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Abstract —Much of the visualization research has focused on improving the rendering quality and speed, and enhancing the percep-
tibility of features in the data. Recently, signi cant emphasis has been placed on focus+context (F+C) techniques (e.g., she ye views
and magni cation lens) for data exploration in addition to viewing transformation and hierarchical navigation. However, most of the
existing data exploration techniques rely on the manipulation of viewing attributes of the rendering system or optical attributes of the
data objects, with users being passive viewers. In this paper, we propose a more active approach to data exploration, which attempts
to mimic how we would explore data if we were able to hold it and interact with it in our hands. This involves allowing the users to
physically or actively manipulate the geometry of a data object. While this approach has been traditionally used in applications, such
as surgical simulation, where the original geometry of the data objects is well understood by the users, there are several challenges
when this approach is generalized for applications, such as o w and information visualization, where there is no common perception
as to the normal or natural geometry of a data object. We introduce a taxonomy and a set of transformations especially for illustrative
deformation of general data exploration. We present combined geometric or optical illustration operators for focus+context visualiza-
tion, and examine the best means for preventing the deformed context from being misperceived. We demonstrated the feasibility of

this generalization with examples of o w, information and video visualization.

Index Terms —Volume deformation, focus+context visualization, interaction techniques
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1 INTRODUCTION

The purposeof visualizationis to gain insight of complec structures
throughimagesandinteractions.One primary objectie of visualiza-
tion is to aid usin building a spatio-temporamentalmodelof a phe-
nomenonprocesor physical quantity Thetoolsthatwe have in 3D
dataexplorationto help build a mentalmodeltypically includereal-
timerenderingyiew transformationtransferfunctions,segmentations
andacollectionof focus+contgt (F+C)techniquesHowever, mostof
thesemethodsareactivein “viewing” but passiein “handling”, which
is quitedifferentfrom our everydayactuities for exploring a comple
or unfamiliar object. With the prevalenceof 3D visualizationfar and
wide, it isimportantto explorenew methodologieswhichcanenhance
ourcomprehensioandunderstandingf data,andenableusto build a
mentalmodelef ciently andaccuratelywith active “handling” aswell
as“viewing”.

In sciencegngineeringmedicineandeducationhand-dravn illus-
trationsoftenincludetwo classe®f elucidatve methodsFirstly, mul-
tiple artistic paintingstylesarecommonlyemplo/edto enhancehide
or emphasizdifferent featuresof the object. This obsenation has
led to a numberof F+C techniquesn visualization,suchas cutavay
views [11], ghosting[2] andimportance-dren rendering[28]. Sec-
ondly, deformationis sometimesppliedto partsof anobjectin order
to depictthestagesandtheoutcome®f aprocedureto uncoverhidden
featuresor to reveal the spatialrelationshipsbetweerdifferentcom-
ponentsof the object. This obseration hasled to computergenerated
sumgicalillustrations[8].

The aim of this work is to combinethesetwo classesf elucida-
tive methodsinto a single interactive framework, for the generation
of effective F+C visualization,andto deploy the framework for data
explorationin awide rangeof applications We call this framework il-
lustrativedeformationin thesensehatit is inspiredby hand-dravnil-
lustrationsandenableslepictionof focusandcontext througha com-
binationof renderingstylesandgeometridransformations.
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Thereareseveral challengesn producingeffective F+C visualiza-
tion usingillustrative deformation.Thesenclude:

Genealization— It is highly desirableo have acommontechnical
frameawork for avariety of applicationsanddatatypessuchasdiscrete
points,lines, surfacesandvolumes.Following the taxonomyby Tory
andMaoller [25], ageneraframevork shouldsupportbothcontinuous
data(suchasavolume)anddiscretedata(suchaspointsandlines).

Geometricintegrity — Therehasbeena reluctanceo employ de-
formationto scienti ¢ datafor fearthatit would preventaccuraten-
terpretatiorof the data. We believe that, on the contrary with careful
marking-upof contetual structuresand maintainingthe integrity of
the geometricandoptical propertiesof featureof interest,illustrative
deformationcan aid datainterpretationwithout leadingto incorrect
interpretation.

Interactivity — It is highly desirableto allow usersto explore data
interactively. Becausehis explorationbecomesan active manipula-
tion of data,it is importantto provide interactionfeedbackandcues
of the manipulationto the user Thesechallengesrrethefocusof this
paper Our maincontrikutionsare: (1) we introducea novel approach
to illustrative deformationwhich enablefocuspreserationandcon-
text mark-up,basedon a combinationof multiple geometricandopti-
caltransformationsThisis anew interactize F+Ctechniqueallowing
deformation-basedataexplorationto bedeployedin scienti ¢ andin-
formationvisualizationn additionto its traditionalapplicationssuch
assumgical illustration (2) We presenta generalizedechnicalframe-
work that supportsthe illustrative deformationof discretedatausing
deformablamplicit representationsThis framework allows seamless
integrationof continuousanddiscreterepresentationgacilitatescom-
plex opticalandgeometridransformationsn discretedatawithoutre-
quiring complex geometryintersectiortests,andoffersunprecedented
scalabilitywhencomparedo explicit representationd/NVe alsopresent
anovel mechanisnfior ensuringhegeometridntegrity of discretedata
whenundegoingdeformation.We shav how theseoperationsanbe
implementedn traditionalrenderingpipelines,andin contemporary
GPUs. (3) We demonstratehe effectivenessandfeasibility through
novel applicationof illustrative deformationin o w, video andinfor-
mationvisualization. The initial feedbackfrom potentialusersindi-
catesthatthis new techniqueprovidesan intuitive meangor actively
exploring dataandconstitutesanimportantaid for scienti c visualiza-
tion

2 RELATED WORK

An effective meandor dataexplorationis the useof F+C techniques,
which highlight focal objectsin detail while depictingcontextual ob-



jectsin brief to provide anoverview. F+C techniquessuchas sheye
views [21], perspectie wall [17], hyperbolic space[19] and rubber
sheetd22], have beendeplo/ed extensiely in informationvisualiza-
tion.

F+C visualizationis anintrinsic partof volumevisualization.In a
broadersensewithout a F+C visualization,a volume datasets just
a solid volume cuboid containinga mixture of meaningfuland in-
signi cant information. Solutionsthat rely on the manipulationop-
tical attributesand renderingstylesinclude: Selectiverenderingal-
lows the visualizationof speci cally selectedpartsof an objectto
enhancevisibility of occludedparts. Fundamentallythe manipula-
tion of transferfunctions(e.qg.,[12, 14]) is a meansfor re-balancing
partsof volumedatain the focusandthosein the context by chang-
ing the optical attributes. Othertechnigueghatinvolve moreseman-
tic selectionincludevolumedecompositiof24], andopacitypeeling
[20]. Non-photoealistictechniques(e.qg.,[26, 16]) enabledifference
emphaseso berenderedn differentillustrative renderingstyles,es-
pecially whenillustrative renderingstylesare combinedwith photo-
realisticstylesin the samevisualization. Cutawayand ghostedviews
allow occludedobjectsto berendereddy fading[28, 27] or remaving
[11, 30, 3] occludingparts.Magic lensesallow thechangingof thepa-
rameterf the viewing systemto magnify the desiredfeaturessuch
asin [29, 15, 5].

The abose-mentioned=+C techniquesely on the manipulationof
viewing attributesof therenderingengineandopticalattributesof the
dataobjects. Somesolutionscannoteffectively resolhe the occlusion
problem. Otherscan, but at the costof decreasinghe usefulcontex-
tual information. Oftenthe contextual informationis completelysup-
pressed.The useof deformationin volumetricobjectshasbeenpro-
posedor animation visualizationandasatool for computergraphics
in general[6]. Most of previous approache&nablecontinuousde-
formation of biomedicalobjects. Recentapproachesillow cutting a
datasetsing 3D widgets[18], the generatiorof sugical cuts[8] or
explodedviews [4] by allowing breaksin therenderingof volumeob-
jects.In suchapproachesjeformatioris consideredtrictly ageomet-
ric transformatiorproblem.Optical propertief the deformedobject
are usually de ned to presere the original optical propertiesof the
undeformedbject.

lllustrativedeformationdiscussedh this paperattemptgo balance
thevisibility of importantparts(or focusof attentior), while maintain-
ing contextualinformation,by usinga combinatiorof opticaltransfor
mationsand deformationinteractively. Consideringdeformationand
optical transformationsas interdependenoperationshas several ad-
vantagesFirst, optical transformationganbe usedasa visual feed-
backof thedeformation.Secondbecauseleformationalonemay not
solve the occlusionproblem, optical transformationsan be usedin
combinationwith deformationso that contextual informationis still
present. Previous approacheso volume deformationusually apply
thetransformatiorwith little regardsto the featuresof interest.In our
approachdeformationsare appliedin a feature-sensitie manner It
canpresere the visual integrity of focusfeatureswhile markingup
contetualfeatureslt canbeappliedto multiple featuresandcomplex
featureqe.g.,userde ned cures).

Oneinherentadvantageof deplgying F+Ctechniquesn volumevi-
sualizationis thatmostvolumeobjectsto bevisualizedarefamiliarto
theviewers. It is relatively easyto establisha perceptve view of the
contextual partsof anobject,evenwhenit is peeledopenor exploded
apart. Henceit remainsan interestingconceptuakconundrumand a
technicalchallengewhetheror notillustrative deformationcanbe ef-
fectively deployed asa F+C techniquefor dataobjectsthataremore
abstracor unfamiliar to the viewers. Answeringthis conundrumand
addressinghis challengas the mainmotivation of this paper

3 Focus AND CONTEXT IN ILLUSTRATIVE DEFORMATION

In illustrative deformationa F+C visualizationis the productof a se-
ries of transformation®n graphicalprimitives. In Section4, we will
describea generalizedechnicalframenork for accommodating va-
riety of suchprimitivesfor representingontinuousaswell asdiscrete
datato be visualized. For F+C visualizations,one can considerthe
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Fig. 1. Taxonomy of lllustrative Deformation Tools.

following typesof transformations.
Geometric Transformation: It causeshangedo the shapeof an
objectby applyingdeformationto its geometryin objectspace.The
deformationcanberigid or elastic
Optical Transformation: It causeschangedo the appearanceat-
tributes(opacity color, texture) of partsof anobject. Making partsof
anobjectdisappearings alsoconsideredsanoptical (ratherthange-
ometric)transformation.Thus,cutting planeg30], ghostedviews [2]
andimportance-dsienrendering 28] areall opticaltransformations.
Viewing Transformation. It causeschangego the viewing system
and cameraparametersresultingin somevisual distortion, for in-
stance,sheyeviews[21] andmagni cationlensed15, 29]. In princi-
ple,viewing transformationganbeseerasrestrictedyeometridrans-
formationin imagespace Becausets co-existencewith object-space
geometricdeformationin the samevisualizationmay leadto confu-
sion,we do not considersuchtransformationin this paper

Fig. 1(a) shawvs an abstractrepresentatiomf two typesof trans-
formation,geometricdeformationandoptical transformation.In this
paper we discussthe effectsof combiningthe two typesof transfor
mationsin orderto obtainan effective andunambiguous$-+C visual-
izationinvolving deformation.Theambiguitytypically arisedrom the
dif culty in comprehendinghe original geometryof the key features
in focus.Henceit is necessaryo ensuregocuspreservationsuchthat
no geometricor optical transformationis appliedto the partsof the
objectin focus. As illustratedin Fig. 1(c), without a preservingthe
geometryof the focus,the geometricintegrity of visualizationwould
be compromisedTheambiguitycanalsoarisefrom the confusionbe-
tweenfocusandcontet, andnotknowing whathasbeentransformed
geometricallyor optically. Henceit is necessaryo mark up the con-
text, or partsof the context closeto the focus, to illustratethe trans-
formed context. Fig. 1(b) shavs two examplesof marking-upthe
deformedcontext by usingoptical transformatiorfor deemphasizing
andhighlightingrespectiely.

In thefollowing subsectionsye introducethenotionof focusof at-
tention(FoA), which facilitatesfeatuie-sensitiveransformationwith
bothfocuspreserationandcontext mark-up.

3.1 Focus of Attention (FoA)

Themostimportantgoal of a F+C visualizationbasedn deformation
is to focusthe viewer's attentionon certainfeaturesof interest.Focus
of Attention(FoA) de nes a region of a datadomain,or a featureof

a dataobject, which is of particularinterestin dataexplorationand
will remainuntransformedgeometricallyor optically) during defor

mation. Similar to the color andopacityspeci cation,an FOA canbe
de ned via a transferfunction, typically, H : R! R, or scalar eld

H:E3! R, whereR denotethe setof all real numbersand E3 de-
note 3D Euclideanspace.We call H the Levelsof Desired Attention
(LDA). The formerimplies the dependencef an FoA to the values
of the datasetoncernedwhilst the latter removessucha restriction,
allowing anFoA bede ned in mary differentways(e.qg.,interactvely
by the viewers,or dynamicallyby a computational-steeringnonitor).
In the following discussionsye assumehatH is a scalar eld, and



refertheLDA valueatp;p 2 E3 asH(p) directly. Withoutlosinggen-
erality, we alsoassumehatthe valuesof H fall in the subdomairof
[0; 1].

The valuesof H aretypically divided into threeranges:H(p) 2
[0;croal [ (Croa; froa) [ [froail]l, whereO croa  froa 1. All the
pointswith H(p) 2 [froa; 1] aresaidto bein thefocus andnogeomet-
ric and optical transformatiorshouldbe appliedto thesepoints. All
thepointswith H(p) 2 [O; froa) aresaidto bein the contet, andthey
canbetransformedThevaluesin the secondnterval (Croa; froa) in-
dicatethosepointsin atransitionalcontext region, which aretypically
neededo be marked up to alleviate the potentialambiguity or con-
fusion. A weightingfunction canthusbe de ned basedon H(p), for
example,as:

8
20 H(p) 2 [0; Cronl

h(p) = FEE  H(p) 2 (cron fron) (1)
"1 H(p) 2 [fron: 1]

This exampleweightingfunction, h(p), speci eslinearly thelevel
of context marking-upin the transitionalcontet region. Non-linear
functionscanalsobede ned in asimilar manner

3.2 Focus Preservation

There are a number of approachedo de ne deformationsin 3D
space. Most surface-basedieformationapproachesise explicit for-
ward transformatiorof vertices. In forward deformation,preserving
thefocusis aneasytask,andcanbe doneby modulatingthe transfor
mationwith the weightingfunction h. However, volumetric objects
aretypically deformedusinganinversetransformationHerewe shav
how focuspreserationcanbeachiezedwhende ning deformatioras
aninverseoperation.

The 3D displacementnappingintroducedin [7] offers a power-
ful andef cient technicalframevork for geometricransformation|t
can facilitate rigid as well as elastictransformation. However, un-
like [7, 8], this work hasextendedthis framework signi cantly to ac-
commodatea more generalde nition of multiple anddynamicFoA,
discretedataand multi-spacedeformation(seeSection4 for details).
An elasticdeformationcan be de ned as an inversetransformation
T:E371 ES:

T(p) = p+ D(p) @

for eachpointp 2 E3, whereD : E3 7! R® is a 3D displacementap.
This de nition can also be usedto representigid transformations.
However, for rigid transformationsa more compactrepresentation
(usingarotationmatrix andatranslatiorvector)is preferred.

The preserationof thefocuscanbe achieved geometricallyby ap-

plying:
T(p)=p+ (1 h(p)D(p) ®3)

This ensureghat the transformationis injective for the pointsin
focus, which is critical to the visualization. A given samplingpoint
x in the focuswill be mappedto a distinct xX°= T(x) becausel
h(x) = 0. However, the transformatioris notinjective for the points
in contet, andit may happenthat a samplingpoint in the context
mapsto a point in the focus, which is undesirable.This may occur
whenh(p) = 0, but h(T(p)) = 1. To alleviatethis, onemay carefully
desigrntheweightingfunctionbasednH, sothatapointin thecontext
is not mappedinto the focus, for example,by usinga distance eld
representatioof thefocusregion.

We alsode ne focuspreserationasanopticaltransformationWe
usetwo eld representationasagenericform for anopticalspeci ca-
tion (e.g,colorandopacity)of anobject: Fc : E3 ! [0;1]° to denotethe
original color speci cation,andF5 : E3! [0; 1] to denotetheoriginal
opacityspeci cation.Both canbecapturedsimulatedor derivedfrom
theoriginal datavaluesusingtransferfunctions.The corventionalde-
formation, suchasfor sumical illustration [7], normally assureghe
preseration of opticalspeci cationfor all pointswith:

c(p) = Fe(T(P);  a(p) = Fa(T(p)

Fig. 2. lllustrative Deformation of a Tornado Dataset. Top: Here, the
context regions are simply de ned by splitting the volume along a verti-
cal line. Bottom: The contextual regions are de ned by splitting along a
user-drawn line that matches the shape of the focus.

wherec(p) anda (p) arethecoloradopacityto bedisplayedat p.

Let Ceon(p) andacon(p) be the transformedcolor and opacity for
thepointsin thecontet. Their speci cationcanbetheoriginal repre-
sentationd=. andF,, or mark-upfunctionsasde ned in Section3.3.
Then,the color andopacityto be displayedat a samplepointp are:

(
Rp) hp) = 1

P = hR@+ 1 hTE) ColTE) hp<1 P
R hip) = 1

AP = HoFa+ 1 A(TP) acdT(®) hp)<1 ®

Notethatthecoloris presered,asc(p) = F¢(p), for pointsin thefo-
cus. Moreover, it ensureghat pointsin full contect are not mapped
backto the focus. In suchcases,h(p) = 0. When h(T(p)) = O,
c(p) = Ceon(T(p)), whichis thecontext region,andwhenh(T(p)) =
1, a(p) = 0, which denotesempty space.On the otherhand, points
in thetransitionalregion resultin a blendingof the deformedandun-
deformedpositions. In this case,the focus and the contet sharea
transitionregion, whichis blendedoptically. Althoughsomepointsin
thetransitionregion may be mappedo pointsin the focal region, the
resultis visually acceptableasit depictsthe FOA andthe contect as
having afuzzy boundary

3.3 Context Marking-up

Simply preservingcolor and opacity of all partsof an objectmay be
alright for applicationssuchassumgical illustration, but it is certainly
not adequatdor illustrative deformationof objects(e.g.,a ow eld
and a graph)that are not intuitively recognizablan real life. It is
therebynecessaryo distinguishuntransformedocusregion from the
transformedcontext region. Sincemaintainingthe visual integrity of
the focus region cannotbe compromisedit is bestto mark up the
context region.

Mark-up effectscantake mary differentforms,including both op-
tical andgeometridransforms Whenalleviating theambiguitydueto
deformations themainconcernppticaltransformatiorcanbeusedto
highlight or deemphasizéhe deformedcontext region. Typical high-
lighting effectsinclude introducingeasily-recognizableolors (such
asbright prime colors)andincreasingopacity of pointsin the transi-
tional contet region. On the contrary typical deemphasizingffects
are transformingcolor huestowardsbland colors (e.g. grey), or in-
creasingtransparenc Examplesare shavn in Fig. 4 andFig. 10,
wherethedeformedglyphsarerenderednoretransparently

Let Mc andM, begeneraimark-upfunctionsfor color andopacity
respectiely. Let w(p) 2 [0; 1] beaweightingfunctionthatdetermines
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the desireddegreeof mark-up. Then,the color and opacity transfor
mationsfor the contet are:

Ceon(p)
acon(p)

(1 w(p))Fe(p) + w(p)Mc(p)
(1 w(p))Fa(p) + w(p)Ma(p)

An exampleweighting function is basedon amountof deformation,
e.g.,w(p) = jjT(p) pij , wherejj jj denotesrectormagnitude.

4 A GENERALIZED DEFORMATION FRAMEWORK

In visualization,dataandmodelsareusuallyrepresentetly volumes,
surfaces lines, glyphsandpoints. Volumesdiffer from othersin that
no geometryis given explicitly. Insteadeachvolumede nes a con-
tinuousspatialsubdomainwhereevery point is associatedvith one
or morevalues,which may encodecolor, opacity andimplicit geo-
metric information, or canbe usedto derive suchinformationusing
transferfunctions. Our previous work on deformation[7, 8] wasde-
signedfor suchdatarepresentations1 medicalillustration. On the
other hand, datarepresentationsomposingdiscrete primitives such
aslines, glyphsandpointsare muchmore commonin scienti ¢ and
informationvisualization. For suchexplicit representationggeomet-
ric and optical transformationsretypically appliedto the low-level

primitives, suchasvertices,andareinterpolatedalongthe high-level

primitivessuchasfaces However, it is dif cult to maintaingeometric
integrity andmark up contectual informationwithoutincurring costly
intersectioncomputationand neighborhoodsearch. Our aim to ex-

tendthe approactof illustrative deformationfor dataexplorationin a
broaderangeof applicationded usto developageneralizedieforma-
tion framework thatcanwork with discreteaswell ascontinuouglata.
This framework is depictedin Fig. 3, asthe compositionof multiple

geometricand optical transformationsn samplingpointsp. These
pointsare deformedvia a displacemenmapor procedurethensam-
pled accordingto a volume representatioifwhich canbe animplicit

representatioof linesandpoints)and nally classi edvia anoptical
operator

4.1 Composite LDA

Section3 considershe useof a single FOA de ned by a singleLDA
function. In mary situations,usersmay wish to have multiple LDAs
to in uence the samevisualization. Somemay be feature-sensite
(e.g., de ned using a transferfunction), and othersmay be region-
basede.g.,speci edby theuserdynamically).Fig. 3 shavstheover
all technicalframenork of ourimplementation.The lower partof the
diagramshaws a setof paralleloperationdor realizingcompositeil-

of which is associatedvith a focusweighting function h;(p) anda
context weightingfunctionzj(p);i = 1::n. As mentionedn 3.1,with a
singleLDA, we normallyhave z(p) = 1  h(p). However, thisis not

adequateFor multiple LDAs, we useamorecomplec condition:

n n
ahme+azmP=1 8p2E°
i=1 i=1
ConsidethateachLDA H; is coupledwith ageometridransformation
T, we cangeneralizeEgs.4 and5 as:

(
o) = Fe(p) 9i;hi(p) =1
AL, hi(p)Fe(p) + zi(Ti(p)) Ceon(Ti(R))  8ishi(p) < 1
a(p) = Fa(p) 9i;hi(p)=1
&L, hi(p)Fa(p) + zi(Ti(p)) @acon(Ti(P))  8ishi(p)< 1

Fig. 2 shavsadeformatiorof thetornadodatasetsingaLDA de ned
in termsof thevector eld magnitude Thisis mappedntoonefocus
weightingfunction, h,, for the centralcore of the data,andtwo con-
text weightingfunctions,z; andz, for thetwo halvesof the volume.
We canfeedhy andz, into onepipelinein Fig. 3, andz, into another
By moving the contextual partsin oppositedirections,we achie/e a
split. Thebottom gure depictsthe casewherethe contextual regions
arede ned asthe two halvesat eithersideof a userdravn curve that
matcheghe shapeof thefocus. Theeffectis abetterview of the FOA.
Theadwantageof de ning the context with multiple z; is the ability to
applydeformatiorto differentpartsof thecontet individually. For ex-
ample,Fig. 10 shavs a F+C view of a 3D scatterplot, wherethe FOA
is the region alongthe middle part of the plot. Two contet regions
deformin the oppositedirectionduring a splitting operation.A more
complex exampleof multiple LDAs is shavn in Fig. 10(e),wherea
globalzoomingoperationis employed to explore the data,anda de-
formationis appliedto the contet to neutralizethe zoomingeffects
onthecontet.

4.2 Implicit Glyphs and Lines

In visualization,renderingthe explicit representationsf glyphsand
linesis still the predominanapproachBecausef the powverful capa-
bilities of the currentGPU technologyit hasbeenpossibleto render
discreteprimitivesin their implicit representationsln this work, we
considerlines andglyphsasimplicit functionsde ned in a volumet-
ric domain,which canbe deformeddirectly usingspacewarpingand
renderedisingavolumerendererOnesuchimplicit functionis adis-
tance eld, wherevoxels storethe Euclideandistanceto the closest
primitives. In the caseof a setof points,animplicit functionencodes
thegeometryof thecorrespondingpheresurroundinghepoints;and
in thecaseof a setof streamlinesanimplicit functionencodeshege-
ometryof the correspondingtreamtubesThis approactcanalsobe
extendedto other datarepresentationsvolving discreteprimitives.
For instance,interactve deformationof implicit meshesuseful for
therenderingof isosuraceshasbeensuggeste®]. Neverthelessthe
generatiorof implicit representationsf lines andpointsis very fast,
in comparisorto arbitrarymeshes.Timing resultsfor generatre and
renderingof theseimplicit representationaregivenin Section6.2.
Let f(p) betheimplicit representatiomnf a setof lines or points.
An exampleis thedistanceeld, wherevoxelsstorethe Euclideardis-
tanceto theclosestine or point. Renderingf deformablestreamtubes
or sphericalglyphsof a speci c radiust is doneby usingthe con-
ventionalopacitytransferfunction: O(p) = u t f(p) whereu(x)
is typically a unit stepfunction. An exampleof applyingillustrative
deformationto a setof streamtubesis shawn in Fig. 4, wherewe
compardifferentdeformationandoptical mark-upmethods.
Withoutavery ne samplingnterval, thevolumerenderingntegral
typically givesriseto amorphoudineswith fuzzy boundariesWhile
this effect canbe usefulfor markingup contextual information, it is
not desirablein situationswheresolid streamlinegproducemore ef-
fective visualization. For solid streamlineswe hencesearchfor the
intersectionsvith speci c isosurficesof the distancevolume,instead
of doing compositing.This is achiezed by samplingthe volumeuntil
reachinghezero-set  f(T(p)) = O, for eachsamplepointp.
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FoA deformation, stream tubes are cut, making it dif cult to understand.

Althoughdiscretedatais oftenrepresentednddeformedexplicitly,
therearea numberof advantagedor performingit implicitly: (1) It is
easierto incorporatevolumetricdata,suchasregisteredMRI for the
caseof ber tracts(Fig. 7), or vector eld magnitudefor the caseof
o w visualization(Fig. 2). (2) It is fasterto incorporatesoft shadovs,
necessaryor betterdepth,motion anddeformationcueing,asshovn
in Fig. 5. (3) Controlling the thicknessof the glyph or streamtube
is a simple operation,which doesnot require extra stepsto control
thesmoothnessf amesh,and(4) It scalesbetterto large numbersof
glyphs(up to millions). This approactscaleswith therenderingarea
insteadof the numberof glyphs,which malesit feasibleto rendera
large numberof glyphs at interactie rates. This obsenation is ex-
ploited by the approachin [13], wherea large numberof particledata
is renderedn real-timeusingraytracing.

4.3 LDA Specication for Discrete Data

Theabove speci cationof theweightingfunctions,h(p) andz(p), is
not suitablefor discretedata. The applicationof suchan LDA may
resultin breaksin the discreteglyphs. Although cutting streamtubes
for ber trackingis reminiscenbf the physicalcuttingof white matter
tracts,it is not desirablefor o w or graphvisualization. To consider
the discretenatureof data,we make useof a labelingscalar eld, L,
whereeachvoxel hasa uniqueidenti er of the closestline or point.
The speci cation of an LDA is thus basedon L ratherthanthe im-
plicit function representinghe discretedata. FromL, we cancreate
a look-up table, P, which mapseachuniquelabelto a 3D reference
point associatedvith the correspondinglyph. For example,for the
caseof a spherewe useits centerasthe referencepoint, while for a
streamtubewe useits geodesicentroid.

Thisgivesanew form of LDA asG(p) = P(L(p)), whichisreferred
to asdiscreteLDA. From G(p), we canderive h(p) andz(p) in the
sameway asdiscussedhn previoussections.

An exampleis shavn in Fig. 4(d), whereadiscreteLDA is de ned
for the blunt n dataset.In comparisonwithout discreteLDA (Fig.
4(e)), streamtubearebroken. The applicationof Eq. (5) works only

Fig. 5. lllustrative deformation of stream tubes with soft shadows.

for the caseof composition. For directrenderingstreamtube$y in-
tersectingwith the zero-sebf animplicit representatiorf, a different
approachmustbetaken. We hencesplit f into two implicit represen-
tationsfor thefocusandcontet respectiely:

(
t

()= xTE) 1 e

(M) x(TE)<1 e

fme\x

f(p) x(p) 1 e,

Xp)<1 e fe(p) =

t

frnax

wherex(p) = h(G(p)) is a weighting function for a discreteLDA,

fmaxis themaximumdistanceo thefocusof attentionande (typically

0), is athresholdvalueto accounffor precisionerrorsin theraycasting
processThen,we obtainadiscreteF+C visualizationby samplingthe
combinedmplicit representation

a(p) = min(fr(p); fc(p)) (6)

An examplecanbeseenin Fig. 5.

4.4 Multi-space Deformation

Corventionally the geometricentitiesof illustrative deformationare
de ned usingthe samecoordinatesystem.In the contet of deforma-
tion, we canconsidetthreedifferentcoordinatesystems:
Xy: thevisualor renderablespaceusuallyde ned with a proxy geom-
etry.
Xgq: deformationspacepusuallyde ned asadisplacemeninap.
Xo: original objectspacefor continuousor discretedata,oftende ned
asarectilinearspacdor storageasa 3D texture.

Therefore we cande ne the following mappingsetweerthe dif-
ferentspacesWW;o : Xy 7! Xo, Wa:o : Xg 7! Xo andWq : Xy 7! Xq4, and
amulti-spacedeformationis de ned as:

T(p) = Wro(P) + W0 D(Wea(P)) @)

Fig. 8 shavs anexampleof video visualization,wherethe 3D video
volumeis renderednto a torus spaceto betterusethe screenspace
[10]. Becausehe original dataandthe displacemenarede ned asa
3D texture,thenW,c = W,q aremappingsrom toroidalto rectilinear
spaceswhile Wy, is theidentity transformation.

5 APPLICATIONS

We examinebelaw the useof illustrative deformationin differentap-
plicationdomains.

5.1 Flow Visualization

Flow visualizationis essentiafor the understandingf the dynamics
of uids andgasesby representinghe movementof particlesvisu-
ally. Flow informationis usually representedn a volume by sam-
pling the velocity vectorsin a regular grid at different momentsin

time. However, visualizing overall movementis complicateddue to

thelarge amountof information. For this reasona numberof mecha-
nismshave beenwidely used,suchasthe explicit renderingof stream



lines,ribbonsor tubesto depict o w path,or theuseof LinearIntegral

Convolution (LIC) [23]. A challengen bothapproacheis visualizing
internal3D o w. Fig. 2 shavsanexampleof o w visualizationof the
tornadodatasetisingLIC textures.We make two importantconsider

ationsfor ensuringhatdeforminga o w doesnotleadto misinterpre-
tation of data. (1) We avoid cutting throughthe ow. In the caseof

streamtubes,this is achieved with discreteFoAs, asdepictedin Fig.

4. (2) We renderdeformeddatawith optical transformationsso that
is understoochisa meandor context information.

In anotherexperimentwe deformeddatafrom a plasmaturbulence
simulation.Interestingly the useof a continuoug=0A de ned radially
alongthecenterlineof thetorus,providesa F+Cview of ux surfaces,
which are of interestto scientists. Examplescan be shavn in Fig.
6. By controllingthe radiusof the FOA, it is possibleto interactvely
explorethedifferent ux surfaces.

Fig. 6. Deformation of Plasma Turbulence Data. The use of FOA de-
ned radially from the centerline of the torus provides a F+C view of ux
surfaces.

5.2 Fiber Tract Visualization

Anotherapplicationof deformationof implicit linesis the visualiza-
tion of white mattertractsin the humanbrain. Theseare usuallyob-
tainedfrom diffusiontensormagneticresonancémages.Visualizing
DTI datasetss useful for understandinghe directional qualities of
braintissue,andmostcommonapproachesiseglyphsor streamlines
[31]. Fig. 7 shaws cutting throughthe corpuscallosumto visualize
theinternal ber bundleson one brain hemispherewhich otherwise
areoccludedby the otherhemisphereWe founddeformatiorveryin-
tuitive in this case,asit is reminiscentof physical cutsthat may be
performedon specimens.

Fig. 7. Deformation of Fiber Tracts from Diffusion Tensor Imaging. Fiber
Tracts are depicted as streamtubes, which can be cut and deformed
interactively.

5.3 Video Visualization

Videovisualizationis avisualprocesgor extractingmeaningfuiinfor-
mationfrom avideosequencelt wasintroducedby DanielandChen

as a mechanisnfor shaving moving imagesin a static 3D volume
[10]. In generalavideocanbe understoodisa 3D volumeby using
the time dimensionas a spatialdimension. Using volumerendering
techniquesit is possibleto have a depictionof the entirevideoin a
singleimage. Oneof the problemswith thesetoolsis theinability to
show the original framesandstill focuson anareaof interest,dueto
occlusion.Proposedsolutionsmake useof semi-transparentolumes
derived via backgroundsubstractiorof eachframe. This solutionre-
ducedthe amountof contextual informationthatcanbe derived from
thevisualization.In our approachye solve this problemusingdefor
mation,asdepictedn Fig. 8. Here,aretractingdeformatioris usedto
manipulatethe contextual informationwhenvisualizingthe signature
of a personwalking. We alsodepictthe useof multi-spacedeforma-
tion, in particulay the useof a toroidal shape,as proposedn [10]).

@) (b)

(d) (e)

Fig. 8. Deformation in Video Visualization using a retracting deforma-
tion, depicted in (a), using multi-space deformation. (b)-(c) Rectilinear
coordinate system (d)-(e) Using Toroidal coordinate system. Wave de-
formation is used to mark up the contextual information.

5.4 Glyph and Graph Visualization

Anotherneedfor discretedatais in the visualizationof glyphs. 3D
glyphs,e.qg.,spheresare often usedto represenpointsin 3D space.
Herewe considertwo exampleapplicationsthevisualizationof a 3D
scattemlot, wheresamplepointsareplottedin 3D usingthreecontin-
uousscalarsasspatialcoordinatesanda a fourth scalarascolor. Fig.
10shavs ascatterplot of datafrom thecosmologicakimulationEnzo
[1]. TheX,Y,Z coordinatesorrespondo gaseneny, totalenegy and
densityof starparticleswhile colorrepresentteemperatureA discrete
FoA is usedto split the dataseaindfocuson a clusterof interest.

In graphvisualization,verticesin a graphcan be representedn

Fig. 9. Deformation of a Hyperbolic graph and a multi-tier graph using a
bending transformation.



Fig. 10. Scatter Plot Visualization with Interaction Widget (inset). (a)-(c) Sequence for splitting while preserving FoA (de ned along the center of
the split). (d) Rotation can be used to select the region of interest along a different dimension. (e) Scaling of the FOA helps to get a better view.

a similar fashion. Deformationof edges,however, cannotfollow
the sameseriesof transformationssinceit is undesiredto cut an
edge. Instead,we deform verticesand edgesindependently and
we use an algebraicoperationto combinethe result of both, as:
c(p) = Cu(Tu(g(p))) + Ce(Te(p)) whereC, andC, areoptical trans-
formationsfor verticesand edges respectiely, while T, and T, are
deformations.Te differsfrom Ty in thatit mustbe continuous.In ad-
dition, verticesare transformeddiscretely asde ned in Section4.3.
Fig. 9 shavs two examplesof deforminga hyperbolicgraph,anda
multi-layeredgraph.

6 |IMPLEMENTATION

Our approaclcanbe incorporatedn mosttraditionalvolumerender

ing systems.The algebraicoperationgdepictedin Fig. 3 canbeim-

plementedas a multi-passprocessin most contemporaryvisualiza-
tion processesyr, with the aid of the GPU, in a single-pasfragment
shaderEachstepin theprocessidenti ed asaboxin Fig. 3,is afunc-

tion that applicationdeveloperscan modify to suit their own needs.
In our particularimplementationwe use GPU-basedaycasting. It

provesto beamore e xible approactthanslice-basedolumerender

ing, asit enablesisto useadaptve samplingof the volume,essential
for therenderingof deformablestreantubesandglyphs.

6.1 Interaction lIssues

One of the goalsof our work is to make our approachinteractve.
As the compleity of the illustrative deformationandthe size of the
datasegrow, it becomesmportantto useprogressie sampling. We
exploit dynamicbranchingcapabilitiesof new GPUsto allow variable
samplingratesof the volume. Low resolutionis usedwhenthe user
changegshe view or the deformationparametersand high resolution
is activatedoncethe userstopsinteracting. Thereare a numberof
technicalchallengesincluding handlingobjectsin 3D spaceandthe
interactionwith complex transferfunctions. Becausehereis a lot of
researchdevotedto handlingtransferfunctions,we focusin two new
interactionchallengesntroducedby our framework: (1) manipulating
the deformationspaceand (2) presentingnteractionfeedbackio the
user

Interactionwith the deformationparameterss doneby applying
rotationsand translationsto the deformationspace. By moving the
deformationspacethe usercanremove certainpartsof anobject,or
de ne the FoA. However, this processs a comple taskasthe user
only percevesthe effectsof deformationratherthanthe deformation
itself. For thisreasonwe provide a“widget” view of the deformation,
which appearsasa volumetricicon of the deformation. Theicon is
automaticallygeneratedrom the displacementby deforminga volu-
metric cube. A numberof widgets,color codedaccordingto the axis
of rotation, allow the userto rotatethe deformationalonga speci c
axis. A wireframebox is alsousedto depictthe objectspace. Fig.
10depicta seriesof deformationson a 3D scattereglot, obtainedby
translatingand rotating the deformationspace. Note the changesn
theiconwidget.

Anotherimportantaspects the provision of interactionfeedback.
Becauseur approactdoesnotincorporateadditionalmodesof inter-

action,suchashapticor auditive, we rely on visual cuesto represent
interaction.Onesuchcueis theuseof deformationarrovs, whichrep-
resenthe principaldirectionof the deformationasthe usermovesthe
deformationspace We automaticallyobtainthedirectionof deforma-
tion from thedisplacementeld D. To avoid clutter, we only shaw the
arraws correspondingo a planein the directionof the movementof
the deformationplane. An exampleis shavn in Fig. 10(b,c),where
the usertranslateghe deformationin the z-direction, to control the
amountof the splitting. The directionand magnitudeof the arrons
representhedirectionandamountof deformation.

6.2 Preprocessing

To handlediscretedata(suchaslinesandpoints)in ourframevork, we
cangeneratémplicit representationsf suchdatasetsAs describedn
Sectiod, thereareanumberof adantagessincethe procesdor gen-
eratingan implicit representatiois very fastand canbe performed
seamlessly By exploiting GPU programmability it canbe included
in the renderingpipeline by interceptingthe renderingprimitivesbe-
fore they are sentto the rasterizationprocess. For this reason,this
preproces®f discretedatadoesnot hinderthe generalityof our ap-
proach.In this paper we developedanimplicitization processon the
CPU,which computeghedistanceeld of anobjectonly in thevicin-
ity of the pointsandlines. In our experimentswe computeda 2563
implicit representationf 10000and100000points,whichtook 0.487
and3.4 sec. respectrely. For lines,10000and100000line segments
took 2:887 and 31:287 sec.,respectiely. Thesevaluesare obtained
usinga CPU-onlyimplementationon a XEON 2.4 Ghz laptop. We
believe thatthe processcanbe accelerated¢onsiderablywith a GPU-
implementationsothatit canbeusedn real-time.Thisis of particular
interestfor time-varying particle systemsor o w simulations,where
pointsandstreamlineshangedynamically Anotheradwantageof us-
ing implicit representationss thatrenderingscalesbetterfor a large
numberof glyphs. In our experiments, 10000arerenderedusing ex-
plicit representationis about0.3(low quality)to 1 sec.(highquality).
100000glyphsarerenderedat about3 sec.perframe.In comparison,
ourimplicit renderetakesfrom about0.2sec.(in theinteractve mode
usingprogressie sampling)upto 1:8 sec.(in high-qualitymode),for
aviewpointof size512 512,regardlesof the numberof points.

6.3 Evaluation

We ex6§>erimented/vith anumberof datasetstangingin sizefrom 643

to 256°. We obtainednteractive resultsfor all ourdatasetenaXEON

processomwith a QuadroFX 4400GPU,usinga512 512 viewport
anda samplingdistanceof d = 1 voxel. In our case,a comparatie

evaluationis more informative. Table 1 shows the comparisonbe-
tweenour differentmethodsvs. a basicrenderingsystem.We com-
paredfor the caseof volumerendering,e.g., Fig. 4 andthe caseof

implicit renderingvia ray intersectiong.g.,Fig. 5. Progressie sam-
pling is usedwhenthe useris interacting,for d = 4, resultingin a
four-fold improvementin performancegup to 20 fps). The overhead
on introducingdeformationand FoA will becomesmallerin future
GPUs. Interactivity canbe seenin the accompaying videoandat :

http://www.caip.rutgers.edu/"cdcorrea/deformation



Table 1. Summary of rendering time for different methods.

F+C Method VolumeRenderings) | Implicit Rendering’s)
BasicRendering 0.132 0.075
Deformation 0.217 0.131
Deformationwith FOA 0.336 0.169
Deformationwith DiscreteFoA 0.399 0.279

7 VALIDATION AND CONCLUSIONS

The softwaretool developedin this work wasdemonstratetb a num-
berof scientistsusingthe plasmaturbulencedataasan example.Al-
thoughthe scientistgdid not usethe systemdirectly, asit still requires
thestudyof effective interactionwidgets they wereenthusiasticCon-
traryto ourinitial hypothesighatscientistanaybereluctantto deform
the datafor fear of misinterpretationthey foundit very intuitive and
did not raiseda concernwith the concepiof deformationof their data.
In fact, they expressednterestin focus-preservingleformationghat
allow themto visualizethe ux surfacesasdepictedin Fig. 6. They
alsosuggestedeformatioroperationsvherethetorussurfaceis “ at-
tened”interactively, in orderto visualizethe entire ux surfacein a
singleview. In anothetinformal validation,imagesfrom thedeforma-
tion of DTI-basedber trackingwaspresentedo two brainscientists,
who expressednterestin our framevork. They commentecdbn the
deformationof individual ber bundlesasan interestingapplication,
which validatesthe needfor focus-preservingleformationgspecially
for discretedatasuchasstreamtubesAlthoughthis wasaninformal
validation,we werevery encouragethy thecommentsA full evalua-
tion is still animportantaspecthatneedgo be addresseih the near
future. This will be a time-consumingask,asour framevork spans
a variety of applicationswith very differentgroupsof users,eachof
which mustbeanalyzedndependently

We presenteé novel framework for dataexplorationthroughillus-
trative deformation,which combinesactive manipulationof the spa-
tial datawith opacity and color transformations.Our framework in-
corporateshede nition of opticaltransformationssuchascutavays,
ghostedriews andclipping, with manipulatioroperatorssuchascuts,
explodedviews anddeformation,andcanbe appliedto both continu-
ousanddiscretedata. We shavedthe generalityand e xibility of our
approachhroughanumberof examplesjncluding o w visualization,
video visualization, ber tractograpl, scatterplots and 3D graphs.
Initial commentdrom scientistsandvisualizationexpertsareencour
aging. We believe thatillustrative deformationis animportantaid in
dataexploration, whereactive “handling” of datais asimportantas
active “viewing”, which hasbeenthe predominanparadigmin visu-
alization.
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