludingarti cial 3D textures[14]. Figure9 and10demon-
strate13 results(6 for the handsand 7 for the abdomen)on 10
differentobjects. Although we only transfercolors betweenone
exampleand one source,multiple examplesor sourceswill also
work sinceour methodonly needshe color distributions.

While texture synthesismethodsmay producemorecontinuous
textures,they arenot practicalfor small examples. We chooseto
usea color transferapproachinsteadof texture synthesishecause
of the similarities betweenscienti ¢ illustrationsand real objects
(Figure 2), andtheseresultsalsodemonstratehe effectivenessof
illustrationscapturingat the subjectfeatures. This approachmay
be usedfor othertypesof sourceimages,with the requiremenof
the similarities betweenthe sourcesand examples. However, the
two assumptionsmposesomelimits on their application. For in-
stance,if the blood vesselsn CT datahave the samevalues,the
color transferprocessvorks, but cannotseparateveinsfrom arter
iesautomatically

4 TEXTURE SYNTHESISFOR WANG CUBES

The requirement®f large memoryspaceandlong synthesigime
for high-resolution3D textureslimit their usein volume applica-
tions. Therefore,we use Wang Cubes,the 3D extensionof 2D
WangTiles, to overcomeboth issuesand createnon-periodictex-
turesfor our illustrative renderings.In this section,we presentan
automaticcubesynthesiamethodfrom a 3D samplevolume, dis-
cussanedgediscontinuityproblemwith WangCubesandgive two
methoddo solve the problem.

4.1 Automatic Cube Synthesis

WangTiles aresquaretiles with “colored” edges.They areplaced
on a planeedge-to-edgenly if the adjaceniedgessharethe same
“color”. Similarly, Wang Cubesare cubeswith “colored” facesin
the sensethat two cubescan be put togetheronly if the adjacent
faceshave matching“colors” Let's denotethe cubefacesasN, S,
W, E, F, andB, asshawn in Figure5(h). SinceWangCubesare
not supposedo be rotated,two facesin the samedirection (NS,
WE, and FB) mustshareone setof colors, while the facecolors
on differentdirectionsare independent.Figure 5(a)-(d) shov the
usageof a 16 WangCubeset. (a) shavs a setof WangCubeswith
coloredfacesand?2 colorsfor eachNS, WE, FB direction. (b) is a
82 tiling generatedvith the WangCubesetin (a). We rendereach

Figure 5: (a) A set of 16 Wang Cubes with 2 colors on each face.
(b) A 82 cube tiling with eachcube 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 spheroidsto restrict the synthesis shape for the W cube face.
(h) The cube face directions.

cubewith a color to shav thetiling is non-periodic.(c) shavs the
samesetof WangCubes(a) lled with 3D texturesand(d) shavs

the composedarger volume texture by putting the cube contents
(c) into the correspondingpositionsof the cubetiling in (b). The
essentiapoint of usingWangCubess thatthe cubefacecolorsare
only usedto generatehenon-periodidilings, while the contentsof

the cubescanbe lled with arbitrarytextures. Oncethe cubecon-
tentsare generatednewn non-periodic3D texturescanbe quickly

generatedisingthesecubetilings.

For 2D WangTiles,Coheretal. [4] construceacttile by nding
cuttingpathsto combinethefour samplediamondghatcorrespond
to the edgecolors of the tile, asshavn in Figure5(e). Sibley et
al.[24] andLu etal. [16] extendthe 2D tile generatiorio 3D cubes
by usinganoctahedroro correspondo afacecolorandsynthesiz-
ing a cubewith 6 octahedrgFigure5(f)). Four differentcornerto-
cornersynthesigprocessesire neededo distinguishthe synthesis
directionsduring the cubegeneration.Here,we make the follow-
ing modi cations to simplify this method. Replacingthe octrahe-
dra,a“facevolume”is randomlychosenfrom the samplevolume
andcorrespondso a cubefacecolor. The facevolumeshave the
samesizeasthe Wang Cubesandareusedin a similar way asthe
octahedrdao composea cube.Similar to thegeneratiorof 2D tiles,
theusageof thefacevolumeschangeshe synthesigproblemalong
thecubefacesnto synthesisnsideeachcube.Sincethecuttingsur
facednsidea cubedo not needto follow a specialsynthesishape,
two half elliptical spheroidsareusedto restrictthe quilting regions
betweeraninitially randomlyselecteccubeanda facevolumefor
eachcubeface.Figure5(g) shaws this procesdor the W faceof a
cube.Asin Sibley etal. [24] andWangandMueller[31], we adopt
the graphcut algorithmwhich usesmax- ow (min-cut)[2] for 3D
texture synthesis. This processs repeatedor eachfaceof every
cubeuntil theaccumulatedynthesierrorskg; alongall the cutting
surfacesnsidethe cubesarebelown a desirecthreshold.

4.2 EdgeDiscontinuity Problem

However, bothdirectandsimpli ed cubegeneratiormethodshave
anedgediscontinuityproblem wherethetexturesarediscontinuous
onthecubeedgesalongthecubefaces Asthe2 2 1 cubetiling
in Figure6(a) shavs, the adjacenfacesof thefour cubessharethe
samecolorsand,thereforethe sametextures.SinceA(E) andC(E)
comefrom two randomlyselectedsamplesthey arenotnecessarily
continuousat the edgeal alongthis cubeface. Figure6(b) shavs
thatthis problemgenerateatexturewith obviousdiscontinuitieon



all the cubeedgesalthoughthetexturesarecontinuousnsideeach
cubeandwithin theadjacenfaces.Thereforeconsideringonly the
facecolorsis not sufcient to generatean everywherecontinuous
3D texturefor WangCubes.

For the synthesisof generalWang Cubesets,we add an addi-
tional modi cation phasefor thefacevolumesto ensureedgecon-
tinuity. Sincethe 6 facesof a cubeareindependenthdesignedan
edgein the cubetiling maybeadjacento ary facecolorin thetwo
verticaldirections.Whenthejoints of 2 arbitraryfacesarenotcon-
tinuous thecubetiling cannoguarante@dgecontinuities.Because
of this faceindependencéhe cubeedgesnustbe madethe same
in eachdirectionto assureedgecontinuity Therefore for eachof
theNS, WE, andFB directions an“edgevolume”is randomlycho-
senfrom the samplevolumeandtied to this direction. For theface
volumesthatcorrespondo the colorsin the WE directions the NS
and FB edgevolumesare usedto modify the 4 edgeregions of
the WE middle plane. Figure 6(c) shavs the NS edgevolumesfor
this case. Similar to the synthesisf a cubewith facevolumes,a
quilting surfaceis searchedvithin the two half cylindersbetween
thefaceandedgevolumes.Thefacevolumescorrespondingo the
colorson the NS and FB directionsare synthesizedvith WE-FB
andNS-WE edgevolumesrespectiely. The newly generatedace
volumesareusedto generateéhe cubesusingthe previous method,
therebyguaranteeingexture continuity.

An alternatve methodfor textureswithout sharpboundarieds
to introduceanedgeerrorfactorinto the synthesiprocessTheac-
cumulatedsynthesierrors,Eg, for acubesetaretheweightedsum
of the inside errors, E;, decidedpreviously andthe newly added
edgeerrors,Ee: Es= pi Ej+ pe Ee. Eeis usedto measurehe
averageedgediscontinutiedor the composedextures.We assume
eachcubeis equally randomlypicked 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 theedgeal b2 c¢3 d4inFigure6(a).Foreach
faceof a cube,the errorsof the 4 edgesarecalculatedrom all the
cubeswhich have the samecolor onthe adjacenface,sothatthe 2
faceerrorsof the 12 edgesfrom all the combinationsarecollected
onceandonly once. To balancethe inside and edgeerrors, their
weights p; and pe are setasthe inverseof their cutting pathsize.
This simplemodi cation workswell for mary exampletextures.

Figure6 shavstwo synthesizedolumesof aliver (d) andaheart
(e) with a setof 16% cubesin a 83 cubetiling. The liver usesthe
extra edgevolume xing phaseandthe heartusesthe edgeerror
factor approach. Both methodstake around10 to 20 minutesto
generatea 16 cubesetwith 16% cubes while arbitrary sizednew
3D texturesarecomposedvith afew seconds.

Insteadof facesthe cubescanalsobe coloredby corners.We
canchoose ‘corner volumes”that correspondo the cornercolors
andsynthesizea cubewith themin a similar way asthe “facevol-
umes. While this ensuregexture continuity for the whole space,
theminimumcubesetwill beincreasedo 128cubed16].

Thetradeof of usingWangCubesto sare texture memoryis the
repetitve appearancef the synthesizedextures. Sincea set of
WangCubeshasonly a limited numberof samplesit is inevitable
thatthesesamplewill repeathemselessomeavherein thevolume.
Thisissueis alsodiscussedor WangTilesin [4]. Therefore Wang
Cubesare especiallyusefulto generateextureswith similarities
becausef theirnon-periodidiling. Thesynthesizedolumesusing
WangCubesarenotlimited to homogeneoutextures[16], andthis
repetitve appearanciessuecanbeimprovedby largercubesets.

5 VOLUME APPLICATIONS

Simulatingscienti c illustrations,we have developedtwo volume
applicationsthat use our synthesizedhon-periodic3D texturesto
enrichthe 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 heat texture generated using the edge
error factor.

a direct volumerenderingsystem. The systemsbasicallyusethe
voxel valuesin the volumesto be visualizedto provide the shape
andopacity for eachmaterialand object. The userchosenexam-

ple illustration providesthe colorsandtexturesto generatehree-
dimensionatexturesusedfor rendering. To generatehesedetail

texturesfor eachobject,a high-resolution3D scalaror color vol-

ume correspondingo a representate real objectis chosen. For

sggmented/olumedatasetghesegmentatiormaskscontainingone
objectID for eachvoxel canbe usedto specifythe texture index.

For uns@menteddatasetswe can selectthe desiredtexel value
using transferfunctionsto generatevoxel opacitiesthat are then
blendedwith the texel values.Moreover, transferfunctionscanal-

waysbe usedto modify the shapeandopacityof anobjectfor both

sggmentedanduns@mentediatasets.

Oncetheillustrative detail texturesaregeneratedthey areused
for visualizingary scalarvolume containingsimilar objects(e.g.,
abdominalCT scandor all patients).Therenderingstyleis mainly
determinedby thesecolor transferredtextures, but can be modi-

ed by severalselectedenderingparameterandtransferfunctions.
For example, using interactve 2D transferfunctions,we usually
male the skin transparentsothatboththe skin andthe volumein-
terior caneasily be seen. Comparingour methodwith traditional
volumevisualization,theillustrative 3D texturesare usedto color
the scalarvolume,replacingthe traditionalcolor transferfunction.
Therefore pur methodpreseresthe delity of theoriginal datasets
andprovidesinformative additionaldetail. The designof bothap-
plicationspreseresthe e xibility of the direct volume rendering
approacho interactvely selectwhich objectsin avolumearevisu-
alizedthroughsimpleuserinteraction.

Oursampleexturevolumesarechoserfrom highresolutionvol-
umedatasetssuchasthefull coloredVisible Womanphotographic
andCT datasetgl]. The datasetwe usedin Figure7,9, and10
aresegmentedCT scalarvolumes. Figure8(b) is an unsgmented
CT feetdataset.The selectionof 3D texture samplegproceedsy
automaticallysearchinghe largestsamplevolumefrom the whole
datasetmatchingseveral standardstatisticaltexture featureswith
the userselectedsampleimages.The 3D texture samplescanthen
be useddirectly to synthesizesetsof cubes(producingrendered



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

textureemulatingthe highresolutionsourcevolume),or aftercolor
is transferredrom 2D exampleillustrations.We useoneminimum
WangCubesetwith 16 cubesfor all thetextures.Sinceall of them
have the samecubefacecolor set, one cubetiling for the whole
volumeis sharedby all the synthesizedubesets.

5.1 2D SliceViewer

The 2D slice viewer usesthe synthesize@®D texturesandsegmen-
tation masksto generatellustrative slices. Fromthe objectID of

the segmentationmasks,the pixel color is fetchedfrom the cor-

respondingcomposedD texturesby usingthe transformedwvorld

position. Although 2D imagescan be generatedvith Wang Tiles

or other 2D texture synthesismethods,extra operations suchas
smoothingadjacenimages areneededo avoid jumping andpop-
ping effectswhenthe usermovesthroughthe slices. 3D textures
provide smoothtransitionsnaturally and the slice can be rotated
into ary view directionat ary positionin the volume. Gradientin-

formationfrom thedatasetanalsobeusedin thelighting to create
a relief texture effect. Theseillustrative slicesare generatecand
renderedn real-time.Figure7 shows a seriesof handsliceimages
astheslicemovesthroughthevolume.

5.2 DirectVolume Rendering

We alsobuilt a GPU-basedolumerenderingsystem(slicing) to di-
rectlyillustratevolumedatasetsSincethe cubetiling hasthe same
sizeasthe volumedata,it is combinedwith the volume dataand
seggmentationmasksinto onetexture unit to save texture memory
AssumingM setsof cubesareusedandC is thelengthof the cube
side,all the cubetexturesaregroupednto agrid of 4C 4C MC,
whereeachcubeis still storedasa volumeso thattri-linear inter-
polationcanbe achiezed. One problemthat canoccuris thatthe
detailsfrom the composedexturesmay be too smallto be seenif
we only allow eachcubeto mapontoonevoxel. Thereforewe add
a renderingscaleparametefor eachcubeset, which corresponds
to thevoxel numberdn eachdirection. Additionally, sometextures
might not be seenclearly after rendering,mainly becauseof the
lack of texture variationsfrom the samplevolumesandthe usage
of speci c renderingsettings.We sharperthe cubetextureswhile
maintainingthe averagecolorsto overcomethis problem.

The maindif culty in implementatioris the calculationof tex-
ture coordinatesn the fragmentprogram.Sincethe compose®D
textures(scaledby the renderingscaleparameterpre storedsepa-
rately asthe synthesizedtubesanda cubetiling, we needto cal-
culatethe transformedcoordinatedor eachfragment. Also, since
the cubesfor all the texturesare pacled into onetexture unit, the
texture coordinatesmust be accuratelymappedinside a cubein-
steadof betweenthe cubes. For eachfragment,we calculatetwo
positionsfrom theworld coordinatesthe voxel centerpositionand

Figure 8: (a) Two CT slicesof 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).

therelative shift of the currentworld positionto theleft-down-back
cornerof thevoxel. Then,thecurrentsggmentatiormaskis usedto
retrieve the renderscalefor this object. The voxel centerposition
andtherenderscaleare usedto calculatethe cubeindex from the
cubetiling. Finally, the relative positionandthe renderscaleare
usedto retrieve the color of the currentpositionin the cube.

After retrieving the cubecolor, we canusesilhouetteenhance-
mentand lighting effects[9], which are commonlyusedin illus-
trations,in additionto transferfunctionsto calculatethe nal color
for the currentworld position. Figure 9(a) and 10(a) are genef
atedfrom thefull coloredslicesof thevisible humanby synthesiz-
ing cubetexturesdirectly from the input textures. Figure 9(b, c)
and10(b) areillustrationswith color transferredexturesfrom the
correspondingjlustrative examples.All theresultssharethe same
dataresolution,but differ in style. To generatehe imagein Fig-
ure9(c), anelliptical spheroids usedto graduallycutaway thefat,
while parallel cutting planesare usedin generating~igure 10(b).
The two examplesof the handcomefrom [25] andthe abdomens
arefrom [27]. Therenderingtime for these nal, high-resolution
renderingds aroundl secondper framefor 500x500imagesand
500sliceson aNvidia QuadroFX 3400graphicscard.

Theillustrationin Figurel includesmoreobjectdetailsthanthe
right MR imagealthoughthey have the samesize. Similarly, in our
rendering,the sourcevolume datahaslimited information, while
we generateubetexturesfrom high-resolutiordataandusethem
to enrichthe previous volumedata. To provide meaningfulinfor-
mation, we usually choosecorrespondingcubetexturesfor each
object/rgionin avolume.For example ,we choosdiver texturesto
rendertheliver, while skin texturesareusedto renderskin. These
correspondingexturescontaintheinformationaboutobjectappear
ance,color, componentandshapeandcanbe usedto improve the
understandingf the datafor educatiorandtraining.

To further simulatethe exampleillustrations, we interactively
adjusttherenderingparametersk-or instancewe addsilhouettesn
thevolumerenderingf therearesilhouettesn theexample andwe
usemoretransparenskinin thevolumerenderingf theskinregion
is notthefocuspointin theexample.In ourdirectvolumerendering
approachthe userscaninteractvely adjustthe lighting direction,
transferfunctionsfor opacities,and four renderingparameterg1
for renderscale, 2 for lighting, and 1 for silhouette)per object.
Figure8, 9, and10 have 2, 3, and8 objectsrespectiely. After the
cubesaregeneratedt takesaskilled userafew minutesto visualize
anunknavn 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 example regions and 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 UserInteraction and StorageRequirements

Becauseof the ability to emulateexamplesby transferringtheir
color distributions,our methodrequiresmuchlessuserinteraction
thantraditionalrenderingapproachesOnly the 2D illustrationand
sampleexamplesneedto be selectecby the userandthe 3D tex-
turesare automaticallygenerated.Our approachcan renderboth
segmentedand un-sgmenteddatasetstherefore,mostuserinter
actionoccurswhenadjustingthetransferfunctionsandlimited ren-
dering parameters Moreover, oncethe cubesetis synthesizedit
canbe usedto generatdaexturesfor the sameor similar subjectof
ary sizeandthe cubesetsare usuallyreusable.For example,the
skin, vessel,and bonetexturesgeneratedor the handdata(Fig-
ure 9) canbe usedto renderthe feet data(Figure 8(b)). What's
more,oncethe cubesetis synthesizedarbitrarysized3D textures
canbecomposedjuickly.

Anotheradvantageof Wang Cubesfor volumerenderingis that
thesenon-periodictexturesoccufy muchlesstexture space.Since
the cubetiling is combinedwith the volumedataandsegmentation
masksinto onetexture unit, it doesnot usean extra texture unit.
The main memorydifferenceis for storingthe 3D textures. With
WangCubesthetexturespaceof M setsof 16cubedssM 16 C3.
To achieve the sameeffect of non-periodictextureswithout Wang
Cubes,M volumetrictextureshaving the samesize of the dataset
areneededusingM V2 space. Therefore,the differenceof the
spacerequiremenis 16C3=v3. In Figure9 and 10, both datasets
are256 256 128andthecubesare16°. Thereforetherequired
texture memorywith Wang Cubesis only 1/128 of that required
without WangCubes.

6 DiIsScussION AND FUTURE WORK

This paperemploys 3D texturesto improve thevisualizationof vol-
umedatasetdy enrichingmeaningfuldetailsand achieving illus-
trative styles.Basedon themethodsrom scienti c illustrationsfor
corveying objectfeatures,we have built an automaticprocessto
simulateillustration “renderingstyles” using color transferandil-
lustrationsimilarities. These“renderingstyles” captureimportant
illustrationinformation,suchasacceptedonventionsandusageof
colors.By simulatingthesestyles,the proposednethodcangener
ate expressve andpleasingrenderingresultswith a muchsimpler

procesghanby manualadjustingall parameterandcolormaps.

To synthesize3D texturesfrom 2D examplesis a very challeng-
ing task. By carefully observingthe featuresof scienti c illustra-
tions, we usecolor transfermethodsandavailablevolumedatasets
to automaticallygeneratellustrative 3D textures,which cangener
atehigh resolution3D texturesfrom small 2D exampleswith little
userefforts. The usageof Wang Cubessigni cantly alleviatesthe
issueof limited texturespace Thesesynthesize@D texturescanbe
usedin both surface-basednethodsand direct volume rendering.
Our new renderingmethodkeepsthe advantageof direct volume
renderingthata usercanarbitrarily choosethe object/rgion shape
with transferfunctionsandchangeheir focusof intent.

Sincemary medicalanatomytextbooksandatlasesisesllustra-
tionsin additionto medicalimagessuchasCT or MR), we believe
thatthis methodis usefulfor educationahpplications Thismethod
canbeextendedo severalareasof 3D texturing andcolor transfer
including video synthesisaandtexture generatiorfor othertypesof
models.

We plan to further analyzeand simulatethe abilities of scien-
tic illustrationsto extract important object featuresand render
volumetricdatasetsn a coherentandartisticway, suchashighly-
structuredexturesandillustrative lighting effects. Sincethe subtle
effectsof lighting and color usagearounddifferentportionsof an
object,someexampleshave inhomogeneougpropertiesthat affect
thetexturesynthesigesults.We planto investigatenew methodso
remove or balancehesassuesWe alsoplanto exploreartisticand
scienti c compositiorprinciplesfor adjustingrenderingparameters
to achieve the desiredeffectswith muchlessuserinteractions.

Sincetexture memorysizeis a limited resourcewe will further
explore texture usagefor volume renderingto provide moreren-
deringstylesfor differentapplicationswhile acceleratinghe ren-
dering speedby avoiding irrelevant texture memoryaccesseand
texture coordinatemanipulation.
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Figure 10: Volume rendering of an abdomen dataset. (a) is renderedwith the cubes synthesizedfrom 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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