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ABSTRACT OF THE DISSERTATION

Illustrati veDeformation of Volumetric Objectsand Other

Graphical Models

by Carlos D. Corr ea

DissertationDir ector: Prof. DeborahSilver

The purposeof visualizationis to gain understandingof 3D structuresthroughimages. Al-

thoughmany renderingtechniqueshave beenproposedfor this purpose,the effective visual-

izationremainsa challengingtask,dueto occlusion,clutter, noisein thedata,andacquisition

pose.Recentsolutionsto this problemdealwith transferfunctionsandotherrenderingtech-

niquesto enhancethevisibility of certainpartsof interest.At thecoreof thesetechniquesis

theassumptionthattheuser's role is passiveandthatthedataremainsunchanged.

In this thesis,we explore a moreactive approachto visualization,wherea scientistcan

manipulateadatasetasif deformingarealmodel.Wecall this typeof manipulationIllustrative

Deformation. Our approachdraws the namefrom the typesof deformationsthat are often

depictedin scienti�c illustration,which areusedto enhancevisibility of certainfeatureswhile

providing context, or to abstractthe structureof an objector procedure.Inspiredby medical

andsurgical illustration,ourapproachwasdesignedto reproducesomeof their key properties:

illustrationsoftencontainscutsanddissections,they allow feature-sensitive operations,which

canbeappliedto asemanticcomponentof theobjectwithoutaffectingotherpartsof theobject,

andthey enablevirtual operations,which do not necessarilyconformto reality, but areuseful

for understandingthestructureof complex objects.

Our approachis basedon a generalizednotion of 3D displacementmaps,which uni�es

ii



thespeci�cationof continuousanddiscontinuousdeformationson bothvolumesandsurface-

basedobjects. We show how displacementscan describea wide rangeof transformations,

including cuts and peels,how they can be extendedto include feature-sensitive operations,

andhow canthey be implementedto obtainhigh quality interactive renderingon commodity

hardware.Wealsoshow how ourapproachcanbeextendedto thedeformationof surface-based

modelswithouttheneedfor remeshing.Throughanumberof examplesandquantitativeresults,

we demonstratethe generality, �e xibility andscalabilityof our approach,andwe explore its

applicationsin medicalillustration,surgical planningandsimulation,andasa generaltool for

visualizationandcomputergraphics.
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Chapter 1
Intr oduction

The purposeof visualizationis to gain understandingof 3D structuresthroughimages. Al-

thoughmany renderingtechniqueshave beenproposedfor this purpose,the effective visual-

izationremainsa challengingtask,dueto occlusion,clutter, noisein thedata,andacquisition

pose.Many recentsolutionsto this problemdealwith transferfunctionsandotherrendering

techniquesto enhancethevisibility of certainpartsof interest.At thecoreof thesetechniquesis

theassumptionthattheuser's role is passive andthatthedatamustremainunchanged.Oneof

thewaysin whichpeopleinteractwith complex objectsin “real life” is by directmanipulation.

In this thesis,weexploreamoreactiveapproachto visualization,whereascientistcandeform

a datasetasif deforminga realmodel.We call this typeof manipulationIllustrativeDeforma-

tion. Our approachdraws thenamefrom the typesof deformationsthatareoftendepictedin

scienti�c illustration,which areusedto enhancevisibility of certainfeatureswhile providing

context, or to abstractthestructureof anobjector procedure.

1.1 Moti vation

Thework in thisthesisdrawsinspirationfrom two observationsaboutthevisualizationprocess.

First, propervisualizationof complex objectsis sometimesdif�cult dueto occlusion,clutter,

noiseor acquisitionpose.3D objectsareobtainedvia avarietyof methods.Surfacemodelsare

oftenobtainedarti�cially througha3D modelingandsculptingsoftwareor scannedfrom areal

object.Thesemodelsrepresentonly theexteriorof theobject.Volumetricmodels,on theother

hand,representalsotheinterior of theobject.Theseareacquiredusingcomputedtomography

(CT) or magneticresonanceimaging(MRI), or obtainedasthe resultof a simulationor pro-

ceduralde�nition. Volumetricobjectsarevery commonin biomedicineandengineeringsince

it is importantthatonecanvisualizetheexternalandinternalstructureof objects.Figure1.1
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(a) Occlusion (b) Clutter (c) Noise (d) Pose

Figure1.1: Commonproblemsin thevisualizationof 3D datasets

shows examplesof volumetricobjectsobtainedvia CT or MRI andsomeof thevisualization

problems. In the enginedataset(a), we canseethat the propervisualizationof the internal

structureis complicateddueto occlusionby ametallicplate.Theneckdataset(b) is anMRI of

a patient's neck.Visualizationof theinternalstructures,e.g.,thethyroid gland,is complicated

notonly dueto occlusionby theskinandmusclelayers,but alsodueto clutter, asmany organs

andglandsarepresentin theregion. Thevismanheaddataset(c) is partof theVisible Human

Project,a complete3D representationof a maledonatedto thestudyof humananatomy, from

theNationalLibrary of Medicine. In this case,noisepreventspropervisualizationof theob-

ject of interest.In Figure1.1(d),we have themousefetusdataset.Notethatacquisitionpose,

preventssomepartsof interest,namelythehead,from beingvisible.

The secondobservation is drawn from medicalillustration. Medical andbiological illus-

tratorsaretrainedto depictcertainproceduresandanatomicalstructuresin sucha mannerthat

they have themostvaluein termsof communicatinga certainidea,for education,legal or for

surgical planning. In many of theseillustrations,the illustrator is facedwith the problemof

makingvisible featuresthatotherwisemaynot bevisible,while still maintaininga contextual

view of thesurroundingobject.

For this purpose,hand-drawn illustrationsoften include manipulatingpartsof an object

to depictthestagesandoutcomeof a procedure,uncover hiddenfeatures,or reveal thespatial

relationshipbetweendifferentcomponentsof theobjects.Suchmanipulationtypically includes

thefollowing characteristics:

� It oftencontainscutsanddissections, which, for example,arecommonlyfoundin illus-

trationsof surgicalproceduresasexempli�ed by Figures1.2(a)and1.2(b).
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(a) (b) (c) (d)

Figure1.2: Examplemedicalandanatomicalillustrations. (a) Abdominalsurgical operation
(courtesyof NucleusInc.) (b) Craniotomy(courtesyof NucelusInc.) (c) Anatomicalillus-
trationwith dissected“�aps”, by Antonio ScrantoniandPaoloMascagni,1833(U.S.National
Library of Medicine) (d) The FlayedAngel, JacquesGautierD'Agoty, 1746(U.S. National
Library of Medicine)

� It mayallow feature-sensitiveoperations, whichcanbeappliedto asemanticcomponent

of theobject,suchastheskin in Figure1.2(b),withoutaffectingotherpartsof theobject,

suchastheskull.

� It mayenableubiquitousoperations, which canbeappliedto variouspartsof theobject

with differentgeometrictransformations,asshown in Figure1.2(c).

� It canfacilitatevirtual operations, which do not necessarilyconformto thereality, such

astheunreal�aps usedto illustrateanatomicalstructurein Figures1.2(c)and1.2(d).

Anothermotivationof our work is the increasingrequirementfor deformationtechniques

for specialeffects and computergraphicsin general. Renderingof specialeffects is often

performedasan of�ine process,wherea high resolutionsurfacemodelof an object is pro-

gressively transformedto obtainthe desiredeffect. A numberof interactive techniqueshave

beenproposedto speedup theprocessor to work asa pre-visualizationtool, wheretheartist

canrapidly prototypea draft versionof the specialeffect without incurring in long hoursof

renderingtime. Oneof theproblemsin standardcomputergraphicsis therequirementfor re-

meshingwhenlargedeformationsor cutsneedto besimulatedon polygonalobjects.Oneof

the motivationsfor our approachwasthe possibility to treatpolygonalobjectsasvolumetric

representationsandallow thesimulationof complex deformationswithout re-meshing.
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1.2 VolumeRenderingand Illustration

Volumedatasetsareobjectrepresentationscommonlyobtainedby samplingavolumetricobject

in a regulargrid. Datasetsareoftenacquiredfrom CT or MRI scanners,de�ned procedurally,

or asa productof a simulation. Renderingof volumetricdatasetscanbe doneindirectly by

obtaining�rst anisosurfaceof interestandthenrenderingit with atraditionalpolygonrenderer

[68] or directly. With the increasingpower of graphicprocessorunits (GPU), it hasbeen

possibleto implementdirect volumerendering(DVR) on commodityhardware. Oneof the

mostcommonmechanismsfor interactivevolumerenderingis via 3D textures,whereavolume

is slicedinto view-alignedpolygonsandeachslice is texturedandcompositedalongtheview

direction[125]. Explorationof thedifferentfeaturesof thedatasetis commonlydonevia the

manipulationof transferfunctions.With theadventof programmableGPUs,it is alsopossible

to performinteractive raycasting,whereeachpixel generatesa ray that is usedto traversethe

volumeandperformthecompositingof color andopacityvalues[96, 62]. Althoughslicing is

equivalentto tracinguniformraysalongavolume,GPU-basedraycastingopensthepossibility

for techniquesto improve the speedandquality of the rendering,suchasadaptive sampling,

antialiasing,pre-integratedvolumerendering[36] andempty-spaceskipping[70].

Theexplorationof volumedatasetsvia transferfunctionsis prevalent. A numberof tech-

niqueshavebeenproposedto improve its use[60], but it hasbeenshown to beacomplex task.

Oneof the main challengesis the problemof visibility, wherethe userwantsto have a clear

view of a featureof interestanda clearview of contextual informationat the sametime. A

numberof solutionshavebeenproposed,motivatedby illustrationtechniques:

� Nonphotorealistictechniquesallow therenderingof differentpartsusingnontraditional

methods,resemblinghanddrawn illustrations[34, 116,111,12,115, 107].

� Cutaway andghostedviews allow occludedobjectsto be renderedby fading[117], re-

moving [30, 124,14] or distorting[123] occludingparts.

� Selective renderingallows the renderingof semanticparts of the object in multiple

modalitiesto improvetheunderstandingof thestructureof complex objectsandenhance

visibility of occludedparts.This canbeobtainedvia two-level renderingof segmented
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volumes[45], or throughvolumedecomposition[104,24]

The above-mentionedfocus+context techniquesrely on the manipulationof viewing at-

tributesof therenderingengineandopticalattributesof thedataobjects.Somesolutionscan-

not effectively resolve the occlusionproblem. Otherscan,but at the costof decreasingthe

usefulcontextual information.Oftenthecontextual informationis completelysuppressed.For

example:(a) techniquesbasedon distortedviewing oftenhave dif�culties to remove occlusive

`context' to revealtheintended̀ focus'of theinteriorstructures;(b) techniquesbasedonreduc-

ing opacityof theocclusive objectscansometimesin factremove theimportant`context' that

is relevant to the`focus' to berevealed.Many of thesetechniquesdo not have a clearbound-

ary betweenfocusandcontext, it is often dif�cult for usersto determinein a focus+context

visualizationwhethera speci�c partof anobjecthastheoriginal geometry(or opacity)or the

magicallychangedgeometry(or opacity).

Anotherwayof providing visibility is throughinteractivedeformation,includingtheability

to cutandpeelpartsof anobject.Deformationcanbede�nedasthechangein timeof theshape

of an object,andhasbeenwidely exploredfor surfacemeshes,but relatively unexploredfor

volumes.In this thesis,weexploretheinteractivedeformationof volumetricobjects.

1.3 Object Deformation

Deformationtechniqueshave beencommonlycategorizedasnon-physics-basedvs. physics-

based. In theformer, we �nd techniquesthatallow “free” deformationof anobject's primitive

elements,with little or no regard to the physical realismof suchdeformation. In the latter,

we �nd techniqueswheredeformationis driven asthe resultof applyinga numberof forces

andsolvingfor a subsetof thephysicalequationsgoverningthedynamicsof theobject.How-

ever, the line betweenthetwo categoriesis becomingblurred. This comesastheresultof the

introductionof constraintsto otherwisenon-physics-baseddeformationto accountfor desired

propertiesfound in “real-life” situations,suchasvolumeconservationandpreventionof self-

intersection.In this thesis,we referto non-physics-baseddeformationasthosemethodswhere

deformationis not obtainedexplicitly astheproductof applyingforcesto a mesh,volumeor

setof points.Furthermore,dynamicdeformationeffects,suchasinertiaandsecondaryforces,
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areof little importance.Instead,deformationsarede�nedempiricallyasalocalor globaltrans-

formationof anobject,de�ned by theuserthroughdirectmanipulation,procedurally, or asa

combinationof simplerdeformations.Finally, herewefurthercategorizeIllustrativeDeforma-

tion asa subsetof non-physics-baseddeformation,whereconstraintssuchasself-intersection

andvolumeconservationarelooselyenforced,andemphasisis givento highquality rendering

andinteractivity. Thetermis analogousto theideaof illustrativerendering, wheretheappear-

anceof renderedobjectsdoesnotadherenecessarilyto thephysicsof light transport,but it has

anenhancedcommunicativevalue.

Anotherdichotomyin deformationis its de�nition asa modelingor renderingstage.De-

formationas a modelingstageis aimedtowardsthe creationof a new object which can be

subsequentlytransformedandrenderedindependently. Most surface-baseddeformationtech-

niquesfall into this category. Volumedeformationasa modelingprocessis problematic,since

thedeformedvolumeneedsto besampledatasuitableresolution.Re-samplingvolumetricob-

jectsis morespacedemandingthanfor surfaceobjects.In many cases,thesizeof thedeformed

volumeexceedsthe texturememoryavailablefor interactive rendering.As a renderingstage,

deformationis obtainedon-the-�y, without theneedfor anintermediateobjectrepresentation.

For volumetricobjects,this becomescritical, asit doesnot requireextra memoryfor interme-

diateframes,andthesamplingresolutionis obtainedon-the-�y by thepixel resolutionof the

resultingimage.In thisthesis,weaddresstheproblemof interactivedeformationasarendering

process.

Interactive deformationof volumetric objectsis a dif�cult problemdue to their limited

geometricandtopologicalinformation.Volumetricobjectscanbede�ned asa sampledrepre-

sentationof a continuousregion in 3D space.In surfacemodels,deformationcanbereduced

to the transformationof its vertices,sincecontinuity is de�ned explicitly througha mesh. In

contrast,volumetric objectsdo not have a explicit connectivity and deformationtechniques

cannotbe simply reducedto the transformationof voxels. Becauseof the assumedcontinu-

ity of volumetricobjects,thesimulationof cutsandbreaksis alsochallenging.Dealingwith

cutsintroducesadditionalchallengesin deformation,namely, determiningtheshapeandsize

of thecut, renderingsmoothsurfacesthatappearasthecut or breakis applied,andallowing

theincorporationof semanticsfor meaningfuldeformation.
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1.4 Contrib utions

In this thesis,we presenta methodfor interactive deformationof volumetricobjects,which

uni�es continuousanddiscontinuousdeformationsin a singleframework. Our renderingap-

proachenablesthe simulationof high quality renderingof volumedeformationat interactive

rates.Thefollowing contributionsaremade:

� A generalizedmethodfor modelingcontinuousdeformationsas3D displacements,and

a methodfor encodingdiscontinuitiesinto 3D displacementssuitablefor volumedefor-

mation. This encodingpreservesC1 continuity in the regionsnearthecutsandbreaks,

requiredfor highquality renderingof shadedvolumes.

� A methodfor introducingvolumetricconstraintsinto deformation,for ef�cient rendering

of illustration-inspiredimages. Theseconstraintsenabledeformationsthat are feature

aligned, so that partsof interestarepreserved andmadevisible to the useror feature

anchored, sothatcertainpartsaredeformedsmoothlybetweena deformableregion and

a rigid region,suchasfatty tissuebetweenskinandbonetissues.

� A fastmethodfor theestimationof normalsfor volumeregionsundergoingdeformation

andfor regionsin thevicinity of cuts.

� A novel methodfor surface-baseddeformationwithout re-meshing,which extendsthe

notionof volumedeformationto sampledlayeredrepresentationsof polygonalobjects,

suchasdepthmaps,layereddepthimagesandsigneddistance�elds.

1.5 Organizationof the Thesis

This thesisis organizedas follows: Chapter2 provides a comprehensive descriptionof the

state-of-the-artin the deformationof sampledobjectrepresentations, including volumesand

implicit surfaces.

Chapter3 describesanoverview of ourapproach.

Chapter4 describesthe basicdeformationmechanism,which we dubbeddiscontinuous

displacementmapping. We describethe generalnotion of deformationas well as a GPU-

basedimplementation.A numberof examplesareusedto demonstratethecapabilitiesof our
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approach.

Oneof the challengesof this approachis to representfeaturesensitive operations,which

arerequiredfor illustrationandvisualization.Chapter5 describesa methodfor realizingsuch

featuresensitive operations,throughalignmentof thedeformation.We describea methodthat

allowsadeformationto alignwith aparticularline or curve. Wealsodescribeamoreeffective

methodfor aligningthedeformationwith aparticularfeatureof interest.

Chapter6 providesan evaluationof volumetricdeformation.This evaluationis two-fold.

On onehand,we evaluatetherenderingquality of our deformationsvia a quantitative analysis

of thepropertiesof thedisplacementsandtherenderingprocess.Ontheotherhand,weevaluate

the performancecost of our system. This evaluationhelpsus validatethe interactivity and

applicabilityof ourapproach.Further, it servesasa benchmarkfor futurevolumedeformation

methods.

Chapter7 marksthebeginningof Part II, wherewe extendourmechanismto thedeforma-

tion of surface-basedobjects.Wedescribeamethodfor deformingsurfacemesheswithout the

needfor remeshing.This is obtainedby representingtheregionsundergoingdeformationasa

sampledlayeredrepresentation, suchasdepthmapsor distance�elds. Weextendourrendering

methodto �nd accurateintersectionswith thesurfacemesh,andto integrateseamlesslywith

themeshrepresentationof thepartsthatarenotdeformed.

Chapter8 providesan evaluationof our approachasappliedto surfacedeformation.We

compareour approachto meshdeformationandmeasurethe performanceacrossseveral di-

mensions.

Chapter9 describesthe applicationsof our approachand validatesour methodthrough

a numberof examples. Our methodhasapplicationsin medicaland biological illustration,

surgicalplanning,volumeclippingandasa focus+context visualizationtool.

Chapter10presentssomeconclusionsanddirectionsfor futurework.
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Chapter 2
RelatedWork

2.1 Intr oduction

Deformationrefersto thechangein timeof thepositionandorientationpropertiesof graphical

elements.Therehasbeena considerableamountof researchfor the deformationof surface

meshes.Deformationis obtainedby directly transformingthe positionof the verticesof the

mesh. In somecases,re-meshingis neededto accountfor large deformationsor cuts,which

may changethe explicit connectivity of the mesh. Volumetricdatasets,in contrast,arerep-

resentedusing voxels, three-dimensionalpoints that include appearanceproperties,suchas

opacityand color. Unlike surfacemeshes,connectivity information is not explicit. One of

themostcommonway of representingthemis by de�ning a regulargrid in three-dimensional

space.Renderingof sucha grid is performedby integratingthe color or attenuationof a ray

traversingthevolume.Theuseof a regulargrid hasbeenexploitedby contemporaryGPUs,as

their3D texturecapabilitiesarebettersuitedfor regularlyplacedsamples.However, thiscondi-

tion alsocomplicatestheef�cient deformationof volumetricdatasets.Unlike surfacemeshes,

simply transformingthevoxelsmakesit impracticalfor currentray-castingor texture-basedal-

gorithms,astheregulargrid is deformedinto anirregulargrid. Thischapterdescribesprevious

work in the�eld of volumeandmeshdeformation.Theuseof volumetricmodelsalsoenables

a numberof techniquesthathave not beenpossiblewith surfacemeshes,suchascuts. Since

thevolumetricmodelcontainsinformationof theinsideof theobject,it directly bene�ts from

discontinuousdeformations.Surfacemeshes,on theotherhand,do not containinformationof

theinterior, soit mustbesynthesizedarti�cially . Thischapteralsodiscussesthestate-of-the-art

in cuttingandotherdiscontinuousdeformations.

Volumetricobjectscanbe consideredSampledObjectRepresentations(SOR),which de-

�ne graphicalmodelsusing dataobtainedby a samplingprocess,which takes a collection
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of samplesat discretepositionsin spacein orderto capturecertaingeometricalandphysical

propertiesof oneor moreobjectsof interest. In our review of the state-of-the-art,we begin

introducingthe notion of SampleObjectRepresentations,thenwe describethe methodsfor

deformingSORs,placingparticularemphasison thosetechniquesthat introducedeformation

asa stagein therenderingprocess.Then,we describetechniquesfor volumecuttingandother

discontinuousdeformations,and�nally , we concludewith a review of the state-of-the-artin

meshdeformation.

2.2 SampledObject Representations1

Thegeneralnotionof asampledobjectrepresentation(SOR)isasetof samplesV = f (pi ;vi)ji =

1;2; : : : ;ng, wherevi is a valueof a speci�c datatype(e.g.,Boolean,scalar, vectoror tensor),

which representssomepropertyat eachsamplelocationpi in k-D EuclideanspaceEk. Typi-

cally thesesamplesareassociatedwith a spatialdomainDk, which is normallycontinuousor

consistsof severaldisjointsub-domains.An objectspeci�edby anSORis thusafunction f (p)

thatde�nesthevalueateveryp 2 Dk [19].

Digitization is theprimarytechnologyfor acquiringSORsof real-lifeobjectsandphenom-

ena. This technology, which is basedon measuringvariousphysical properties,is available

in a wide rangeof modalitiesaslisted in Table2.1. In mostof thesemodalities,a sampling

processmay involve the processingof multi-channelor multi-dimensionalsignals,including

convolutionanddeconvolution,quantization,andsignalspaceconversion.

In somemodalities,samplingpositionsarede�ned by a regular grid in the objectspace.

For example,computedtomography (CT) scanningnormally utilizes a 3D anisotropicgrid,

wherethe samplinginterval in the z-directiondiffers from that in the x andy directions. In

many othermodalities,samplingpositionsarede�ned by a regulargrid in theimagespace.A

primaryexampleof suchmodalitiesis photography, wheresamplingresultsarerecordedon a

2D isotropicgrid thoughindividual samplesmaynot correlateuniformly to signalsourcesin

theobjectspace.

1Part of this sectionwaspublishedin our paper:DeformingandAnimatingDiscretelySampledObjectRepre-
sentations,M. Chen,C. Correa,S. Islam,M.W. Jones,P.-Y. Shen,D. Silver, S.J.Watson,P.J.Willis, Eurographics
2005,Stateof theArt Reports,pp. 113–140
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Data Number of Representation
ExampleSamplingModality (physicalproperty) Dimension Channels Scheme
Black-whitephotography (light re�ection) 2 1 2D regulargrid
Colorphotography (light re�ection) 2 3 2D regulargrid
Raw laserscans(distanceto a plane) 2.5 1 2D regulargrid
Circularfull-body scans(distanceto anaxis) 2.5 1 2D curvilineargrid
Computedtomography (X-rayattenuation) 3 1 3D regulargrid
Magneticresonanceimaging(relaxationof magnetizednuclei) 3 1 3D regulargrid
Raw 3D Ultrasonography (sonicre�ection) 2.5 1 unstructured2D images
Processed3D Ultrasonography (sonicre�ection) 3 1 3D regulargrid
Electronmicroscopy (electrondiffraction) 3 1 3D regulargrid
Spatialdistance�elds (distanceto a surface) 3 1 3D regulargrid
Spatialvector�elds (e.g., velocity) 3 3 3D regulargrid
3D photographicimaging(light re�ection) 3 3 3D regulargrid
Moviesandvideos(time-varyinglight re�ection) 3 3 3D regulargrid
Particlesimulationresults(space-timeposition,etc.) 4 1 time-series,3D point set
Motion capturedata(space-timeposition) 4 1 time-series,3D point set
Seismicmeasurements(space-timedensity, temperature, etc.) 4 n time-series,2D point set

Table2.1: Exampledatacapturemodalities,andtheir typicalcharacteristicsandrepresentation
schemes.

SORscanalsobeobtainedby samplingcontinuousobjectrepresentations.For example,a

continuoussurfacerepresentationcanbeapproximatedby anunstructuredpoint datasetusing

a randomizeddiscretizationprocessor by a volumedatasetusinga voxelizationprocess.In

many scienceandengineeringdisciplines,suchas�nite elementanalysisandcomputational

�uid dynamics,SORsarecommonlyusedto approximatecontinuousspatialandtemporaldata

representationsderivedfrom theoreticstudies,scienti�c modelingandcomputersimulation.

SORscommonlyexhibit asubsetof thefollowing characteristics,whichcollectively signify

thedifferencesbetweenSORsandotherschemesfor representinggraphicalobjectsandscenes.

� Limitedgeometricalinformation— Most SORsdo not containany explicit geometrical

descriptionof the objectsrepresented,while somecontainpartial geometricinforma-

tion (e.g.,in a point set). It is commonto translatesampledphysical information(e.g.,

X-ray attenuation)to geometricalinformation(e.g.,an isosurfaceof a tumor). In addi-

tion, SORsareparticularlysuitedfor modelingamorphousobjects,suchas�re, dustand

smoke, for whichaprecisegeometricaldescriptionis dif�cult to obtain.

� Limitedtopological information— Theonly topologicalinformationavailablein aSOR

is thespatialor temporalorderin which sampleswerecaptured.Suchinformationdoes

not imply a de�nite topologicalrelationshipbetweenany two datapointsin the object

space,althoughit is often usedto derive, analyticallyor statistically, moremeaningful

topologicalinformation,suchasthepossibleconnectivity betweentwo samplingpoints
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in thecontext of 3D modelacquisitionandtheassociationof a setof voxelsto thesame

objectin thecontext of segmentation.

� Little semanticinformation— Although a SOR,suchas a photographicimageanda

computedtomography scan,may capturea collectionof objectsin a scene,it doesnot

normallycontainany semanticinformation,abouttheobjectsof interest,suchasobject

identi�cation andobjecthierarchy.

� Multiple datachannels— Many SORscapturedatafrom a complex signalsource(e.g.,

re�ectance)or multiplesignalsources(e.g.,acombinationof density, sonic,temperature

andimageryloggingin seismicmeasurements).

� Multi-valueddatachannels— Many SORscontaindatasampledin anintegeror �oating-

point realdomain. In somesituations,this facilitatesa high level of accuracy (e.g.,the

texture of a pieceof textile in an image),but in others,this bringsabouta degreeof

uncertainty(e.g.,theboundaryof apieceof textile in animage).

2.2.1 SampledLayeredRepresentations(SLR)

Many objectrepresentationsarespeci�ed in ananalyticalmanner, for instance,usinga math-

ematicalfunction to de�ne the shapeof an object. Sucha representationis referredto asan

analyticalobjectrepresentation(AOR).Oneof themostpopularanalyticalobjectsareparamet-

ric curves. In generalwe canconsidersurfacemeshesaspiecewiseAORs,wherethesurface

is usuallyapproximatedby a triangularpatch.SORsareoftenusedto representanalyticalob-

ject representations(AORs)aswell. Theuseof SORsto representtriangularmesheshasbeen

proposedin severaloccasions,usuallyby de�ning a grid andsamplingtheshortestdistanceto

thesurfacealongone,two or threedimensions.Sucha representationis saidto beanimplicit

representationof thesurface.Becausethesamplingis usuallydonealonglayers, we call them

LayeredRepresentations. This nameis alsoconsistentwith oneof the�rst applicationsof this

ideafor therepresentationof image-basedobjects,calledLayeredDepthImages(LDI) [102].

In thesimplestcase,anSLR canbea depthmapor relief map[87], whereeachsampled

positionstorestheclosestdistanceto thesurfacealongagivendirection.Oneof themostcom-

monusesof depthmapsis displacementmapping,�rst introducedby Cook [22], whereeach
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depthvaluerefersto adisplacementaddedto themeso-structureof anobjectto createrealistic

details. The useof displacementmappingasan objectrepresentationhasbeensuggestedby

Xu et al. [131] andKautz [57]. Anothertypeof layeredrepresentationis a multi-layerdepth

map,whichovercomesthelimitationsof depthmapsfor representingobjectswith concavities,

by combininganumberof depthmapsinto asinglestructure.PolicarpoandOliveirausedfour

depthmapsto representnon-height-�eldsurfacedetailson objects[90]. This ideawasfurther

developedby Wangetal. [122, 121] in theirgeneralizeddisplacementmaps.Insteadof 4 depth

maps,Wanget al. allow any numberof layers,describedasa 3D texture. Unlike the depth

maps,thisstructurestoresthedistanceto theclosestpoint in themeso-structuresurface.

A generalizationstructureis signeddistance�elds, a 3D grid whereeachpoint storesthe

distanceto theclosestpoint to thesurface,or, in somecases,it alsostoresthecoordinatesof the

closestpoint andthedirectionof thegradient.A numberof methodsfor computingthesigned

distance�eld of polygonalobjectshave beenproposed,e.g.,[103, 110]. Distance�elds may

requireconsiderablememory. As analternative,we canusea collectionof arbitrarily oriented

depthmaps.Oneexampleis adepthmapcube, whichusesdepthmapsalongthefacesof acube

to representacomplex object,suchasin [57]. Notethatfor objectswith concavitiesandhidden

features,a simplecubemay not be suf�cient. It is possibleto improve the representationof

theobjectby subdividing thecubeinto amorecomplex geometry, closelyboundto thedesired

surface. This leadsto the displacedsubdivision surfacesproposedby Lee et al. [66], and

displacementvolumes[10].

2.3 Deforming SampledObject Representations

In this thesis,the termdeformationrefersto intendedchangeof geometricshapeof anobject

underthecontrolof someexternalin�uence suchasa force. To facilitatethecomputationof

geometricchanges,a deformablemodelnormallyhastwo primarycomponents,a datarepre-

sentationandanalgorithmbasedonaphysicalor mathematicalconcept.Applicationsof defor-

mationtechniquesincludecomputeranimation,objectmodeling,computer-aidedillustration,

surgicalsimulation,andscienti�c visualization.Here,wedistinguishtwo typesof methodsfor

deformingSORs,empiricaldeformablemodelsandphysically-basedmodels. However, the



14

line betweenthe two typesof deformationsis becomingblurred. This comesasthe resultof

the introductionof constraintsto otherwisenon-physics-baseddeformationto accountfor de-

siredpropertiesfoundin “real-life” situations,suchasvolumeconservationandpreventionof

self-intersection.In this thesis,wereferto non-physically-baseddeformationto thosemethods

wheredeformationis not obtainedexplicitly astheproductof applyingforcesto a mesh,vol-

umeor setof points.Furthermore,dynamicdeformationeffects,suchasinertiaandsecondary

forces,areof little importance.

2.3.1 Empirical Deformable Models

Empiricaldeformablemodelsarenon-physically-baseddeformablemodelswhicharedesigned

to imitatephysicalbehaviors of deformableobjectswith little or very limited physicsin their

computationalgorithms.

Someof themethodsthatfall into thiscategoryare:

� Global and local deformation[6, 5] to volumedatasetsthroughray de�ectors [64] or

spatialtransferfunctions[20].

� Free-formdeformation[100] to volumedatasetsthroughvolumeboundingboxes[18]

� Skeleton-basedvolumedeformationsuchasvolumewires[120]or theapproachin [105].

� Pre-de�nedproceduraldeformationspeci�cationsto segmentedvolumedatasetsin in-

teractivedataexploration[76];

� Implicit modelsasaparametriccontrolfor deformingthevolumedataset[52];

� Splittingoperationstovolumedatasetsandhypertexturein acombinationalmannerusing

spatialtransferfunctions[54].

� Chain-mailalgorithms, which usesthe grid topologyin a volumedatasetto propagate

displacements[42].
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2.3.2 Physically-BasedModels

Althoughempiricalmodelscanbe implementedin real-timefor very large datasets,accurate

deformationscannotalwaysberealized,especiallyin emulatingphysicalresponsesto aninput

force. For this reason,therehave beenmany physically-basedmodelsproposedfor deforma-

tion.

Almost all physically-basedmodelsareassociatedwith a meshdatarepresentation,typi-

callywith triangularor rectangularelementsfor surfacesandtetrahedralor hexahedralelements

for solidsor volumes.In mostapplicationsinvolving SORs,suchdatarepresentationcanbeex-

tractedor reconstructedusinga numberof techniques,suchasmarchingcubes[74], Delaunay

tetrahedralization,amongmany others.

Typical physically-basedmodelsincludecontinuummechanics, mass-springsystems, par-

ticle systems, smoothedparticle hydrodynamicsand �uid dynamics. In thesemodels,a de-

formableobjectis essentiallya functionof the forcesactingon thematerialpropertiesof the

object. Deformationis computedis by �nding a solution to the equilibrium stateof energy

functionals. Finite difference, �nite elementand �nite volumemethodsare commonlyused

to obtainapproximatesolutionsof mesh-basedpartial differentialequationsfound in the La-

grangianformulationof motionin continuummechanics[82].

� Mass-springModels— In thesemodels,an objectis approximatedasa �nite meshof

points. Themechanicsof deformationis de�ned ascoupledordinarydifferentialequa-

tions,which speci�esequilibriumat themeshpoints.Verticesareadoptedasnodesin a

mass-springmodel,whichareconnectedvia springsto theirneighbors.An initial condi-

tion canbeassignedto eachvertex andtheinternalforceactingonavertex is calculated

baseduponits local neighbors.This forceis thenusedto calculatevertex motionusing

Newton's law of motion.

� Finite ElementMethods(FEM) — Unlike mass-springmodels,wherethe equilibrium

equationis discretizedandsolvedat �nite masspoints,theFEM systemis discretizedby

representingthedesiredfunctionwithin eachelement(e.g.,line, triangular, quadrilateral,

tetrahedralandhexahedralelements),asa �nite sumof element-speci�cinterpolation

functions. FEM is usedextensively in computergraphicsfor deformation(e.g., [98,
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11]). In computationalscience,FEM is normallyusedin conjunctionwith a non-linear

elasticitymodel,while it is commonin computergraphicsto employ a reducedlinear

modelasdiscussedbelow.

� Low Degree-of-freedomModels— For many applications,suchassurgical simulations

and interactive modeling,real-timesolutionsare necessary. This classof modelsare

designedto reducethecomputationalcostsof abovementionedphysically-basedmodels.

For example,onemayuseasystemof equationsthatarelinearly independent[98], have

a restrictedclassof deformationfunctions[128], use iterative solutionsfor the �rst-

orderdifferentialequationof deformation[7], preprocessingnon-linearityin high-order

differentialmodels[25], andlinearelasticitytheory[79, 58].

Point-baseddatarepresentationsarebecominga popularalternative to mesh-basedrepre-

sentationsin computergraphics.As SORs,they lack in thetopologicalconnectivity necessary

for theapplicationof mostphysically-baseddeformationmodels.Onecaneithersuperimpose

a meshstructureover a point set, or de�ne neighborhoodusing an approximation,suchas

moving leastsquares[81, 80]. Thelatteris referredto asmeshlessor mesh-freedeformation.

Deformable Models in Surgical Simulation

The role of deformablemodelsin surgery simulationand training is diverse,sincethey are

requiredfor collision detection,renderingand hapticssimulation. When the user interacts

througha virtual tool, forcesappliedto the modelproducea deformation,describedasa set

of displacementsof theunderlyinggeometry, andthey generateinternalforcesandvibrations

whicharefedbackto theuserashapticstimuli.

Although non-physical models,suchas 3D ChainMail [42] and free form deformation

[100], arecomputationallyinexpensive, physically basedmodelsarethe dominantparadigm

becauseof theiraccuracy. Theseincludemass-springmodels[21, 77] and�nite elementmeth-

ods(FEM). Of thesetwo, the latter is themostcommon,becauseit is moreaccurateandcan

accommodatedifferent materialpropertiesthrougha small numberof parameters.Further-

more,thefocusof mostsurgicalsimulationsystemsis asimulationonlocalizedregions,which

FEM canhandleproperly(i.e.,noneedto simulatelargedisplacements).
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FEM,however, is computationallyexpensivefor real-timesimulation,sinceit requiressolv-

ing large partial differentialequations(PDEs). Techniquesfor achieving real-time�nite ele-

mentsimulationcanbeclassi�edinto two categories:thosethatsimplify themathematics,and

thosethat speed-upthe solutionalgorithms. In the former category we �nd approachesthat

simplify themodelingof elastictissueusinglinearmodels[133,11]. Linearelasticityis often

preferredbecauseit reducesthe problemto a linear equationthat canbe solved quickly by

pre-computingthe inverseof the stiffnessmatrix. However, linear elasticityonly is accurate

for smalldeformations.Largedeformations,suchasglobal rotations,usuallyresultin anun-

realisticvolumegrowth of themodel.For this reason,differenttechniqueshavebeenproposed

to handlelargedeformations,suchaswarpingof thestiffnessmatrix [78] andquasinon-linear

deformation[25]. ZhuangandCanny proposereal-timedeformationusingnon-linearelasticity

[134]. In surgerysimulation,theproblemis oftendescribedasa dynamicproblem. Alterna-

tively, theproblemcanbereducedto a staticproblem,which ignoresbodyforces,inertiaand

energy dissipation.BroNielsenproposedthis simpli�cation for surgerysimulationfor obtain-

ing real-timeresponse[11]. However, lossof dynamicsmayaffecttherealismof thesimulation

andstaticsystemsaremostlyusedin surgeryplanning,wherethedesiredsolutionis theequi-

librium stateof the deformablemodelafter beingsubjectedto forces,with no interestin the

intermediatestates.

The secondcategory for real-timedeformationincludestechniquesfor speedingup the

solutionof theresultingequations.BroNielsenandCotin proposeda techniquebasedon con-

densation[11], which reducesthesizeof thePDEto besolvedby ignoring the internal�nite

elementsin thecomputation.They alsoproposedexplicit integrationover implicit integration

for its reducedcomputationtimeandmemoryrequirements.However, explicit integrationleads

to instability for largetimesteps.Anotherpossibilityfor speed-upis theuseof multiresolution

techniques,assuggestedby Debunneet al. [28] andWu [129]. Wu andTendickproposea

multigrid integrationscheme[130] to solve non-lineardeformationsin real-time. Real-time

deformationhasalsobeenpossiblewith increasedcomputationcapabilities,suchasparallel

processingandspecializedhardware[112,39].

A challengein surgical simulationthatpreventsextensiveuseof precomputedquantitiesin

FEM is real-timecutting. Pre-computationof the stiffnessmatrix andappliedforcesforbids
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topologychangesin themesh,requiredfor simulatingcutting.Cotinetal. [25] proposeahybrid

approachfor real-timecutting thatusesa staticmodelin regionsthatdo not requiretopology

changes,anda dynamicmodelfor a limited region wherecuttingandtearingis needed.For a

completesurvey in deformationfor surgical simulation,referto [72].

Becauseof thehighcomputationalcostsof physically-basedmethods,they arenotsuitable

for illustrationandvisualization.In this thesis,we consideranempiricaldeformationmethod

instead.

2.4 RenderingDeformation

Traditionally, deformationis performedat themodelingstage,which resultsin anexplicit de-

formedobjecttobeforwardedto therenderingstage.Earlierapproachestovolumedeformation

followedthis paradigm,suchas[53, 48, 67, 37], aimedtowardsmorphingof volumes,or the

methodsin [40], aimedto volumeanimation.It is oftendesirableto couplethemodelingand

renderingof deformationtogetherto facilitateinteractive deformationor reducetheneedsfor

generatingexplicit deformedobjectsat eachtime step.This approachis particularlyeffective

whendeformationrenderingis acceleratedby usingmoderngraphicscards.Anotherreasonfor

couplingthemodelingandrenderingof deformationis thatthegenerationof deformedobjects

is limited by thesamplingfrequency of thedeformedobject.In thecaseof largedeformations,

suchasa largepull or a twist, this samplingmaybemuchlarger thanthesamplingfrequency

of theoriginalundeformedobject.

In orderto describethespaceof volumedeformationapproaches,let usde�ne a deforma-

tion asa mappingfunctionTF : R3 7! R3, suchthat,for a givenpoint p , we canobtaina new

positionp0 , asdepictedin Figure2.1.

p0= TF (p) (2.1)

TF is acontinuousdeformationif TF 2 C0. Here,C0 denotesthesetof all continuousfunctions

in 3D space.A useful,but notnecessary, propertyis thatTF is differentiableateverypointp.

We denoteTF asa forward transformation. Let PV bethesetof all pointsp in thevolume

representationV of anobject.Hence,we obtaina new setP0
V = f p0j8p 2 PV ;p0= TF (p)g. Let
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V0bethenew axis-alignedboundingvolumefor all thepointsin P0
V . We call this new volume

V0 thedeformedvolume.

Renderingof thedeformedvolumeis obtainedby samplingthepointsin V0. Let f 0bethe

scalarfunction de�ned for the deformedvolume. Sincewe assumecontinuity of the scalar

values,

f 0(p0) = f (p) , for p0= TF (p) (2.2)

where f (p is thescalarfunctionthatrepresentstheSORde�ned by volumeV. Forwardtrans-

formationis of limited usein thedeformationof volumetricobjects.This approachwasused

by McGuf�n et al.[76], whererenderinganddeformationarecoupledby treatingeachvoxel

asa renderingprimitive. This approach,however, suffersfrom undersamplingproblemsasthe

spacebetweenvoxels arenot renderedor deformedin any way. That is, it treatsthe volume

asa disconnectedsetof points.However, mostvolumetricobjectsareobtainedby samplinga

continuousobject.

For this reason,volumedeformationtechniquesarecommonlyin the category of space

warpingtechniques.Wedistinguishtwo differenttypesof methods:thosethatperformindirect

spacewarping, alsoreferredto asproxy-basedspacewarping, andthosethat performdirect

spacewarping. At the core of thesetwo is the idea that volume renderingis obtainedby

samplingthedeformedvolumeV0.

2.4.1 Indir ectSpaceWarping

Indirector proxy-basedspacewarpingis obtainedby de�ning a setof controlpointsQ which

aredeformedusinga forward transformation.Let usde�ne Q0 asthedeformedsetof control
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points,i.e.,

Q0= f q0j8q 2 Q;q0= TF (q)g: (2.3)

In orderto renderthisdeformedvolume,it suf�ces to samplethespaceat regularintervalsDp,

alonga raydirection�!v . Thesamplingpointsare:

p0
i = iDp�!v (2.4)

andthesampledvalueof thescalar�eld f 0 is obtainedthroughinterpolation.This is depicted

in Figure2.2.

A numberof approacheshave beenproposedwhich differ in the type of proxy geometry

andinterpolationfunction.WestermannandRezk-Salama[126] de�ne Q asafree-formlattice.

Deformationis obtainedby directly transformingthepointsin Q andsamplingis obtainedby

slicing the deformedlattice into view-alignedslices. Sincethe verticesareparameterizedin

the undeformedspace,alsoknown asthe texture spaceof the volume, the sampledvalue is

computedusingtheBernsteinpolynomialasdescribedby Sederberg andParry [100]:

f 0(p0) = f 0(s;t;u) =
3

å
i; j ;k

fi jkBi(s)B j (t)Bk(u) (2.5)

whereBi = Bi;3 aretheBernsteinpolynomialsof degree3, fi jk = f (qi jk) arethescalarvalues

evaluatedat thecontrolpoints,and(s;t;u) is theparametrizationof thesamplepointp0.

A simplerinterpolationmechanismwasproposedby Rezk-Salamaet al., usingtrilinearly

interpolatedpatchesinsteadof a free-formdeformationlattice. In their work, Q de�nesa grid
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of linear patches,usuallyof a sizemuchsmallerthanthe original grid PV . The interpolation

is obtainedwith Eq.(2.5),exceptthatBi = Bi;1 aretheBernsteinpolynomialsof degree1 [56].

This approachproves to be very effective sincetrilinear interpolationis readily available in

mostcontemporarygraphicsprocessors.Oneof the disadvantagesof this implementationis

thatautomaticparameterizationof thesamplepositionsinto texturespaceis ambiguous,dueto

irregulardeformationof thelinearpatches.Dependingontheviewpoint,theslicingmechanism

and(automatic)rasterizationof theproxyslicesgeneratesdifferentparameters(s;t;u). This is

observedalsowhenrenderingatexturedirregularquadrilateral.Dependingonthetriangulation

of thequadrilateral,a differentparameterizationis obtained.This problemcanbesolvedwith

a tessellationof the proxy slices,eitheron a �ner grid or by introducinga new vertex in the

barycenterof theslicepolygon.Thisworkssincetheparameterizationof a triangleis unique.

Anothergroupof methodsthat canbe consideredin this category asskeleton-basedde-

formationtechniques,suchasthe approachby Gagvani et al.[40] by Singhet al. [105] and

VolumeWires[120]. Insteadof having a grid of axis-orientedpatches,theproxy pointsQ are

de�ned alonga curve-skeleton,centeredwithin certainfeaturesof interest. Eachsegmentin

thisskeletonis usedto de�ne acuboid, whichis anelongatedcubealongtheprincipaldirection

of thefeature.Thecornersof all thecuboidsde�ne thecontrolsetof pointsQ. By transforming

thepointsvia rotationsandtranslations,it is possibleto animateandmanipulatedarticulated

volumetricobjects.Similar problemsappearin the joints of two segmentsdueto ambiguous

trilinear interpolation. This wassolved by addingadditionalpoints in the barycenterof the

slicesthatresultedfrom samplinganirregularcuboid.

Physics-basedvolumedeformationapproachesfall alsointo thiscategory, andQ is usually

de�nedasamass-springmodelor a�nite elementmesh.In theformer, controlpointsarepoints

with massconnectedwith elasticlinks. Examplesof both mass-springmodelsandFEM are

foundin [21, 133].

Recentapproachesto modeldeformationsconsidertheactualvoxelsascontrolpoints.Un-

like theabove,whereameshis explicitly de�ned betweenthecontrolpoints,theseapproaches

do not requireanexplicit meshtopology. Thesemethodsfall in thegeneralcategory of mesh-

lessdeformation.Althoughtheliteratureis abundantfor its applicationin surfacemeshesand

imagewarping,a few methodshave beenproposedfor volumedeformation[44]. In general,



22

thesetof controlpointsis asubsetof thesetof samplepointsof theundeformedvolume,i.e.,

Q � PV (2.6)

Sinceno connectivity is required,the interpolationfunction mustoperateover scattereddata

[97]. Several methodsareproposedfor this, of which the mostrepresentativesarethe Shep-

ard's interpolant,radialbasisfunctionsandmoving leastsquares.Shepard's interpolationis in

generalaweightedaverageof thescalarvalueof thecontrolpoints,i.e.

f 0(p0) =
n

å
i= 1

wi(p0) f (qi) (2.7)

wheren is thenumberof controlpoints,wi : R3 7! R aweightingfunctionsuchthatsatisfythe

following conditions:

wi(qi) = 1 ,
n

å
i= 1

wi(p) = 1 , wi(p) � 0

wi(p0) is oftende�ned asa functionof thedistancebetweenp0andcontrolpointqi .

Radialbasisfunctionsconstructtheinterpolationasalinearcombinationof basisfunctions.

Oneof thepropertiesis that it canbede�ned to be in�nitely differentiable,which providesa

smoothandcontinuousdeformation.However, aswe shallseein thenext sections,this poses

a problemwhencreatingdiscontinuousdeformation,thatmayarisewhensimulatingcutsand

breaks.Solutionscanbefoundto obtainsuchdiscontinuousdeformationthroughmodi�cations

of theradialbasisfunction,or by employing moving leastsquares.

Indirectspacewarpinghasbecomevery popularbecauseof its implementationfeasibility

in the vastmajority of contemporaryGPUs,by exploiting hardwareacceleratedtri-linear in-

terpolation. However, the relianceon this capabilityrequiresa properhandlingof the proxy

geometry, whichneedsto beproperlytessellated.

2.4.2 Dir ectSpaceWarping

To avoid dealingwith complex meshes,deformationcanbede�ned asapoint-wisewarpingof

thevolume.For eachpointp02 P0
V ,

p = T � 1
F (p0) (2.8)
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whereT � 1
F is thecorrespondinginversetransformationof TF . Thescalarvalue f 0(p0) canbe

foundby samplingtheoriginal scalar�eld, i.e., f (p), asseenin Figure2.3

Thisapproachwas�rst introducedin raytracingsystems.With theadventof programmable

shaders,it hasbeenrecentlyextendedto 3D texturebasedvolumerenderingandGPU-based

ray casting.In ray casting,spacewarpingcanbeimplementedby deformingor de�ecting the

raysinto curves,giving the illusion of renderinga deformedobject. This approachhasbeen

proposedby Kurzion andYagel [64]. In their work, a proceduralde�nition of a de�ector is

usedto modeldifferentkindsof deformations.A de�ectorchangesthesamplingpositionsbeen

traversedby a ray during therenderingprocess,by assigninga displacementstowardsa user-

de�nedsinkposition.Althoughthiscanbeextendedto modelanumberof deformations,it is in

generalanon-intuitiveapproachto deformation.KurzionandYagelalsoproposedanextension

for hardwarerendering.Sincede�ectingraysweredif�cult to implementwith theexistingGPU

capabilities,they proposedto tessellatetheslicesandthenapplyingthedeformationon the3D

vertices[64]. Unlike their original ray de�ection work, their hardwareextensionis really an

indirectspacewarpingmethod.

Anotherapproachthat usesray-castingis the conceptof spatialtransferfunctions(STF)

[20]. Unlike the above, ratherthandeformingthe ray, the positionof eachsampledpoint is

transformedvia a proceduralde�nition, representedasa spatialtransferfunction. Thespatial

transferfunction is thena realizationof the inversewarpingfunctionT � 1
F . Oneof theadvan-

tagesof STFsis theability to createcomplex deformationsby combiningalgebraicallysimpler

ones.

Anotherrecentapproachhasbeenproposedby Chenet al. [18], usingtheGPUto perform
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interactive ray casting.Unlike the ray de�ectorsor spatialtransferfunctions,they embedthe

raysinto a free-formdeformationlattice,providing theusera rangeof deformationsfrom the

manipulationof a few controlpoints. It is similar to theapproachby WestermannandRezk-

Salama[126], wherea FFD lattices is also used,except that Chenet al. do not requirea

deformableproxygeometryto renderthevolumetricobject.

With the programmabilityof currentGPUs,andin particular, of fragmentshaders,it has

beenpossibleto performdirectspacewarpingin texture-basedrenderingandGPU-basedray-

castingof volumes. Ratherthanapplyinga deformationto control verticesin a proxy mesh,

it is applieddirectly on the 3D pointsobtainedthroughslicing or ray casting,eachof them

correspondingto a singlepixel in the �nal image. The inversedeformationT � 1
F is evaluated

for eachfragment(intermediatepixel) in theimage.This hascertainadvantagesover thepre-

viousapproaches.Themostnotableoneis that tessellationis not neededandthereforemore

complex deformationscanbeobtainedwithout extra computation.In addition,this approach

achievessmoothrenderingof non-lineardeformation.With indirect spacewarping,they are

approximatedby tri-linear interpolation.However, indirectspacewarpingis in generalmuch

faster, sincethe numberof control points(3D vertices)arefar lessthanthosein direct space

warping(pixelsfor eachslice).

Theapproachproposedin this thesisfalls into this category. A recentapproachby Brunet

et al. [15] alsousesGPUcapabilitiesto performinversewarping. They exploit the fragment

shaderto samplean inversedeformationfunction,which canbe representedprocedurallyon

thefragmentshaderor pre-computedandstoredasa3D texture.

2.4.3 DiscontinuousDeformation

The majority of previous work on volumedeformationconsidersthe transformationfunction

as continuous. Particularly for surgery and medicalillustration, deformationsoften contain

discontinuities.ThereforeTF andT � 1
F arenotnecessarilycontinuous.

Therearea numberof waysto de�ne discontinuousdeformation.Themostintuitive is by

usingforwarddeformation.This approachwasusedby McGuf�n et al [76]. By usingpoints

asprimitives, it waspossibleto de�ne discontinuitiessinceno intermediatespaceis needed

betweenthepoints.However, aspointedoutbefore,thismethodprovesinsuf�cient for volume
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rendering.

Introducingdiscontinuitiesin spacewarpingapproachesis morechallenging.In the case

of indirectspacewarping,thischallengearisesbecausetheinterpolatingfunctionsrequiredfor

the samplingof the proxy meshareinherentlycontinuous.Therefore,discontinuousvolume

deformationrequires,similarly to surface-baseddeformation,a re-tessellationof theproxyge-

ometry. A discontinuousdeformationcanbede�nedasacollectionof disconnectedcontinuous

deformations.Therefore,theproxy geometryis split andre-meshedalongthecuts. Sampling

occursat thosepointsinsidetheproxy meshandnot in theemptyspacegeneratedby thecut.

This processis shown in Figure2.4. Notehow thediscontinuityappearsasno samplingrays

arecastinto the emptyspace.This approachwasusedby Kurzion andYagel in their hard-

wareimplementationof ray de�ectors [64]. In a recentwork, BrucknerandGröller [13] use

re-tessellationto split volumetricobjectsandgenerateexplodedviews of volumedataon the

�y . In their system,a volumeobjectcanbesplit with planarcutsde�ned by theuser, andeach

generatedsub-volumeis transformedlinearlyvia rigid transformations.

Oneof the shortcomingsof this approachis the requirementof re-tessellationon the �y ,

which may be computationallyexpensive for complex non-linearcutsanddeformations,and

theinability to representarbitrarily smoothcutsdueto thelinear interpolationimposedby the

proxymesh.

A mechanismto overcometheneedfor re-meshingis to usepoint-baseddeformation.In

this case,Q is a subsetof theoriginal samplepointsPV . Deformationis obtainedby forward

transformation.Unlike cuberillerendering,thesamplingof thespaceis doneby interpolating

thescalarvaluein a local neighborhoodcenteredat eachdeformedpoint p0. Becauseno mesh

is requiredfor Q, introducingcutsis easier. For moreinformationonpoint-basedandmeshless

deformation,referto [82].
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Anothermechanismis to modeldiscontinuitiesvia direct spacewarping. Unlike thepre-

viousapproaches,directspacewarpingrequiresthesamplingof all thepointsin thedeformed

space,including theemptyspaceintroducedby a discontinuity. Thedeformationequationin

2.8 is no longervalid, sincethetransformationis unde�nedfor thepointsin theemptyspace.

Ideally, for any forward transformation,TF from PV to P0
V , we shouldalwayshave its corre-

spondingT � 1
F , suchthat, for eachpoint p02 P0

V , thereexists p 2 PV andp0= TF (p). With a

discontinuousdeformation,thisconditionis no longermet.Thiscanbesolvedby allowing the

de�nition of amodi�ed inversetransformationTB, asfollows.

Let P0
V0 beacollectionof all pointsin V0. SinceP0

V is asetof all pointslocatedin V0with a

pre-imagein V, theemptyspacein V0 is thusde�ned by a setof pointsP0
empty = P0

V0 � P0
V . We

therebyreplacetheT � 1
F in Eq.(2.8)with amodi�ed backward transformationTB as:

p = TB(p0) =

8
>><

>>:

T � 1
F (p0) p02 P0

V

? p02 P0
empty

(2.9)

where? denotesa null position, indicatinga point that doesnot have an origin prior to the

manipulation. In general,suchpointsareconsideredempty, or completelytransparent.We

therebyassumethat,for purposesof rendering:

f 0(? ) = 0 (2.10)

This methodis depictedin Figure2.5. Notehow the raysarealsocastinto theemptyspace.

Pointsin thatregionaredepictedaswhitedotsandthey areinverselymappedto thenull space

? .

This methodhasbeenimplementedasSpatialTransferFunctionsin [20] andSpatialand

TemporalSplitting [54], usingraycasting,wherediscontinuitiesarehandledby maintaininga

specialvaluefor a null position. Althoughthis hasproducedgoodresultswith ray-casting,it

requiresa goodsamplingof thesurfaceof thecut to obtainanti-aliasedimages.Further, this

approachdoesnot extendeasilyto interactive volumerendering.Discontinuousdeformation

canalsobe realizedwith ray de�ectors, in [64]. Oneproblemwith ray de�ectors is that, in

orderto de�ne a discontinuity, rayswould have to bedeformedaway from eachotherat some
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point, andthey would never “hit” thesurfaceof thecut. As analternative, KurzionandYagel

de�ne discontinuousde�ectorsby allowing intersectingrays. Sincea samplepoint cannotbe

mappedto two differentpositionsin theoriginal volumeV, they only allow pointson oneside

of theintersectionto samplethevolumein thatsideof theintersection.As thesamplingis done

smoothlyalongthede�ectedray, thisapproachproducesrenderingof cutswith little aliasingin

comparisonwith SpatialTransferFunctions.However thespeci�cationof suchray de�ectors

is not straightforward,andmaybedif�cult for complex discontinuousdeformations.

2.5 Other VolumeManipulation

Thereareothermethodsfor transformingvolumetricobjectsthatdiffer slightly from deforma-

tion. In thesemethods,amanipulationof thevolumeis achievedby eithercarving, clippingor

ghostingpartsof thevolume.Volumeclipping is apopulartool to removepartsof anobjectin

orderto gain visibility of occludedparts.Clipping is usuallyperformedby applyinga differ-

encebooleanoperationof thevolumewith anotherclip volume,usuallyde�ned procedurally.

Planarcutsarethemostcommon,andmethodsfor renderingclippedsurfaceshave beenpro-

posed[47]. Weiskopf et al. proposedtheuseof generalshapeclipping volumesfor effective

visualization[124]. A similar ideais the processof volumecarving[30], wherepartsof the

volumeareinteractively removedasamodelingprocess.
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2.6 MeshDeformation and Cuts

Triangularmeshes,asopposedto volumes,arenot sampledobjectrepresentations.However,

many deformationtechniquesdraw similaritiesfrom theseapproaches.Deformationof meshes

is essentiallyadirectmappingproblem,asdescribedabove. In empiricalmodels,thismapping

is obtainedvia anumberof methods,namely:

� Directtransformationof theverticesof themesh,asit is commonin consumer3D editing

software,suchas3D Studio[31] andMaya[4].

� Global or local deformations[6]. Deformationssuchas twists and bendsare usually

de�ned as procedures.As an alternative to meshdeformation,Barr proposesinverse

transformationfor theray tracingof deformedsurfaces[5].

� Transformationof an embeddinglattice, of which the mostcommonone is free-form

deformation[100, 75], where the lattice is a tri-cubic grid. Other examplesinclude

skeleton-driven deformations[16]. Pose-spacedeformationtechniques[69], which are

at the coreof currentcharacteranimationtechniques,alsoachieve deformationby the

transformationof anembeddingstructure,alsoknown asenvelopes.

� Sketching[59, 83], wherethe deformationis obtainedby a mappingfrom a 2D curve,

usuallysketchedby theuser, into a3D transformation.

Recentefforts have beenmadeto enforcecertainconstraintsin meshdeformation,in the

hopesof obtainingrealisticresultsat interactive rateswithout the needfor complex physics.

Someof thepropertiesoftenenforcedin meshdeformationare:

� Smoothnessof the deformation[135, 132]. This property leadsto the prevention of

folding artifactsor breaksin themesh.

� Volumeconservation [50, 92, 10, 118], wherea volumetricfunctional is minimizedin

orderto achieve realisticdeformationsof non-compressiblesolids.

� Preventionof self-intersection[41, 118,38].

� Preservationof surfacedetails[83, 10].
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Anotheraspectof deformationis themodelingof cutsandbreaks.Simulationof fractures

wasintroducedby TerzopoulosandFleischer[113]. Several modelshave beenproposedfor

discontinuousdeformation:cutting,asthesurfaceinteractswith acuttingtool, e.g.,for surgical

simulation[11,29,8,101], or illustration[88], fracturingof brittle [85] or ductilematerials[84]

andsplittingof objects[109].

Oneof theproblemswith meshdeformationis therequirementfor anexplicit mesh.In the

caseof large continuousdeformations,suchasa twist, the resultingmeshmay containlarge

degeneratetriangles,which mayintersect.Most mesh-baseddeformationshandletheproblem

by anadaptive re-meshingof theproblematicregion. In thecaseof cutsandbreaks,a meshis

requiredto propagatethebreakor cut in thedesireddirection.In addition,themodelingof the

interior requiresa solid meshrepresentation,usuallya tetrahedralmesh.A re-meshingis also

requiredin thiscase,asthecut is seldomintroducedalongtheactualedgesof themesh.Unlike

there-meshingfor continuousdeformation,cutsimply topologychangesin themesh.

2.7 Summary

This chapterhasdescribedthestate-of-the-artin deformationof volumetricandsurface-based

objects. Volumetricobjectscanbe describedassampledobjectrepresentations,obtainedby

samplinga continuousobject in a regular grid. Becauseof this sampling,deformationof

sampledobjectrepresentationsrequiresan inversewarping mechanism.This spacewarping

handlesthesamplingproblemsthatoccurwhenattemptingto producedeformationvia forward

point transformation.Themostcommonmethodhasbeenindirectspacewarping,whereacon-

trol proxymeshis deformed�rst andthevolumedeformationis obtainedthroughinterpolation.

CurrentGPUsenableinteractive volumedeformationthroughdirectspacewarping,wherean

inversetransformationis usedto directlywarpthesamplepointsin thedeformedvolume.How-

ever, themodelingof cutsandbreaksandhigh quality renderinghasbeenmoreproblematic,

dueto the topologicalchangesthatmayoccur. Sincevolumetricobjectsdo not have explicit

topology, theintroductionof cutsseemsstraightforward. However, accuraterenderingof vol-

umetriccutshasbeendif�cult, dueto samplingproblemsandthelackof aunifying mechanism

for encodingdiscontinuousdeformations.
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Thefollowing chapterdescribesamethodfor deformingvolumesat interactiverates,based

on a generalizationof displacementmaps,which alsoallows the modelingandhigh quality

renderingof largedeformationsanddiscontinuities.
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Chapter 3
Illustrati veDeformation

We de�ne Illustrative Deformationas a non-physics-baseddeformationmethod,where the

shapeof an object is modi�ed via global and local deformations,to mimic the type of de-

formationscommonlyfound in scienti�c illustrations. Unlike physics-basedapproaches,the

deformationis appliedastheresultof userinterventionvia a setof transformationtemplates,

ratherthanastheresultof a setof virtual forcesbeingappliedto certaincontrolpointson the

object.Thereareseveralpropertiesof scienti�c illustrationswhich artistsandscientistsuseto

provide a betterunderstandingof objectsandphenomena.First, deformationoftendepictcuts

andbreaks,sothat importantpartsthatarebeingoccludedaremadevisible, while preserving

contextual informationof the object. Second,thesecutsanddeformationsareubiquitous,in

thesensethatthey canbeappliedanywherein theobject,andatseveralscales.Finally, they do

notadherenecessarilyto reality, asshown in certainanatomicalillustrations,e.g.,1.2(c),where

theplacementanddeformationof certainlayerssuchasmusclemaynot describea physically

feasibledeformation,but it providesthemostcomprehensive view of thedifferentanatomical

layers.

We describethis methodas a top-down approach. Traditional deformationapproaches

model reality in a bottom-upapproach:�rst, a seriesof equationsare speci�ed, which are

designedto modelcertainphysical propertiesof the movementof bodies. The equationsare

integratedin time to obtaindisplacementsfor the graphicalelements,which in turn produce

a 3D image.This processis re�ned by modifying theequations,settingparametersor adding

constraintsin orderto obtainthedesiredresult.

In ourapproach,webegin with anabstractdescriptionof thedeformation.Thisdescription

de�nes a global deformationof an object,suchasa peel,a twist, a bend,etc. We represent

thesegenericdeformationsastemplates,whicharedescribedin thefollowing section.Wethen
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Figure3.1: Iconic representationsof deformationtemplates

apply the templateto the object, in a similar fashionto the way texturesanddisplacements

areappliedto surfacemeshes.Our renderingprocessthenproducesthe resultingimage. We

thencanre�ne our resultsby eitheraddingnew deformationtemplates,or combiningsimple

deformationsto form acomplex one.

3.1 Deformation Templates

At the core of our approachis the idea of deformationtemplates. Unlike physically-based

methods,wheredeformationis obtainedvia a physical simulation,herewe de�ne globaland

local deformationsasdisplacementmaps.Thesein turn arede�ned procedurally, asin [6], via

interpolationof point-wisetransformations,asthetool describedin [54], or asacombinationof

simplerdeformations.Displacementmapsaresampledstructureswhereeachpositioncontains

adisplacementvector, which is usedto transformthepositionof apoint in 3D space.This idea

wasintroducedasa meansto addgeometricdetailsto a basesurface[22], in a similar fashion

to theway texturesareusedto changetheappearanceof anobject.During thereminderof the

thesis,weusethetermsdisplacementmapsanddeformationtemplates/metaphorsinterchange-

ably. Deformationtemplatescan be continuousor discontinuous.Examplesof continuous

deformationsaretwists,bends,pulls andpokes. Examplesof discontinuousdeformationsare

cuts,peelsandslices. Whenthesedeformationsareappliedto a volumetriccube,we obtain

iconic representationsof ourdeformationtemplates,asshown in Figure3.1.

An importantaspectof deformationtemplatesis thatthey aregeneric,andthereforecanbe

appliedto any dataset.This meansthatdeformationis decoupledfrom theobjectrepresenta-

tion.
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3.2 ProcessOverview

In our approach,deformationis part of the renderingprocess.The deformationis speci�ed

asa displacementmap,availablefrom a pool of deformations.Sincevolumetricobjectsare

sampledrepresentations,deformationcannotbe obtainedby directly transformingthe sam-

ple points. Instead,inversewarpingis required. That is, renderingof a deformedvolumeis

obtainedby samplingthe deformedspaceandwarpingeachpoint into the original sampled

representationin orderto �nd thenecessarycolor andopacityvalues.Becauseof this inverse

warping,deformationtemplatesstoreinversedisplacements.Theoverall renderingprocessis

thenasfollows:

1. Theuserselectsadeformationandappliesit to themodel.Thisapplicationis de�ned in

a similar fashionto traditionaltexture mapping.We call this the mappingstageof our

algorithm.

2. Thedeformationmappingspeci�edby theuserde�nesavolumein 3D space,wherepart

of thedeformedvolumeneedsto berendered.Thisdeformedspaceis traversedatregular

intervalsalongtheview direction(slicingstage)

3. Eachsampledgeneratedby theslicing processis inverselywarpedaccordingto thede-

formationtemplate.Wecall this thewarpingstage.

4. Eachwarpedcoordinateis usedto retrieve opacityandcolor informationfrom theorig-

inal volumetricobjectvia sampling. This is the samplingstage. In addition, for each

sampleweobtainnormalestimationfor lighting models.This is thelighting stage.

5. In the�nal stage,thecompositingstage,colorandopacityvaluesarecompositedtogether

to producethe�nal image.

In this thesis,we explore the different aspectsof this renderingprocessin order to obtain

meaningfuldeformationsthatcanbeusedfor medicalillustration,surgical simulationor asa

visualizationtool in general.Onedif�culty with inversewarpingis thesimulationof cutsand

breaks,sincethey imply that the warpingfunction is not invertible. We solve this by encod-

ing discontinuityinformationalongwith thedisplacementin sucha way thatC1 continuity is
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preserved. This methodis describedin Chapter4. Anotherchallengeis the introductionof

feature-sensitive operations.For instance,somedeformationsrequirethepreservationof fea-

tureof interest,suchasinternalstructuresor rigid parts.In ourapproach,thiscanbedonein the

mappingstage,asa transformationof thedisplacementmapping,or in thesamplingstage,asa

modi�cation of opacityinformation. This methodis describedin Chapter5. The�nal stage,

compositing,makessensefor volumetricobjectswhereeachvoxel contributesto the�nal im-

age.However, asdescribedin thepreviouschapter, surfacemeshescanalsobede�ned using

sampledlayeredrepresentations.Ratherthandoingslicingalongtheview, we traceraysin the

view directionalongeachpixel. As we inverselywarpthepointsalongtheray andsamplethe

layeredrepresentationof theobject,we testfor intersections.Oncewe �nd anintersection,we

renderthepointaccordingto thelighting parameters.Theoverallprocessis depictedin Figures

3.2and3.3,anddescribedin detail in Chapter7.
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Chapter 4
DiscontinuousDisplacementMapping 1

4.1 Intr oduction

In Chapter2, we describedvolumedeformationasa point-wisemappingthat transformsthe

positionof all pointswithin a volumeto new positions.We alsodescribedthatthis point-wise

mappingcanbethoughtof aseithera forwardmapping,suchasin traditionalmeshdeforma-

tion, or inversemappingor spacewarping,moreappropriatefor discretelysampledvolumes,

whereaninversetransformationis appliedto thepointsin thedeformedspaceto �nd thecor-

respondingpoint in the undeformedobject. However, this methodimplies challengeswhen

incorporatingcutsanddiscontinuities,sincethemappingmaynot bede�ned for somepoints

in thedeformedspace.

Thischapterdescribesanovel andgeneralmethodfor performingvolumedeformation.As

describedin Chapter3, we de�ne deformationin a top-down approach,startingfrom a rough

speci�cationof thedeformationand,by meansof combinationof re�nement,reachingto the

desireddeformationstate.Theprocessof addingdeformationto thevolumecanbethoughtof

asaprocessof “adding” details,andthereforearesimilar to theideaof displacementmaps.

Displacementmapsarediscretelysampledobjects,typically de�ned as1D, 2D or 3D tex-

tures,whereeachelementde�nesaspatialdisplacementratherthanacolorattribute.Displace-

mentmapsarecommonlyusedto addvisualdetailsto a basesurfaceby perturbingpointson

thesurfacefor asmalldistancealongthecorrespondingsurfacenormals.For this reason,tradi-

tionaldisplacementmapsaregenerally(i) appliedalongthesurfacenormaland(ii) assumedto

becontinuous.Theseconditionsmake it dif�cult to simulatelargeandcomplex deformations

suchascutsand�ips.

1Portionsof thischapterwerepublishedin ourpaper:DiscontinuousDisplacementMappingfor VolumeGraph-
ics,by C. Correa,D. SilverandM.Chen,EurographicsandVGTCWorkshoponVolumeGraphics,2006,pp.9–16
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It is ourobjective to extendtheideaof displacementmapsto modellargedeformationsand

discontinuitiesin volumetricobjectsby relaxingthesetwo conditions.The�rst conditionhas

beenrelaxedin somerecentwork. Wanget al. [122] employedvolumetricdisplacementfunc-

tions in orderto simulatenon-orthogonaldisplacementson surfaceobjects.Similar ideasare

found in [121] and[91]. Theseapproaches,nonetheless,consideronly displacementswithin

smallvolumetricregionsalongthesurface.Theremoval of thesecondconditionis critical to

renderinglargecutsandbreaks.Surfacemeshesdo not containadequatevolumetricinforma-

tion, suchassurfacethicknessandinterior structure,to allow thecreationof correctvisualef-

fects.Althoughthiscanbehandledusingatetrahedraldescriptionof theinterior, re-tessellation

of suchmeshesis a time-consumingtask,which limits thequality, smoothnessandthickness

of cutsandbreaks.

Here,weintroduceageneralizednotionof adisplacementmap,whichallowsfor unconven-

tional featuressuchasunorthogonalanddiscontinuousdisplacements.Figure4.1illustratesthe

differencebetweenthetraditionalandgeneralizeddisplacementmapping.We discussthema-

jor technicaldif�culties associatedwith this generalization,andoutlineour solutionsto these

problems.In particular, we considera GPU-basedvolumetricapproachwithout involving any

meshstructureandthe intensive computationassociated.By employing inversedisplacement

mapsin 3D vectorspace,we areableto apply complex displacementsto volumes. Our ren-

deringapproachinvolvestheuseof aproxygeometryfor samplingof theinversedisplacement

map,which is thenmappedinto theoriginal objectspace.Correctcalculationof surfacenor-

malsbecomesaparticularissuesinceconventionalnormalestimationwould leadto noticeable

lighting artifactsonsurfacesdisplacedin varyingdirections,andatbreakingpointsin adiscon-

tinuousdisplacementmap.

4.2 RelatedWork

Displacement Mapping. Displacementmappingwasintroducedby Cook [22] asa typeof

texturemappingtechniquefor modifying thegeometryof a surface,resultingin correctshad-

owsandsilhouettes(in contrastto bumpmapping[9]). Typicalapproachesto therealizationof

displacementmappingincludeexplicit surfacesubdivision(e.g.,[23]), directray tracing(e.g.,
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[73, 89]), andimagespacewarping(e.g.,[99]).

In surfacesubdivision [23], geometricprimitivesaresubdivided into micro-polygons,re-

sultingin anexplicit representationof thedisplacedsurface.Themethodhasbeenmadeavail-

able throughcommercialsoftware suchas RenderManTMand MayaTM . Hardware solutions

werealsodeveloped[43, 32]. Discontinuitiesareintroducedwith costlyre-meshingof theob-

ject. This approachcannotbeextendedeasilyfor volumegraphics,sinceno surfacemodelis

available.

In ray tracing,theconventionalapproachis to pre-computean inversedisplacementmap,

andperformthe intersectioncalculationin the displacedspaceof a surface[73, 89], similar

to Barr's suggestionfor renderingdeformedobjects[5]. To alleviate the costof ray-tracing

an entirescene,recentapproachesto displacementmappingproposeto traverseraysthrough

extrudedtrianglesin thetexturespace[122,121, 91]. In imagespacewarping,thevisualeffect

of adisplacementis achievedin theimagespaceratherthantheobjectspace.Themethodwas

�rst introducedby Schau�erandPriglinger[99], focusingon warpingthe imageof the base

surfaceaccordingto theprojecteddisplacement,andlaterextendedby Oliveiraetal. [87]. The

extensionof ray tracingto themodelingof cutsis dif�cult, sinceit requiresdetermininga ray

intersectionwith thenew surfaceproducedby thecut. Further, currentapproachesfor displace-

mentmappingbasedonextrudedtrianglescannotmodellargeor discontinuousdisplacements.

In our approach,we exploit the GPU capabilitiesof contemporarygraphicsboardsto solve

the limitations of the inversedisplacementmapsandimage-spacewarpingapproacheswhen

appliedto discontinuousdisplacementonvolumetricobjects.

Displacement as a means of deformation. Most deformationtechniqueshave considered

deformationasa mappingproblem. For surfacemeshdeformation,this mappingis usually

explicit by �nding thedisplacementof eachelement.In arecentdevelopment,VonFuncketal.

usedavector-�eld representationin orderto modeldeformationonsurfacemeshes[118]. Their

structureis actuallyavelocitymap,whichcanbede�nedasanin�nitesimal displacementmap.

Theactualdisplacementis foundfor eachpoint throughtime integration.

In volumedeformation,theuseof adiscretelysampledstructureto storethedisplacements

was hinted at by Westermannand Rezk-Salamain [126] and later in [94]. However, these

approachesdid not handlethe caseof discontinuities,andmany detailsnecessaryfor a GPU
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Figure4.1: A crosssectionillustrationof the traditionaldisplacementmapping(left) andthe
generalizeddisplacementmappingallowing for unorthogonalanddiscontinuousdisplacement
(right).

implementationwerenot explored. Brunetet al. [15] recentlyexploredthe useof GPU pro-

grammabilityto pre-computedeformationsin a 3D texture. Unlike a displacementmap,their

approachstorestheresultof thetransformation.Althoughtheendresultis, in principle,equiv-

alentfor bothapproaches,displacementmapshave theadvantageof beingalgebraicallyoper-

atable,which providesmeansfor combinationandcompositionof deformationsin a �e xible

way.

4.3 DisplacementMapping

Displacementmappingis traditionally consideredasa variationof 2D texture mapping,and

it is usedto alter thebasesurfacegeometrically. A volumetricdisplacementmappingcanbe

consideredasa variationof 3D texturemapping,where3D displacementsareusedto perturb

thevolume,enablingthesimulationof largedeformationsandcuts. Sincetexturemappingin

2D or 3D ofteninvolvestexturesde�ned in ahigherdimensionalparametricspace,weconsider

a generalnotion of spaceL without explicitly distinguishingbetweengeometryand texture

spaces.

A Generalized Notation. Let L bea referencecoordinatesystemusedby anobjectposition

functionP andL D areferencecoordinatesystemusedby anobjectdisplacementfunction
�!
D B .

LetW : L D 7! L beacoordinatetransformationbetweenthetwo systems,andW� 1 its inverse.

Weconsiderthefollowing generalizedmappingfrom apointon theobjectP(l ) to anew point

P0(l ):

P0(l ) = W((W� 1 � P)( l ) + (
�!
D B � W� 1 � P)( l ) (4.1)
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wherel 2 L andF � G is thecompositionof transformationsF andG. P de�nesa coordinate

mappingfrom L to a point in R3. DB is a vectorfunction that canbe speci�ed procedurally

or by usinga discretizedrepresentationsuchasa texture. In Eq.(4.1),it is no longera must

thatthesurfacenormaldeterminesthedirectionof displacement,andfunction
�!
D B is no longer

assumedto becontinuous.As illustratedin Figure4.1,in comparisonwith thetraditionalnotion

on theleft, thisgeneralizednotionallows for unorthogonalanddiscontinuousdisplacement.

L canbea 2D parametricspaceasin the traditionalnotion, the3D Euclideanspaceasin

[61], or any referencesystemappropriateto anapplication.In thiswork, weuseL = L D = R3

asthe referencecoordinatesystems.In the following discussions,we usemainly the inverse

form of Eq. (1), thatis,

P(l ) = W((W� 1 � P0)( l ) + (
�!
D C � W� 1 � P0)( l ) (4.2)

where
�!
D C is theinverseof

�!
D B . SinceL = R3, we canmake P(l ) = p andP0(l ) = p0where

p;p02 R3. By decomposing
�!
D C asD(P0(l )) = D(p0), andfollowing our notationfor volume

deformation,Eq. 4.2canthusberewrittenas:

p = W(W� 1p0+ D(W� 1p0) (4.3)

In thefollowing discussions,we shallassumethat thedisplacementfunctionandtheposi-

tion functionarede�ned in a commonreferencecoordinatesystemL andthat thecoordinate

systemmappingW is theidentitytransformation.Wewill revisit thislateronin Section4.7.1to

de�ne af�ne transformationson displacementmapsandin Chapter5 to de�ne feature-aligned

deformations.Basedon this assumption,the displacementmappingfunction is thena direct

inversewarpingtransformation,de�ned as:

p = T � 1
F (p0) = p0+ D(p0) (4.4)

For simplicity, we considerthebackwarddisplacementmappingfunctionin theform of D

in the following discussions.Thereis no constraintasto the displacementvaluesof D. The

displacementcanbeof any directionandmagnitude.
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4.4 Modeling discontinuitiesvia Displacements

As describedin Chapter2, previousapproachessuchasSpatialTransferFunctionsconsiderthe

discontinuityby introducinganull position? , andthedeformationbecomes:

p = TB(p0) =

8
>><

>>:

T � 1
F (p0) p02 P0

V

? p02 P0
empty

(4.5)

whereP0
V is thesetof pointsin thedeformedvolumethathaveapre-imagein theoriginalsetof

pointsPV , andP0
empty thesetof pointswith nopre-image.Renderingof thevolumeis performed

by samplingascalarfunction f 0, de�ned as:

f 0(p0) =

8
>><

>>:

f (p) p 6= ?

0 otherwise
(4.6)

Theproblemwith this methodis thedif�culty of expressinga null valuein thedisplacement

map.A zerovectorwould indicatea zerodisplacement,which is not thesameas? . A vector

of oneswould indeedmapa samplepoint to a positionoutsidetheoriginal volume,which, in

principle,couldbeassumedto bede�ned as? , sinceno valid displacementcanbethat large.

However, this introducesproblemsfor hardwareimplementation(andevenfor traditionalray-

casting),dueto tri-linear interpolationusedto samplethedisplacementmap.We referto such

methodof encodingdiscontinuitiesasout-of-boundsencoding.With anarbitrarily largevalue

for thede�nition of ? , pointsnearcutswould have a displacementinterpolatedbetweenthis

valueandthedisplacementof theclosestnon-cutpoint. This value,however, maybea valid

displacement,but in a directionandwith a magnitudeunintendedby the deformation. This

causesraggededgesandaliasingartifactsin cutsasshown in Figure4.2(a).

For this reason,we considerthedisplacementasa pseudo-inverseD+ of theoriginal for-

ward displacement
�!
D C , which is de�ned asthe inversedisplacementfor thosepoints in the

co-domainof
�!
D B , andaninterpolatedvalueD� for thosepointsin theregion of discontinuity,

suchthatD+ maintainsC0 continuity. In otherwords,D+ is valid for all pointsin thedisplace-

mentmap,including thosewherethereshouldbea discontinuity. For therestof this chapter,
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(a)Out-of-boundsdisplacement (b) Binaryalphamask (c) Smoothalphamask

Figure4.2: Modeling of discontinuitiesusingdiscretelysampleddisplacements.Top Row:
peelingof atomatodataset.BottomRow: Zoomedview. (a)Usingout-of-boundsdisplacement
resultsin jaggedlinesandunintentionaldisplacement(b) Binaryalphamasksresultsin aliasing
(c) Smoothalphamasks.

we referto suchcompletedisplacementsimplyasD.

In orderto modelthe actualdiscontinuity, we usean alphamaskwith the samesizeand

resolutionof thedisplacementmap.Thisalphamaskis usedto tagcertainpointsaspartsof the

cut. Onealternative is to de�ne thealphamaskasa binarymap,wherea valueof 1 indicates

a valid displacementanda valueof 0 de�nesa region of discontinuity. Theproblemwith this

binarymapis thepresenceof aliasingin thesurfaceof thecut,asshown in Figure4.2(b).

A betterapproachis to de�ne the alphamaskasa smoothscalar�eld, suchthat a value

greaterthan or equalto 0 is consideredas a valid displacement,and a value lessthan 0 as

a region of discontinuity. This smoothscalar�eld canbe obtainedby smoothingthe binary

de�nition of the cut, or by computingits signeddistance�eld. In fact, the alphamaskis an

implicit representationof thecutsurface,wheretheactualsurfaceis thezero-setf xjA(x) = 0g

This approachresultsin a betterandsmoothersurfacein cutsandbreaks,asshown in Figure

4.2(c).
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Therefore,TF becomesinvertibleandits inversetransformationTB = T � 1
F is:

p = T � 1
F (p0) = p0+ D(p0) (4.7)

And thesamplingof thescalarfunctioncanbede�ned as:

f 0(p0) =

8
>><

>>:

f (p) A(p) � 0

0 otherwise
(4.8)

whereA(p) is ascalar�eld de�ning thecontinuitymaskof D(p).

4.5 RenderingPipeline

Our approachusestexture-basedvolumerenderingwith view-alignedslices. We useslicing

asa renderingmechanismfor discretesamplingof thedisplacedobjectspace,ratherthanfor

storinga view-dependentrepresentationof thedisplacedobject. Sincethis spaceis unknown

wede�ne aboundingboxobjectasaproxyscenegeometry.

Let O be the function of an objectandO0 that of the displacedobject. The proxy scene

geometryin effectde�nesaboundedspatialdomainof O0. If theproxyscenegeometrycontains

a volumedataset,we canusethe texture-basedvolumerenderingmethodwhich samplesthe

proxyscenegeometrywith slicesparallelto theview plane.Eachpixel in asliceis thenmapped

backto theoriginalobjectspacewhereO is de�ned,via aninversedisplacementmap.Function

O canbeany objectrepresentationsuchthatgivena positionp in theoriginal objectspace,it

returnsappropriateluminanceattributesatp. O(p) caneasilybeanimplicit surfacefunction,a

level setsurface,adistance�eld or acolorvolumetexture. In ourcase,weuseascalarvolume

dataset,whichwedenoteas f , andstoreit asa3D texturein GPUmemory.

4.5.1 DisplacementSetup

To createa displacementtexture,D, of sizew� h� d, we �rst specify
�!
D B procedurally, and

thensampleits inversetransformationD =
�!
D C atdiscretepositionsf x;y;zjx = 0;1; : : : ;w;y =

0;1; : : : ;h;z= 0;1; : : : ;dg. As describedabove, theinversemaynot bede�ned for all pointsin
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Figure4.3:Systemdiagramfor discontinuousdisplacementmapping.Aswesamplethebound-
ing box of thescene,eachfragmentp0 is displacedby a distanced obtainedby samplingthe
displacementtextureD. Theresultingpositionp = p0+ d is usedto sampletheobjecttexture f
andgradienttextureÑ( f ) , to obtaincolor andnormalinformation.Color, normalandopacity
(obtainedfrom alphamaskA) areusedto computethe�nal colorof thefragment.

the domainof the deformation,so D is extendedsuchthat at leastC0 continuity is obtained.

C1 continuity is desired,as it will imply that the discontinuityis differentiableat all points.

Thedisplacementvaluesmustbenormalizedin the interval [� 1;1], thenscaledandbiasedto

�t in the rangeof valid valuesof GPU textures([0;1]). The alphamaskcanbe createdasa

binary mask,so that it is 1 if p0 hasa pre-imagein the co-domainof
�!
D B and0 otherwise,

anddiscretizeit in a 3D texture. As describedabove, aliasing-freerenderingis possibleas

long asthealphamaskis smooth.Therefore,we de�ne the �nal alphamaskA asan implicit

representationof suchbinary map,obtainedthroughsmoothingor via a distance�eld of the

binarymap.Similarly to D, alphamaskvaluesmustbebiasedandscaleto �t into therangeof

3D textures.D andA areillustratedin Figure4.3,wherethestripedpatternin thedisplacement

mapis usedto show thestretchingthatoccursat thediscontinuity. Theactualbreakis depicted

asadarkregion in thealphatexture.

4.5.2 DisplacedObject Points

In order to determinethe displacedvolume, we slice the proxy scenegeometryinto view-

orientedslices,asshown in Figure4.3. Theboundingbox of O0 caneasilybefoundby com-

bining theboundingboxesof theobject(s)andtheir displacements.Theslicesarerenderedin

back-to-frontorderand�nally compositedusingalphablending.For eachpointp0ontheslice,
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wemust�nd theappropriatedisplacement,sincetherecanbemorethanonedisplacementact-

ing on theobject(SeeSection4.7oncompositemaps).We usea fragmentprogramto �nd the

opacityandcolor valuesof a givenpixel with texturecoordinatesp0. This programcomputes

p = p0+ D(p0), wherep is thepositionin theoriginal objectO thatcorrespondsto thetexture

coordinatep0. It thensamplesthe3D texture f at thepositionp andretrieve thecolor compo-

nents.Finally, in orderto handlediscontinuities,it samplesthealphamaskA at thepositionp0

andmodulatethepixel's color componentswith themask,accordingto Eq.(4.8).Theprocess

of thefragmentshaderis depictedin Figure4.3.

4.5.3 DisplacedSurfaceNormal

In orderto properlyshadetheobject,we needthenormalinformationat eachpoint. Sincewe

storeobjectsasvolumes,normalscanbeobtainedusing�nite differencesor �lters suchasthe

Sobeloperator. For interactive rendering,thegradientcanbepre-computedandstoredin a 3D

texture.Whenprocessingfragments,a texturefetchof thegradienttextureyieldsthenormalof

thevoxel andits magnitude(This is shown asÑ( f ) in Figure4.3). Therearethreecasesto be

considered:thepointsthatarenotdisplaced,thedisplacedpoints,andthosein theboundaryof

a discontinuity. For pointsnot displaced,thepre-computednormalscanbeuseddirectly. The

othertwo casesarehandledasfollows.

Normals at DisplacedPoints

For a point undergoingdisplacement,we mustobtaina new normal. Figure4.4(b)shows the

casewherethe pre-computednormal is used,which resultsin incorrectshading. In Figure

4.4(b),we peelthetop of a piggy bankobject(the light is above thepiggy bank). We seethe

incorrectshadingof thepeeledsurface.Sincethesurfacewasoriginally facingaway from the

light, it remainsdark even thoughit is now facing the light after peeling. A moreaccurate

shadingof the surfacecanbe seenin Figures4.4(c) and4.4(d) wherethe peeledsurfaceis

correctlyshadedandtowardthelight.

Normalscanbe computedon-the-�y by samplingthe neighboringvoxels (after displace-

ment)andapplying�nite differences.However, this methodrequiresup to 6 (for centraldif-

ferences)additionaldisplacementcomputations,which is computationallyexpensive. What is
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neededis a way to transformtheundeformednormalson the�y without additionalsampling.

This wasproposedby Barr for forwarddeformationof surfacemeshes.Thenew normalat p0

canbeobtainedby transformingtheoriginaloneatp usingtheJacobianof thedeformation:

�!n (p0) = detJF (J� 1
F )> �!n (p) (4.9)

where�!n (p) is thenormalvectorthroughthepoint p, JF is the3� 3 Jacobianof the forward

transformationTF anddetJF its determinant.

Our approach,however, de�nes an inversespacewarping,so it is necessaryto obtaina

similar expressionbasedon the inversetransformation.GivenTB = T � 1
F asthe inversetrans-

formation,andsincep = TB(p0), Eq.(4.9)leadsto:

�!n (p) = detJB(J� 1
B )> �!n (p0)

or equivalently:

1
detJB

(JB)> �!n (p) = �!n (p0) (4.10)

whereJB is theJacobianof theinversetransformationTB = T � 1
F .

SinceTB(p0) = T � 1
F (p0) = p0+ D(p0), wecande�ned it asamulti-variatemappingin 3D:

p = TB(x;y;z) =

0

B
B
B
B
@

TBx(x;y;z)

TBy(x;y;z)

TBz(x;y;z)

1

C
C
C
C
A

=

0

B
B
B
B
@

x+ Dx(x;y;z)

y+ Dy(x;y;z)

z+ Dz(x;y;z)

1

C
C
C
C
A
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andtheJacobianJB is thederivativeof TB with respectto thespatialcoordinates.Therefore:

JB(x;y;z) =

2

6
6
6
6
4

¶TBx
¶x

¶TBx
¶y

¶TBx
¶z

¶TBy
¶x

¶TBy
¶y

¶TBy
¶z

¶TBz
¶x

¶TBz
¶y

¶TBz
¶z

3

7
7
7
7
5

=

2

6
6
6
6
4

1+ ¶Dx
¶x

¶Dx
¶y

¶Dx
¶z

¶Dy
¶x 1+ ¶Dy

¶y
¶Dy
¶z

¶Dz
¶x

¶Dz
¶y 1+ ¶Dz

¶z

3

7
7
7
7
5

= I+ JD

whereI is theidentitymatrixandJD is theJacobianof thedisplacementmap.Then,Eq. (4.10)

becomes

�!n (p0) =
1

det(I + JD)
(I + JD)> �!n (p)

Sincenormalvectorsmustbenormalized,the 1
det(I+ JD) factorcanbeomitted.This leadsto

ournormaltransformationequation:

�!n (p0) = (I+ J(p0)
D )> �!n (p) (4.11)

This last stepavoids thedivision for zerothatmight occurwhentheJacobianis singular.

However, theJacobianis only singularat regionsof breaks.In our approach,thedisplacement

mapis well de�ned andcontinuousfor all points,andthe breaksarehandledby a different

mechanismin thepipeline(seeFigure4.3). In practice,theJacobianof thedisplacementmap

is approximatedasthegradientof thedisplacementtexture,i.e.,JD �
�
ÑDx;ÑDy;ÑDz

� > , using

�nite differencing.For speedup,onecanpre-computethematrix

B = (I+ J(p0)
D )> (4.12)

for eachvoxel in thedisplacementmap,andstoreit as3D textures.
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(a) (b)

(c) (d)

Figure4.4: Lighting computationfor thepiggybankobject.Thelight is above thepiggybank.
(a) No lighting. (b) Using thepre-computedgradientresultsin incorrectlighting, noticehow
theundersideof thecut surfaceis darkeventhoughit is facingthe light. (c) Correctlighting,
but artifactsoccurat discontinuities– rim of the cut area. (d) Correctlighting with proper
handlingof normalsatdiscontinuities.Now therim, which is facingthelight, is lit properly.

Normals at Discontinuities

Unfortunately, evenwith correctnormaltransformation,we still seeartifactson the resulting

objectsat theboundariesof cuts.In this case,thenormalsof anobjectmaychangeevenwhen

thatpartof theobjectdoesnotundergodisplacement.An exampleof this is depictedin Figure
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4.4(c).Notethattherim of thepiggybankatthecut is dark.Thisis becausethosenormalshave

not undergonetransformations(like in the undersideof the peeledsurface)andaretherefore

incorrectlypointingaway from the light source.This is especiallynoticeableon solid objects

with a uniform interior. Evenfor thecaseof objectswith a heterogeneousinterior, aslong as

theirnormalsarenotdirectedorthogonalto thecut, thecut surfacewill belit incorrectly.

To properlycomputethe normalsat the discontinuities,we needa way to determinethe

new surfacethathasbeencreated.Luckily, this informationis storedin thealphamapA. We

cancomputethe gradientof the alphamaskÑA, andusethis valueonly at the boundaryof

a cut. However, applyingonly this gradientin the boundary, may generateartifactsnearthe

boundary. To solve this,wegraduallycorrectthenormalin thevicinity of thecut to thedesired

normal,via blending:

�!n (p0) = w(I+ JD)> �!n (p) + (1� w)Ñ(p0)
A (4.13)

wherew 2 [0;1] is ablendingfactor. Figure4.4(d)showstheresultof applyingthismethodfor

thepiggy bankobject.Notethatthepixelsat therim of thecut arenow properlyshaded.This

blendingmechanismis similar to thesolutionproposedby Weiskopf etal. [124] for volumetric

cutaways.Althoughthealphagradientcanbecomputedon the�y using�nite differencing,it

canalsobeprecomputedandstoredin a3D texturefor speedup.

4.5.4 Compositing

Becauseour displacementmethodis integratedwith rendering,the �nal imageis obtainedby

compositingthesamplesobtainedby slicing thedeformedspace.An importantconsideration

is that the samplingfrequency of the deformedspaceaffects the result of the composition.

To picturethis problem,let usconsidera deformationwherea largecompressionis simulated.

Becauseall thevisiblevoxelsarebeingcompressedintoanarrow part,it mighthappenthatonly

afew samplesareassignedto thatcompressedpart,resultingin aliasingor undersampledspace.

For this reason,it is necessaryto adjust the samplingfrequency when renderingdeformed

volumes.However, this is not alwaysfeasiblein texture-basedrendering.Therefore,we can

alternatively adjustthetransparencyor emissionpropertiesof thetraversedvoxels.

For the analysisof this aspects,let us review the volumeintegral equation.For a ray �!v



50

sD

E N

Figure4.5: Cylindrical slabof areaE andlengthDs. Light attenuationis dueto theinteraction
of light with anumberof particlesin thisslab.

parameterizedby t, we want to obtainthe intensityat theeye positionpe. This is obtainedas

follows:

I (te) =
Z te

0
c(t)e�

RE
t t (s)dsdt (4.14)

wherec(t) is theemissioncoef�cient of thepoint p = pB + t�!v , for pB a point at thebackof

thevolume(t = 0), andt = te at theeye (pe). Theexponentialis theabsorptionor extinction

partof theintegral. Whendiscretized,theextinctionpartbecomes:

e�
RS
t t (s)ds � e� å n

i= 0 t (iDs)Ds

=
n

Õ
i= 1

et (iDs)Ds

=
n

Õ
i= 1

ti

whereti is alsoreferredto asthetransparency of thevoxel.

It is debatableasto whatshouldbethebehavior of light in a deformedvolume. For most

physicalobjects,deformationimpliesa compressionor expansionof particles,which alterthe

way light is absorbedasit traversesthevolume.Thosecasesapplywhenmassconservationis

assumed.On theotherhand,a volumemayrepresentanabstract3D object,wherethenotion

of particlesdoesnotapply. In thosecases,it is moreimportantto maintaintheintensityvalues

constantacrossthedeformation,for all thelight rays.Hereweconsiderthetwo cases.
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MassConservation

The attenuationfunction t (s) is derived as the effective areaoccludedby the particlesin a

cylinder slabof areaE and lengthDs, as seenin Figure4.5. Let r be the local densityof

particlesin thatcylinder slab. Thenumberof particlesin theslabis N = r EDs, andtheatten-

uationcoef�cient is t = APr , whereAP is thecrosssectionalareaof eachparticle.Now, for a

deformedvolume,which is theonebeingrendered,let usde�ne t 0= A0
Pr 0 astheattenuation

coef�cient, whereA0
P = AP. Theslabin thedeformedvolume,with volumeV0= E0D0s, maps

backto avolumetric�gure of volumeV = j detJBjV0, whereJB is theJacobianof thebackward

transformation.Sincethenumberof particlesremainsconstant:

N = r 0V0= r V (4.15)

or equivalently:

r =
r 0V0

V
=

r 0

j detJBj
(4.16)

Becausethecrosssectionalareaof particlesremainconstant,theattenuationcoef�cient in the

undeformedvolumeis then:

t (s) = APr = AP
r 0

j detJBj
= t 0(s)

1
j detJBj

(4.17)

andtherefore:

t 0(s) = j detJBjt (s) (4.18)

Now let usconsideronly theextinctionpartof avoxel. In thedeformedspace,which is the

oneto berendered,this is de�ned as:

T(t) = e�
Rt

0 t 0(s)ds (4.19)

= e�
Rt

0jdetJBjt (s)ds (4.20)



52

Discretizingtheattenuationcoef�cient alongtheview directionDs:

T(t) �
n

Õ
i= 1

et (iDs)jdetJBjDs (4.21)

= Õ t jdetJBj
i (4.22)

whereti is thetransparency of theoriginal voxel i alongtheray.

In most renderers,it is the opacitya i = 1� ti , ratherthanthe transparency, the quantity

usedto representextinction. Let a 0
i betheopacityof avoxel i alongaview raywhensampling

thedeformedvolume.Theopacityadjustmentcanbefoundasfollows:

a 0
i = 1� (1� a i) j detJBj (4.23)

This is theapproachtakenby Chenetal. in [18].

Intensity Constancy

Now let usconsidera ray �!v traversingthedeformedspace,parameterizedsuchthata sample

point is de�ned as p0 = pe
0+ t�!v . In the undeformedspace,this ray mapsinto a curve u,

parameterizedby s.

If weassumeintensityconstancy, theattenuationdueto particlesalongtherayandalongthe

curve u shouldbethesame.This canbeachievedby consideringtheintegrationalongtheray

in thedeformedspaceasa line integral alonga curvilinearcoordinatetransformation,de�ned

by the inversetransformationTB. Let T(X) be the extinction coef�cient in the undeformed

spacealongacurveu, andT0(X) theextinctioncoef�cient in thedeformedspace.

T(X) = e�
RX

0 t (s)ds (4.24)

= e�
RX

0 t (s(t)) ds
dt dt (4.25)

= e�
RX

0 t 0(t)dt (4.26)

= T0(X) (4.27)
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Becauses= s(p) = s(TB(p0)) , then ds
dt is amultivariatederivativeandis de�ned as:

ds
dt

= jJB
�!v j (4.28)

whereJB = I + JD is the Jacobianof the inversedisplacementas describedin the previous

sectionandj�!v j is thelengthof vector�!v . And thenwehave:

t 0(t) = jJB
�!v j t (t) (4.29)

Following a similar analysisto theonederived for themassconservationassumption,we

determinethattheopacityadjustmentfor aparticularsamplein thedeformedspaceis obtained

as:

a 0
i = 1� (1� a i) jJB

�!v j (4.30)

Themaindifferencewith the resultfor the massconservationassumptionis that this method

neglectsthechangein theextinctionparametersin thedirectionsorthogonalto thedeformation.

Therefore,the intensity valuesat the eye points remainconstantacrossdeformations,from

any viewpoint. This result is useful for the renderingof abstractor non-physical volumetric

objects.However, it is alsousefulfor thedepictionof deformedisosurfaces.Maintainingthe

intensityconstantfor anisosurfaceprovidesacuefor continuity. Theresultsof thecomposition

mechanismfor adeformedvolumeareexploredin Chapter6.

4.6 Construction of DisplacementMaps

An importantpartof theprocessof realizingillustrativedeformationis theconstructionof dis-

placementmaps.Here,wedescribethreemethods.The�rst two allow thecreationof primitive

displacementmaps,while the third, describedin the following section,usesalgebraicopera-

tionsonprimitivemapsto createmorecomplex displacements.Thetwo methodsfor primitive

displacementmapcreationarethroughproceduraldescriptionandthroughinterpolatednodal

displacementsusingRadialBasisFunctions.More informationis givenin AppendixC.
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4.6.1 ProceduralDescription

The �rst mechanismfor creatingdisplacementmapsis througha proceduraldescription.As

anexample,considerthepoke operator, asshown in Figure4.10.This displacementusesa 3D

Gaussianfunction to simulatea pull in theZ direction. Thedisplacementcanbeconstructed

as:

D(x;y;z) =
�

0; 0; � ze
(x� 0:5)2+( y� 0:5)2

2s 2

� >

(4.31)

for (x;y;z) in a unit cube,ands chosensothatdisplacementbecomes0 at theXY boundaries

of the unit cube. This displacementis discretizedand storedin a 3D texture of size 64�

64� 64. Note that the z value is usedto modulatethe amplitudeof the Gaussianpull, and

thattheZ componentof thedisplacementis negative,sinceD storestheinversedisplacement.

For instance,the point (32;32;32) in the 3D texture, correspondingto the normalizedpoint

(0:5;0:5;0:5) in theunit cube,containsthedisplacementvector(0;0; � 0:5).

Whenconsideringcuts,we follow a similar process.First, we computethealphachannel

of the cut procedurally, so that A(x;y;z) is 0 whenever thereis a cut, and1 elsewhere,and

discretizeit in a texture volume. In addition,we apply a smoothingoperatorover the alpha

maskin order to obtain a smoothregion aroundthe boundariesneededfor the blendingof

thenormals,asdescribedin Section4.5.3. Theresultis storedin thealphacomponentof the

displacementtexture.

It is importantto notethatproceduraldisplacementsmustbederived in the inversespace,

ratherthanasa direct transformation.For twists,bendsandtapering,we usethe derivations

by Barr [6]. For all others,we derived a seriesof mathematicalexpressions,summarizedin

AppendixC.

4.6.2 InverseWeightedInter polation

Somedisplacementmapsmightbedif�cult to deriveanalytically. In addition,manualdisplace-

mentof all grid pointsmay becomedif�cult to manage.For this reason,many deformation

techniquesusenodaldisplacementsto drive the deformationof a setof given control points

and scattereddatainterpolationto determinethe displacementsat grid points. Becausewe

have inversedisplacements,theinterpolationmethodsareoftenreferredto asinversedistance
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weightedinterpolationmethods,wherea given function is interpolatedwithin a 3D region,

basedon the distanceto user-speci�ed control points [97]. The mostcommoninterpolation

methodsareShepard's interpolant,basedonRadialBasisFunctions(RBFs)andMoving Least

Squares.In this work, we useRadialBasisFunctionsfor the interpolationof nodaldisplace-

ments. In this method,the interpolationfunction is constructedas a linear combinationof

radiallysymmetricbasisfunctions,centeredat thecontrolpoints.A functiong atapointp can

beinterpolatedfrom asetof controlpointsp1;p2; : : : ;pn asfollows:

g(p) =
n

å
i= 1

a igi(d(p;pi)) + pm(p) (4.32)

whered(p;pi) is the distancefrom point p to control point pi , gi is a basisfunction, pm is a

polynomialof degreem, anda i arecoef�cients. Thesecoef�cients arefound by putting the

datapoints into the RBF equationandsolving the systemof linear equations.A numberof

radialbasisfunctionshavebeenproposed,of whichweuseHardy's inversemultiquadrics:

gi(d) = (d2 + r2
i )m (4.33)

Dependingon thevalueof m, theradialbasisfunctioncanbedifferentiableto acertaindegree.

For m= � 0:5, the interpolationif C¥ . Becauseof the ability to predict the differentiability

of radialbasisfunctions,we have usedthis methodfor thecreationof displacementmaps.In

addition,weuseapolynomialof degree1:

p1(p) = 1+ x+ y+ z (4.34)

for apointp = (x;y;z)> .

We built a 2D warpingeditorthatallows usto deforma 2D imageusingradialbasisfunc-

tions. In this case,the interpolatedfunctiong is a 2D displacement.A 3D displacementcan

be createdby extendingthe 2D displacementalongthe Z axis. The useof 2D insteadof 3D

enableseasiercontrolof thedeformationandcanbeusedto �nd deformationsalonga partic-

ular axis. For instance,Figure4.6shows theprocessof creating3D displacementsfrom a 2D

deformation. In Figure4.6(a),we show the deformationof a 2D grid using8 control points
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(a)Deformationonagrid (b) Deformationondatasetslice

(c) Resulting3D Deformation (d) Resulting3D Deformation

Figure4.6: DisplacementmapcreationusingRadialBasisFunctions.(a),(b)Nodaldeforma-
tion on2D slices(c),(d)Resultingdeformationona3D volumetricdataset.

(markedin red).Figure4.6(c)shows theresultof applyingthegenerateddisplacementto abar

dataset.Certaindisplacementscanbegeneratedwith aparticulardatasetasatarget,asthecase

depictedin Figure4.6(b)and(d), wherea 2D deformationof 9 controlpointsis usedto derive

abendingtransformationonabardataset.Theuseof asliceof thetargetdatasetallowsabetter

manipulationof thecontrolpointsto achieve thedesiredresult.

Oneof the advantagesof RBFsis the ability to obtaindisplacementsthat areat leastC1

continuous. However, this posesa problemfor de�ning discontinuousdeformation. In the

caseof cuts,C1 continuity is desiredin the sub-regions that appearafter the cut. For this

reason,we devisedwhat we call DecoupledRadial BasisFunctions(DRBF). For simplicity,

let us considera DRBF in 2D with two continuity regions (i.e., thereis a singlecut). The

two continuity regionsdivide the image(or volumefor 3D) into the regionsVP andVQ. In

addition,weassigncontrolpointsto aparticularregion, i.e.,controlpointsaredividedinto the

setsf p1;p2; : : : ;png andf q1;q2; : : : ;qng, respectively. The2D displacementwith cutsis then

givenby:

D(p) =

8
>><

>>:

å n
i= 1aigi(d(p;pi)) + pm(p) p in VP

å m
j= 1b jh j (d(p;qj )) + pm(p) p in VQ

(4.35)
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(a)OriginalGrid (b) Deformedgrid (DecoupledRBF)

(c) OriginalDataset (d) AppliedDeformation (e)SmootherDeformation

Figure4.7: DiscontinuousdisplacementmapcreationusingDecoupledRadialBasisFunctions.

wheregi and h j are radial basisfunctions,and ai = (a i1;a i2)> and b j = (b j1;b j2) are the

2D coef�cients, which arefoundby puttingthecontrolpointsandtheir inversedisplacements

into theequationandsolvingthesystemof linearequations.Thediscontinuitymap,A is then

obtainedasfollows:

A(p) =

8
>><

>>:

1 (p in VP andp+ D(p) in VP) or (p in VQ andp+ D(p) in VQ)

0 otherwise
(4.36)

An exampleis shown in Figure4.7,wherea cut (shown asa yellow line) dividesthegrid

guidein two regions.Whenapplyinga deformation,thegrid is split asit crossestheboundary

de�ned by thecut, effectively forming a discontinuousdeformation.Figure4.7(d)alsoshows

theresultof applyingthedisplacementto thebardataset.Notealsothata complex deforma-

tion canbe foundby interpolatingthe displacementvaluesdown to zero,in orderto createa

smoothercut (Figure4.7(e)). Othermethodsfor creatingdisplacementmapsaredescribedin

thefollowing section,astheresultof algebraicoperations.

4.7 Algebraic Operationson DisplacementMaps

Oneof the advantagesof displacementmapsis the ability to operateon themalgebraically.

This enablesthe creationof complex deformationsfrom the combinationof simpleprimitive
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(a) Translations

(b) Rotations

(c) Scalings

Figure4.8: Af�ne transformationof displacementon thetomatodataset.

displacements.This sectiondescribesseveral mechanismsfor operatingdisplacementmaps,

suchasaf�ne transformations,additionandcomposition.

4.7.1 Af�ne Transformations

Oneof theoperationsde�ned on thedisplacementmapis the translationof thedisplacement

mapby aconstantvectoru, i.e., thedisplacementequationbecomes:

p = p0+ D(p0� u) (4.37)

Similarly, scalingof thedisplacementmapcanbede�ned:

p = p0+ s D(s � 1p0) (4.38)

wheres 6= 0 is a realvalue.

Wecangeneralizethisnotionby unifying thisoperation,togetherwith rotationsandshears,

asanaf�ne transformationof thedisplacement.An af�ne transformationon a vectorp canbe
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de�ned asMp+ u, whereM is a3� 3 af�ne matrixandu is aglobaltranslation.Alternatively,

we canusehomogeneouscoordinatesof a point p. Let usede�ne p̂ astherepresentationof p

in homogeneouscoordinates,i.e.

p̂ =

8
<

:

p

1

9
=

;
(4.39)

Using homogeneouscoordinates,we can generalizethe displacementby de�ning an af�ne

coordinatetransformationbetweenthedisplacementspaceandtheobjectspace.Thatis, related

to Eq.(4.1),W(p) = Mp, whereM is a 4 � 4 af�ne transformation.Then, the displacement

equationbecomes:

p̂ = p̂0+ M � D(M� 1p̂0)

= M �
�
M� 1p̂0+ D(M� 1p̂0)

�
(4.40)

The last expressionis useful, sinceit explains the way the af�ne transformationis applied.

First, coordinateframeL is transformedvia the inversetransformationinto the displacement

coordinateframeL D. Sincethedisplacementsaregivenwith respectto L D, theresultis �nally

transformedin thecoordinateframede�ned by M.

Thenormaltransformationwhenundergoingthistypeof coordinatetransformationis given

by theconcatenationof the transposeof theJacobiansof thecoordinatetransformation.This

canbe derived as follows. The inversetransformationis de�ned as TB(p0) = p0+ (W � D �

W� 1)(p0). ThenormaltransformationJ>
B is:

J>
B = (I+ JWJDJ� 1

W )>

= I+ J�>
W J>

DJ>
W

= J�>
W

�
I + J>

D

�
J>

W

whereJW is theJacobianof thetransformation.Therefore,thenormaltransformationequation

becomes:

�!n (p0) =
h
J�>

W (I + JD)> J>
W

i
�!n (p) (4.41)

For anaf�ne matrix, JW is the3� 3 uppersub-matrixof M. In this work, transformationsare
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representedasarotationfollowedby ascalingandatranslation,i.e.,M = T � S� R. Therefore,

JW = (S� R) andEq. (4.41)becomes:

�!n (p0) =
h
(S� 1 � R) (I + JD)> (R> � S)

i
�!n (p) (4.42)

This transformationvia af�ne matrix is anef�cient mechanismfor controlling theshape,po-

sition andorientationof a displacementmap.Examplesareshown in Figure4.8,wheretrans-

lation, rotation and scalingof a slicing displacementproduceinterestingdeformationson a

tomatodataset.Sincethis methodonly involvesmultiplicationof constantmatrices,this is an

ef�cient alternative for controllingthedisplacementin aninteractiveapplication.

4.7.2 Addition

Displacementmapsoffer the�e xibility of creatingnew displacementsvia addition.Let D1 and

D2 betwo displacementmaps.Then,a new displacementmapDS = D1 + D2 canbede�ned,

suchthat:

p = p0+ D1(p0) + D2(p0) (4.43)

Further, sincethedisplacementscontaindiscontinuities,thenew alphamaskis de�ned as:

A1+ 2 = r min(jA1j; jA2j) (4.44)

r =

8
>><

>>:

� 1 A1 < 0^ A2 < 0

1 otherwise
(4.45)

Addition canbe performedon a pre-processingstageto createa new displacementandthen

apply it to a volumetricobject. Alternatively, they canbe addedon the �y . In that case,the

normaltransformationcanbeobtainedby simplyaddingtheJacobiansof thedisplacements:

�!n (p0) = (I+ J(p0)
D1 + J(p0)

D2 )> �!n (p) (4.46)
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(a) p = p0+ D1(p0+ D2(p0)) (b) p = p0+ D2(p0+ D1(p0))

Figure4.9: Compositionof two displacementmapsD1 (wave)andD2 (peel)in differentorder.

whereJD1 is the Jacobianof D1 andJD2 is the Jacobianof D2. Sincewe pre-computethe

matricesB1 = (I+ JD1)> andB2 = (I+ JD2)> . Eq.(4.47)canbere-writtenasfollows:

�!n (p0) = (B1 + B2 � I)> �!n (p) (4.47)

4.7.3 Composition

In general,two transformationscanbecombinedasfollows:

p = G1(G2(p0)) (4.48)

whereG1(u) = u+ D1(u) andG2(v) = v+ D2(v) aredisplacementmappings.

For computingthenormal,wemustsimplyconcatenatetheJacobiansof thetwo mappings:

�!n (p0) = (B1 � B2)�!n (p) (4.49)

whereB1 = (I+ JD1)
> andB2 = (I+ JD2)

> arethepre-computednormaltransformationmatri-

cesof thedisplacementmappings,asde�ned in Eq.(4.11).An exampleis shown in Figure4.9,

wheretwo differentdisplacementsarecombinedin differentorderandappliedto the tomato

dataset.Sinceeachdisplacementchangestheframeof reference,compositionis, unlike addi-

tion, not commutative in general.

Pre-computedcombinationof displacementmapsresultsin anotherdisplacementmapand
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doesnot requireany changesin theGPUrenderingprocess.It is a usefulmechanismto create

complex displacementsfrom simpleones.On theotherhand,on-the-�y combinationenables

theinteractivecreationandmanipulationof independentdisplacementmaps,thoughit requires

a modi�ed GPU implementation.Compositemapscanbe realizedin the GPU programin a

singlepassby iteratingthedisplacementprocedureonthevoxelpositionsfor eachdisplacement

map,beforesamplingtheoriginalobject.Thisapproach,however, cannotbegeneralizedeasily

to many compositions.Researchonageneralmulti-passrenderingprocessis beingundertaken.

4.8 Results

Wehaveimplementedthedisplacementmappingapproachwithin aninteractiveprogramwhich

allowstheuserto rotateandscaletheobjectandto moveor changethedisplacementmap.The

displacementmapcanbe changedinteractively via linear transformations(seeSection4.7).

Figure4.4showsapeelingof thesideof apiggybankdataset,revealingthecoinsin theinside.

In orderto validateour approach,we createda numberof displacementtexturesandapplied

themto variousdatasets.Figure4.10shows four displacementsappliedto thebox,bar, engine

andtomatodatasets.The�rst two aresyntheticobjectscreatedprocedurally. Thestripsin the

box datasethelpus track thecontinuityandsmoothnessof thedisplacement.A similar effect

is obtainedby trackingthe inner bar (in yellow) of the bar dataset.More informationon the

datasetscanbefoundin AppendixA.

Oneof thedif�culties of theuseof displacementmapsis thede�nition of largeor global

deformation,sincetheregion of in�uence is bounded.Scalingandaf�ne transformationshelp

realizearbitrarily large deformationsin a scalablemanner. For global deformations,suchas

kinematicmovement,a displacementwould requirea sizecomparableto that of the dataset.

Further, out-of-boundsdeformationsaredif�cult to model. For instance,considertheslicing

deformationshown in Figure4.11.Theslicedportionsof thetomatoarepartof thedeformation

de�nition, but soonfall out of theboundsof thedisplacementmap,andwe requirea explicit

de�nition of how the displacementis extendedbeyond the texture boundaries.This canbe

modeledusingtextureclampingcapabilities.For instance,it is possibleto specifythatdefor-

mationvaluesareclampedto 0 outsidethemapbounds,thatthey areclampedto thevalueson
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Original Poke Peel Split Slice

Figure4.10:Exampledeformationsonvolumetricobjects

theedge,or thatthedeformationrepeats.However, thismethodhaslimited expressivenessand

cannotcaptureall possibilities.For this reason,we hadto explicitly de�ne theout-of-bounds

interpolationof displacementvaluesfor theslicingdeformation,aspartof thewarpingprocess.

A moregeneralandscalablesolutionis yet to befound. In Figure4.11,several time stepsare

renderedwhich show a progressive slicing astheusermovesthedisplacementvertically. This

displacementcanbeobtainedfrom a simpleslicing displacementandrepeatingit periodically

alongthemaindiagonalof thedisplacementmap.

4.9 Chapter Summary

In thischapter, wehavedemonstratedhow discontinuousdisplacementmapscansimulatemany

differenttypesof volumeeffectssuchasfracturing,slicing,deformingandcuttingof graphical
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Figure4.11:Slicingof thetomato

objects.Wehaveemployedinversedisplacementmapsin 3D vectorspaceto solvefor largeand

discontinuousdisplacements.We have alsodeviseda collectionof techniques,includingcom-

putingsurfacenormalschangeddueto unorthogonaldisplacement,correctinglighting artifacts

at fractures,andcreatingcompositemapsfrom primitive mapson the �y . The displacement

mapcaneasilybe representedasa 3D texture andthe entirerenderingprocesscanbe coded

into a fragmentprogramyielding interactive results. We have shown their effect on a num-

berof differentmodels,andtheir ability to becombinedin multiple ways,demonstratingthe

generality, interactivity, andusabilityof thisapproach.



65

Chapter 5
FeatureAligned Deformation1

5.1 Intr oduction

In thepreviouschapters,we describeda methodfor modelingcutsanddeformationsin volu-

metricobjects.Oneof theapplicationsof this methodis in scienti�c illustration,wheredefor-

mationsareusedto depictthestagesandoutcomeof a procedure,to uncover hiddenfeatures,

or to revealthespatialrelationshipbetweendifferentcomponentsof anobject.However, scien-

ti�c illustrationsoftenrecurseto feature-sensitiveoperationsto beeffective. Feature-sensitive

operationsareonly appliedto a semanticcomponentof an object,suchasthe skin in Figure

5.1(b)andthemusclesin Figure5.1(d),withoutaffectingotherpartsof theobject.

1Portionsof thischapterwerepublishedin ourpaper:FeatureAlignedVolumeManipulationfor Illustrationand
Visualization,by C. Correa,D. Silver andM. Chen,IEEE Transactionson VisualizationandComputerGraphics,
2006,pp. 1069–1076

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

Figure5.1: Feature-alignedvolumemanipulation(a) A feature-alignedretractionappliedto
a humanhanddataset,showing bones(left) andvessels(right) (b) Surgical illustration of a
hand(Copyright c
 2006NucleusMedical Art. All rights reserved. www.nucleusinc.com) (c) Mul-
tiple peelandcutting away operatorsappliedto the visible humandataset(d) Illustration of
humananatomywith dissected“�aps”, by AntonioScrantoniandPaoloMascagni,1833(U.S.
NationalLibrary of Medicine),similar to exhibitionssuchasBodyWorlds [119], andBodies,
theExhibition [1].
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We canseefrom theseillustrationsthat,whenspecifyinga cut or peel,oneimportantcon-

siderationis “alignment”. Here, alignedmanipulationrefersto thosecuts or peelsthat are

appliedto certainlayerswhile other featuresof interestarepreserved. The simplestis axis-

aligned, which aligns the operatorwith the axis-planes. It is feature-insensitive and is ap-

plied to all pointswithin thevolumebounds.Deformationsandcutsdepictedin theprevious

chaptercanbe all consideredasaxis-aligned.This however is not alwayssatisfactoryasthe

“object” within the volume is not necessarilycubic. In this chapter, we introducea num-

berof approachesfor obtainingfeature-aligneddeformation,which canbeclassi�ed aseither

transformation-basedor mask-basedmethods.Transformation-basedmethodsuseacoordinate

frametransformationto alignanaxis-aligneddeformationto anarbitraryline, curveor surface.

Mask-basedmethodsusea volumetricmaskalonga surfaceor segmentof interest.We extend

our renderingalgorithmto accuratelyestimatethe normalsalongthe surfaceof cutsanddis-

sectionswhile maintainingcontinuousnormals,which allows us to obtaincorrectshadingof

theobjectbeingmanipulated,opaqueor translucent.

5.2 RelatedWork

As describedin Chapter2, mostvolumedeformationtechniquestreatthevolumeasanhomo-

geneouscollectionof voxels.Thenotionof featuresensitivity hasbeenexploredin thecontext

of multi-dimensionaltransferfunctions[60, 45] andillustrative techniques[117, 14] , where

thedistinctionof featuresof interestis madein therenderingprocess.

In thecontext of volumedeformation,featuresensitivity hasbeenlargelyunexplored.One

of the �rst to suggesttheuseof featureswhendeformingvolumeswasMcGuf�n et al. [76],

whoproposedto de�ne semanticlayersof thedatawhereprimitivepointsareextractedfor ren-

dering.Becauseof therenderingprocess,which treatsvoxelsastheir own disjoint primitives,

meaningfuldeformationcould be obtainedby transformingthe voxels associatedwith a par-

ticular layer. In this way, they wereableto achieve deformationswherea layersuchasskin is

movedor peeledaway to gain visibility of themuscleandbonelayers.However, asdescribed

before,thismethoddoesnotyield smoothsurfacesor volumes.

Othervolumerenderingtechniques,suchas[125, 93, 108,18] do not includeany typeof



67

featuresensitivity andconsiderthevolumeasanhomogeneouscollectionof points. Most of

these,however, wereintendedfor continuousdeformation,wherethefeaturepreservationmay

beof limited use,sincethereis nonaturalway to exploretheinteriorof theobject.In contrast,

discontinuousdeformationof volumesexploit the ideaof featurealignmentto bemoreeffec-

tive. Sincethereis a mechanismto gain visibility of internalstructuresby cutting,splitting or

exploding,it becomesnecessaryto specifyawayof keepingfeaturesof interestuntransformed.

Approachesthat enablesuchoperationsareSpatialTransferFunctions[20], volumesplitting

[54] andexplodedviews of volumetricobjects[13]. In all thesecases,the featureand“back-

ground” volume(i.e., the differencevolumebetweenthe original volumeandthe featureof

interest),areobtainedthrougha pre-processingstagewheretwo volumesareutilized. There-

fore, theproblemof featurealignmentis reducedto therenderingof a multi-objectscene:one

object,correspondingto thefeatureof interest,is renderedusingtraditionalvolumerendering

techniques,while theother, theremainingvolume,is deformedaccordingto eachmethodology.

Oneof theproblemswith thesemethodsis thatexplicit segmentationof volumesmayintroduce

aliasingat theboundaries,andpre-processingof thedatasetsis required.It alsodecouplesthe

renderingof theobjects,so thereis no guaranteeon thesmoothnessandcontinuityof thede-

formationin theregionswherethefeatureof interestandthebackgroundvolumemeet.In this

chapter, wedescribeamethodwherefeaturealignmentis partof thedeformationandrendering

process,sothatit canbeachievedin asinglerenderingpass.

Anotherimportantaspectof feature-sensitivedeformationis thecorrectlighting of thesur-

facesof thecut. Becausecutsarefeature-aligned,the “underside”mustrepresentthesurface

left by theremoval of thefeatureof interest.Correctrepresentationof this surfacevia shading

is essentialfor providing cuesabouttheshapeof theobject. In previousapproaches,this has

beenrelatively unexplored,andsurfacesof cutsoftenpresentartifactsor usea simplershad-

ing modelto hide them. A mechanismfor adjustingthe normalsnearthe surfaceof cutsfor

volumetricclipping wasproposedby Weiskopf et al. [124], which allow correctrenderingof

cut surfaces.We extendthis ideafor therenderingof deformedfeature-alignedvolumes,in a

similarwayaswede�ne thenormalsin Chapter4.
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5.3 Transformation-BasedAlignment

In many cases,deformationoperatorsneedto bealignedwith aparticularline, curveor surface.

For instance,a peelon thecraniumneedsto bealignedwith thesurfaceof theskull, which in

turn canbeapproximatedby a curve in thesurfaceof a sphere.In suchcases,thealignment

canbe representedvia a transformation.In Chapter4, we de�ned generalizeddisplacements

as:

p = W(W� 1(p0) + D(W� 1(p0)) (5.1)

whereW is a mappingfunctionfrom thedisplacementspaceto theobjectspaceandW � 1 its

W   (p')-1p'
to displacement
space

to object space

displace point

W(p) p

Figure5.2: Transformation-basedalignment.

inverse.Thisprocessis depictedin Figure5.2.ThemappingfunctionW de�nesanembedding

of thedisplacementspaceinto objectspace.Thesimplestone,asdescribedin chapter4 is via

lineartransformations.This processembedsthecubicspaceof thedisplacementinto a cuboid

of arbitraryorientationandscale.This is achievedby de�ning W asanaf�ne matrixA:

p̂ = A �
�
A� 1p̂0+ D(A� 1p̂0)

�
(5.2)

= p̂0+ A � D(A� 1p̂0)

whereA is a 4� 4 af�ne matrix andp̂0 is thesamplingpoint expressedin homogeneouscoor-

dinates.

Anotherpossibility is to align the deformationwith an arbitrarycurve in space.This is

achieved by �rst parameterizingthe spacealong the length of the curve and then de�ning

an interpolationfunction in the enclosedvolume. Oneof the simplestmethodsis piecewise
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bilinear interpolation. Here,we de�ne two parameters,s andt alonga connectedsequence

of line segmentsandthe mappingfunctionW : (s;t) 7! (x:y) asa coordinatetransformation

function.Thethird spatialparameterr is assumedto coincidewith theobjectspatialcoordinate

z.

Sincewe cansafelyignorethethird coordinate,themappingfunctionW canbede�ned at

eachline segmentasaquadrilateralinterpolationfunction.Givenp1, p2, p3 andp4 thecorners

of aquadrilateral,ands;t 2 [0;1] two parameters:

p0(x;y) = W(p(s;t)) = (1� s)(1� t)p1 + s(1� t)p2 + (1� s)tp3 + stp4 (5.3)

p1

p3

p2

p4

t
s

s

t p

(0,0) (1,0)

(0,1) (1,1)

W

Displacement SpaceObject Space

Figure5.3: Piecewise linear alignmentwith a curve of threesegments.Eachline segmentis
usedto de�ne a quadrilateralby extendingits normals. Bilinear interpolationis usedasthe
displacement-objectspacemapping

Other�nite elementscanbeusedto accommodatedifferenttypesof alignmentshapes(such

astetrahedraor hexahedra)andvarioustypesof interpolation(tri-linear, tri-cubic,etc.).In this

work, we usebi-linear hexahedraasshown above. A similar analysiscanbe performedfor

othershapefunctions,to align thedeformationto asurface.
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5.3.1 Normal Estimation

Following the analysisintroducedin the previouschapter, it is alsonecessaryto estimatethe

normalsof deformedpointsin orderto obtainproperlighting of deformedvolumes.In Chapter

4 wederivedanexpressionfor normalestimationof inverselydisplacedpoints,usingthetrans-

poseof the Jacobianof the inversetransformation.Accordingto vectorcalculus,given two

differentiabletransformationsF andG, the Jacobianof the compositetransformationF � G

evaluatedatapointp is:

JF� G(p) = JF (G(p))JG(p) (5.4)

Also, asacorollaryof thisequation,theJacobianof theinversefunctionF � 1 is:

JF � 1(p) =
�
JF (F � 1(p)

� � 1
(5.5)

For atransformation-baseddeformation,thenew normalcanbeestimatedby concatenating

thetransposeJacobiansof eachtransformationmapping,asfollows:

�!n (p0) =
�
JW(W� 1p0+ D(W� 1p0))( I + JD(W� 1p))JW� 1(p)

� > �!n (p) (5.6)

=
�
JW(W� 1p0+ D(W� 1p0))( I + JD(W� 1p))J� 1

W (W� 1(p))
� > �!n (p) (5.7)

5.3.2 Implementation details

Theimplementationof this into ourrenderingpipelinerequiresamechanismfor computingthe

mappingtransformationW andits inverse.W canbecomputedon the�y usingtheexpression

in Eq.(5.3).TheinversetransformationW� 1, however, is morecomplicatedto compute.As an

alternative,weusetheslicingmechanismto generatethesandt parametersdirectly. In thecase

of three-dimensionalelements,anadditionalparameterr canbealsocomputedvia slicing. Tri-

linearinterpolationonhardwareof theseparametersyield thecorrectparameterizationof each

point in objectspace.For eachsamplepoint,now we have two texturecoordinates,onecorre-

spondingto thecoordinatesin objectspace(x;y;z) andtheotherin displacementspace(s;t; r).

In addition,higherordertransformations(e.g.,quadraticor cubic)canalsobeaccommodated,

by addingadditionalshapefunctionsto thecomputationof W. However, to avoid extracompu-

tation,a genericmechanismcanbedevisedbasedon texture lookups.W canbeprecomputed

in a2D textureor a3D texture,indexedby theparameters(s;t) and(s;t; r) respectively.
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(a) Axis Alignment (b) Surface Align-
ment

(c) Segment Align-
ment

Figure5.4: An exampleof differenttypesof alignment.(a) Axis alignedpeel. Notehow the
peeledlayer is thick and�at, sinceit is alignedwith an orthogonalaxis. (b) Surfacealigned
peel,alignedwith acomputeddistance�eld. Noticehow it approximatesasurface.(c) Segment
alignedpeel,basedon segmentation,which is moreaccurate.Note that in the featurebased
alignment(b) and(c) thepeelis thin androunded.

5.4 Mask-basedAlignment

Thesecondcategory of alignmentdeformationsis mask-basedalignment.In this case,rather

thanmatchingthe“shape”of thedeformationwith thefeatureof interest,we“mask-out”those

points that shouldnot be deformedwith a volumetricmask. This hasproven to be a better

andfasteralternative to transformation-basedalignment.An exampleof this typeof alignment

canbe seenin Figure5.4(c), wherethe operatoris said to be alignedwith the brain tissue,

sincethe peelerappearsto follow its contour. In this chapter, we proposetwo mask-based

techniquesfor allowing deformationsthat are sensitive to the speci�c featureson a volume

model. We considersurfacefeaturesthat arede�ned by an iso-surface,andvolumefeatures

thatarede�ned by a segment,resultingin thenotionsof surface-alignedandsegment-aligned

deformationrespectively. Themeritsof suchalignmentscanbeseenFigures5.4(b)and5.4(c).

Considertheskinof theheadis thecontext, andthebrainis thefocusof thesevisualizations.

From Figure5.4(a)wherea peel is performedusingaxis-alignment,we canobserve that the

partbeingpeeledis wedgeshapedandtheoperatorcutsthroughthebrain. Thevisualization

conveyslimited informationaboutthepartsupposingto bein focus.Featurealignmentcorrects
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thisproblem.Virtual surfacesarecreatedwithoutsegmentation(exceptfor background),using

a distance�eld computation.Thedistance�eld is computedbasedon a boundary, from which

virtual shellsof differentthicknessescanbede�ned. For example,in 5.4(b),a surface-aligned

peelis appliedto thetop of theheadwith a uniform depthfrom thesurfaceof theskin. Such

alignmentcanbeusedto investigateandillustratelayeredstructureswithoutthepre-knowledge

of segmentation.However, while this is a goodapproximation, theoperatorstill cutsthrough

thebrain. If wehavethespeci�cationof volumefeatures,typically obtainedfrom segmentation

or de�ned by arangeof iso-values,wecancreateamoreeffective focus+context visualization.

In 5.4(c),with thesegmentationknowledgeof externallayersincludingtheskin andskull, we

applya segment-alignedpeelto thehead.Thebrain,that is, thefocus,is not only highlighted

but alsovisualizedwith correctgeometry. In addition,the correctshadingat the backof the

peelprovidesfurthermeaningfulcontext to thevisualization.

5.4.1 Mask-basedVolumeDeformation

In order to de�ne a mask-baseddeformationfunction, we introducea maskingfunction M,

which de�nes thefeature-sensitivity of pointsin theoriginal volumeV, andis typically repre-

sentedby a volumedataset.WhenM(p) � 0:5, p is part of the featureto be preserved, and

cannotbetransformed.An exampleof this is shown in Figure5.4(c)wherethepeelis applied

to theskinandnot to thebrains(which is maskedasa featureof interest).

Usingthenotationintroducedin Chapter4, let PV bethesetof pointsof theoriginalvolume

andP0
V thedeformedsetof points.LetPM bethesubsetof PV , suchthatPM = f pjp 2 PV ;M(p) �

0:5g, andVM is anaxis-alignedboundingvolumeof PM. Any point not in PM is operatable.In

addition,thebackwardtransformationfunctionTB, is alsoaccompaniedby aboundingvolume,

VT , suchthatthemanipulationis only performedover thosepointsresidingin VT .

Unlike our original de�nition of deformation,in feature-aligneddeformation,aninversely

transformedpoint,p0, mayhave beenmaskedasnon-operatableby M, which resultsin empty

space.To handlethecomplexity of this inversemapping,we introducean initial “probe” p0,
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2. p = p'

3. p =
M

B1. p = T (p')

CUT

Figure5.5: Inversewarpingcasesfor mask-basedfeature-aligneddeformation

for eachpoint p02 P0
V0 asfollows:

p0 =

8
>><

>>:

TB(p0) p0residesin VT

p0 otherwise
(5.8)

We thenobtainp by takingthefeaturemaskinto accountas:

p =

8
>>>>>><

>>>>>>:

p0 p0 2 PV ^ (M(p0) < 0:5^ M(p0) < 0:5)

p0 p02 PV ^ M(p0) � 0:5

? otherwise

(5.9)

Thesethreecasesareshown in Figure5.5,namely:(1) thepoint is transformed,(2) thepoint is

maskedandthereforeuntransformed,and(3) thepoint is emptydueto thefeature-alignedcut.

Following the sameanalysisas other deformationfunctions,the normal at a point p0 is

de�ned as:

�!n T =

8
>>>>>><

>>>>>>:

�!n J p = T � 1
F (p0)

�!n p = p0

0 p = ?

(5.10)

where �!n T denotesthe resultingnormal at the inversely transformedpoint, �!n denotesthe

original normal, �!n J denotesthe transformednormalat samplingpoint p0, and0 is the zero

vector. �!n J is obtainedusingthe transposeof the Jacobianof the inversetransformation,as

derivedin thepreviouschapter, andthereforedenotedherewith asubscriptJ.
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DT= t

DT= t+d

DT= t-d

DT

a

nT

(a) OriginalNormals

DT= t

DT= t+d

DT= t-d

DT
n*T

(b) Normalsafteraxis-alignedcutadjustment

DT= t

DT= t+d

DT= t-d

DT
n*T

n(p')

(c) Normalsafterfeature-alignedcutadjustment

Figure5.6: Normal blendingfor surfacealignment. Black arrows indicatethe normalof the
axis-alignedpartof thecut,greenarrows indicatetheinverselytransformednormal,redarrows
arethenormalsorthogonalto thesurfaceof thecut,andthebluearrows indicatethecorrected
normalafterblending.

5.4.2 SurfaceAlignment

As statedpreviously, for certaindeformationsaxisalignmentis not suf�cient. Peelingis one

suchdeformation,sincegenerallythe peelingoperationis appliedto a speci�c surfacelayer

of anobject. In this case,feature-basedalignmentis desired.As anapproximation,a surface-

alignedfeaturecanbe obtainedby de�ning a maskbasedon distancefrom the surface. This

canbeobtainedwith thedistance�eld of thevolume,aftera backgroundsegmentation.Let us

de�ne DT asthedistance�eld storedasa volume.Then,themaskM canbede�ned suchthat
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M(p) � 0:5 for DT(p) � t , andM(p) < 0:5, for DT(p) < t . Onesuchfunctionis:

M(p) = 0:5
DT(p) � t

d
+ 0:5 (5.11)

whered 6= 0 is a thicknessparameterthatdescribeshow largeis thefalloff regionatbothsides

of thecut, i.e., thethicknessof aslabalignedwith theisosurfaceM(p) = 0:5.

Heret > 0 is a parameterthatspeci�esthedesireddistancefrom surface.For instance,t

canbethoughtof asthe“depth” of thepeeledsurface,which is to betransformedin orderto

revealthefeatureunderneath.

The normalat a point is de�ned by the in�uence of differentnormal information. For a

point in the interior of thevolume,thenormalis de�ned by the transformednormal �!n J. For

a point in thevicinity of thecut, it is de�ned by eitherthegradientof thedistance�eld ÑDT ,

whichde�nesthesurfaceof thefeatureof interest,or thegradientof thealphamapÑa , which

de�nesthesurfaceof thecut.

To blendthesethreenormals,we �rst requirespecialhandlingof theboundaryaroundthe

cut surfacede�ned by DT(p) = t . For a featurepoint (i.e., M(p) � 0:5), the gradientof the

distance�eld ÑDT pointsoutwardsfrom theinterior to thesurface.However, for anon-feature

point on theboundary(i.e.,M(p) < 0:5), thegradientÑDT pointsincorrectlyfrom thesurface

to theinterior. We solve this by usinga signedweightingfunctionb, which takesvaluesfrom

� 1 to 1. First, thenormal,asobtainedusingEq.(5.10)is adjustedfor theaxis-alignedcut, as

describedin chapter4:

�!n �
T = (1� w)�!n T + wÑa (5.12)

wherew 2 [0;1] is a weightingfunction thatdecreaseswith thedistanceto thediscontinuity,

i.e., for a point in the boundary, w = 1, andfor a point at a pre-de�neddistanceD from the

boundary, w = 0. This parameterw controlsthegradientsmoothnessof thecut surface,and

it is similar to the“impregnation”region describedby Weiskopf et al. in [124] for performing

volumetricclipping.

Then,the�nal normalatapoint is acombinationof thisadjustednormalandthenormalof
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thesurfaceof interestÑDT .

�!n (p0) = (1� jb j)�!n �
T + bÑDT

b =

8
>>>>>><

>>>>>>:

t � DT(p)
d � 1 t � d < DT(p) < t

t � DT(p)
d + 1 t � DT(p) < t + d

0 otherwise

(5.13)

b is usedto graduallyblendthenormalof thedistance�eld with thetransformednormal.Note

that it is asymmetricwith respectto t . That is, for a point with DT in the interval [t ; t +

d), b rangesfrom 1 down to 0, but for a point with DT in the interval (t � d; t ), b takes

valuesfrom 0 down to � 1. This negative weightingblendsthe transformednormal �!n J and

the normalbetweenthe normalof the distance�eld in the oppositedirection. This resultsin

correctnormalsat bothsidesof thebreak.This is illustratedin Figure5.6,andanexampleof

surface-alignedpeelingis shown in 5.4(b).

5.4.3 SegmentAlignment

Segmentalignmentis obtainedby de�ning M(p) basedon a volume feature,that typically

is determinedthroughsegmentation.It canbe seenquite easilythat the above techniquefor

surfacealignmentcanbeextendedto handleanarbitraryvolumetricmaskby replacingDT(p)

directlywith M(p). Normaladjustmentis handledasfollows:

First, we assumethat the gradientof the original volumeis computedwith the aid of the

segmentationinformation,storedasavolumetexture.Thiscorrectlyestimatesthesurfacegra-

dientof the featuresof interest.Further, for theboundarybetweentwo features,thenormals

on eithersidepoint to theoppositedirectionof thoseof the otherside. This leadsto a prob-

lem in texture-basedvolumerendering,sincetrilinear interpolationof theseoppositenormals

would yield anincorrectzerogradientat thesurfaceof thecut. To overcomethis problem,we

estimatethegradientsfor segmenteddatasothat they alwayspoint outwardsfrom thefeature

of intereston bothsidesof theboundary. Whencomputingthegradientvolumetextureusing

�nite differences,weconsiderthevaluesof theneighborsof avoxel as0, if they correspondto

adifferentsegmentor anemptyvoxel,or as1 if they correspondto thesegmentof interest.This

is equivalentto computingthe gradientof the distance�eld of the segmentedfeaturesrather
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M=0.5
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(a) OriginalNormals

Tn*

T-n

a

M=1

M=0.5

M=0.5 M=0

(b) Normalsafteraxis-alignedcutadjustment

Tn*

T-n

n(p')

M=1

M=0.5

M=0.5 M=0

(c) Normalsafterfeature-alignedcutadjustment

Figure 5.7: Normal blendingfor segmentalignment. Black arrows indicatethe normal of
theaxis-alignedpartof thecut, greenarrows indicatethe transformednormal,redarrows are
the normalsorthogonalto the outersurfaceof the segment,andthe blue arrows indicatethe
correctednormalafterblending.

thanon thebinaryvolume.

Finally, we invert the normalsin the non-featureside of the cut following the blending

mechanismin theprevioussection.To de�ne a thick areawherethis blendingcanbepossible,

we assumethat the maskM(p) de�nes a smoothscalar�eld. The region wherewe needto

invert thedirectionsof thenormalsis de�ned by theisosurfacesM(p) = 0:5 andM(p) = 0, as

shown in Figure5.7. After adjustmentfor theaxis-alignedpartof thecut usingEq.(5.12), we
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canobtainthenormalas:

�!n (p0) = (1� g)�!n �
T

g =

8
>><

>>:

2M(p) + 1 0 < M(p) < 0:5

0 otherwise
(5.14)

Previousapproachesfor achieving thesameresultsof segmentalignmentoftenusepre-segmented

datasetsandtwo-passrendering,wherethesegmentof interestto bepreservedis rendered�rst,

andthenthenon-featurepartof thevolumeis manipulatedandrenderedafterwards.However,

this approachresultsin aliasedboundaries,becauseof pre-segmentation.Although this can

be addressedwith pre-smoothingandpre-processingof colormaps,our approachworks on a

singlepassandrequiresnopre-processingof thedatasetor thetransferfunction.

5.5 GPU Implementation

In orderto implementthis,we extendedtheimplementationdescribedin thepreviouschapter,

to includequeriesaboutthe featuremask. The maskis storedasa 3D texture. To properly

modelfeaturealignment,thefragmentshadermustsamplethevolumeat boththeoriginaland

warpedpositions,which decreasesthe performance.In addition,determiningwhich caseto

apply whencomputingthe �nal warpedposition,asde�ned in Eq.(5.9),requiresconditional

statementswhichareknown for beingslow in currentGPUarchitectures.With theintroduction

of new GPUarchitectures,with dynamicbranching,our approachcanbegreatlyaccelerated.

To obtainthecorrectcolorattributes,thenormalsmustbedetermined,by evaluatingEq. (4.11).

Thenormalof eachfragmentrequiresat mostthreegradienttexturesamples:thenormalob-

tainedfrom the transformation(ÑT), asdiscussedin Section4.1, thenormalof thecut (Ña ),

andthenormalof thefeaturemask,dependingonthealignment.Theseareblendedtogetheras

shown in Eqs.(5.13)and(5.14).

TheGPUmemoryrequirementsfor this processarepredominantlydeterminedby theres-

olutionneededto storethevolumetricdataset(e.g.,theheaddatasetrequires2563 bytesandits

gradientrequires3� 2563 bytes).An additionalrequirementis imposedby thepre-computation

of the manipulationoperators.However, thesearein generalvery small comparedto the 3D
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volumedata.Whenresourcesarescarce,normalscanbecomputedon the�y using�nite dif-

ferences,not only for the original dataset,but also for the alignmentmaskandthe operator

itself.

5.6 Results

Oneof the applicationsof feature-alignedvolumemanipulationis medicalandbiological il-

lustrations.In Figure5.1(b),anillustrationfrom handsurgeryis shown. Figure5.1(a)demon-

stratesa retractionoperatoron a CT handmimicking the sametype of cut. Figure5.1(d) is

an imagefrom the illustrationof humananatomyby Antonio ScrantoniandPaoloMascagni,

dated1833(NLM). Interestingly, thisimageis verysimilarto contemporaryexhibitionssuchas

BodyWorlds[119] andBodies,TheExhibition [1] which portraydissectionsof actualbodies.

Figure5.1(c)showsasimilar typeof operationappliedto theVisibleMandataset.Thedataset

was�rst posedusing[40] to positionthearmupright.Fivepeeloperatorswerethenappliedto

botharms.

Figure 5.8 shows a comparative table of applying mask-baseddeformationsto various

datasets.In the �rst row, we seea peelerdeformationappliedto the CT headdataset,sim-

ulating the kind of illustrationsusedfor craniotomies.Axis-alignedmanipulationinevitably

deformsboneandbraintissueandresultsin a �at cut. Surfacealignmentis agoodapproxima-

tion of the shapeof the skull, and�nally , segmentalignmentprovidesthe bestillustration of

bonetissue.In thesecondrow, we seea cut on a forefootCT dataset.A similar cut is applied

to a handdatasetin the third row. Featurealignmentis usedto reveal bonetissue. Surface

alignment,asseenin thefoot deformation,providesa fastmechanismto exploreandvisualize

tissuedif�cult to segment,suchassmallveinsandvascularstructures.Finally, thefourth row

shows a simulationof dissectionof a frog dataset.Axis alignmentdoesnot allow to visualize

theinternalorgansof thefrog. While surfacealignmentgivesa hint of theinternalorgans,the

bestresultsareobtainedwith segment-alignment.

In additionto illustration-like effects,themanipulationoperatorsalsoimprove on clipping

andslicing andgeneratefocus+context visualizations.Now slicescanbearbitrarygeometries,

andthereis a focus+context mechanism(peeling)for keepingthe slicedportion in view. In
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Figure5.8: ComparativeResults

Figure5.4(c)onegetsto seetheundersideof thepeelor skin.

5.7 ConstrainedDeformation

Anotherimportantpartof featurepreservationis theability toconstrainthedeformationsmoothly.

Sofar, our solutionto featurepreservationis to “mask” out thepointsthatarenot deformable.
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2D Slice
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Original Axis-Aligned Feature-Aligned Constrained
Figure5.9: Deformationof akneeCT Scan

This methodhasproven to be very usefulandfast. However, therearesomeshortcomings.

Oneis the possibility of self-intersectingdeformationdueto the maskingoperation. To see

this problem,let us considera simple deformationappliedto a CT scanof a knee(Figure

5.9). Axis-aligneddeformationprovidesa continuoustransformation,but doesnot preserve

therigidity of thebonestructure.Feature-aligned,which canbeusedto modelthebonetissue

asrigid, doesnot solve the problemeither, asthe othernon-bonetissueis deformedthrough

the bone,giving an unrealistictransformation.A moreplausibledeformationconstraints the

movementof pointsso that self-intersectionis prevented. Here,we further exploit the mask

volumeto modulatethedisplacement,ascanbeseenin Figure5.9. In our method,we guar-

anteecertainconstraintsby modulatingthemagnitude(andthedirection)of thedisplacement

with a certainscalarvalue.Sincepreventionof self-intersectionis desired,this scalarvalueis

usuallyde�ned asadistancetransformto thefeatureof interest.

Dependingon how we performthe modulation,we derive two differentmethods,asex-

plainedin thefollowing sections.
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Figure5.10:ConstrainedDeformationof CT HeadDataset

5.7.1 Modulated Displacement

This methodrepresentsa constraintvia a scalar�eld C : R3 ! R. This scalar�eld is usedto

con�ne the displacementof a given point p within a sphereof radiusC(p), andwe usethis

radiusto modulatethedisplacementasfollows:

p = p0+ C(p0)D(p0) (5.15)

In many occasions,wewantto preventself-intersectionwith afeatureof interest,andtherefore,

C(p0) isde�nedasafunctionof thedistancetransform:C(p0) = 1
max(D(p0)) DT(p0), whereDT(p)

is a scalar�eld representingthedistance�eld to a featureof interest.This de�nition hastwo

properties:

1. Elementswithin thefeatureof interestarenotdeformed.Thisoccurssincetheone-sided

distance�eld hasvalueC(p) = 0, andthereforethedisplacementis thezerovector.

2. Elementsoutsidethefeatureof interestcannotbedeformedthroughtheregionof interest.

Thishappensbecauseapointp0 in thesampledspacecanonly bemovedwithin asphere

of radiusr, de�ned as:

r = p � p0

= C(p0)D(p0)

=
1

max(D(p0))
DT(p0)D(p0)

� DT(p0)

We usedthis methodto representcollision-freedeformationon theknee(Figure5.9). Fig-

ure5.10showsthisapproachappliedto thedeformationof theCT head.Wede�ne aconstraint

sothatthebonetissue,de�ned by theskull andjaw bones,is undeformed.Notehow thebone

remainsstill while theskin,cartilageandmuscletissuedeforms.



83

For a constraineddeformation,normalscanbeobtainedby evaluatingtheJacobianof the

constraineddisplacement.Accordingto vectorcalculus[27], for a vector�eld G, de�ned as

theproductof vector�eld F anda scalar�eld f , G = f F, we cande�ne thejacobianJG of G

usingtheproductof derivativesasfollows:

JG = f JF + FÑ f
> (5.16)

whereJF is theJacobianof thevector�eld F andÑ f is thegradientof scalar�eld f . Therefore,

thenormalestimationfor constraineddeformationcanbede�ned as:

�!n (p0) =
�

I+ CJD + DÑ>
C

� >

(p0)

�!n (p) (5.17)

Thiscanberewrittenas:

�!n (p0) = (I+ CJ>
D + ÑCD> )�!n (p)

= ((1� C)I+ CI+ CJ>
D + ÑCD> )�!n (p)

= ((1� C)I+ CB+ D)�!n (p) (5.18)

whereB = (I+ JD)> is theprecomputedmatrix in Eqn.(4.12),andD = ÑcD> .

Oneof thelimitationswith thisapproachis theassumptionof linearityof thedisplacements

implied by the modulationprocess. This may causeunrealisticdeformationsfor nonlinear

displacements,suchastwisting, wheredecreasingthe magnitudeof a large twist angledoes

not representa lesspronouncedtwisting. For this reason,we proposea differentmodulation

mechanism,whichmodulatesthesamplecoordinates.

5.7.2 Coordinate Modulation

Somedeformations,suchastwistingandpoking,haveaninterestingproperty:thedeformation

of agivenregion is equivalentto thedeformationof anotherregionwith adifferentmagnitude.

For example,a twisting of 120� is equivalent to perform12 timesa twisting of 10� . In the

twisting displacement,both twistsarepresent,but in differentregionsof the3D volume. Ex-

amplesof thesetypesof displacementsaretwists, bends,pokes,peelsandretractors,among

others.Oneof theadvantagesof this approachis thatit overcomestheproblemsof linearcon-

straintson non-lineardeformations,asshown in theprevioussection.Here,themagnitudeof

a constraineddisplacementis not necessarilya scalingof theunconstraineddisplacement,and

thedirectionmaybedifferent.
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Theconstraineddisplacementis thende�ned as:

p = p0+ D(T(p)) (5.19)

for T(p) acoordinatetransformation.

To understandthenatureof T, let usconsiderthetwist displacement.A twist aroundtheZ

axiscanbede�ned asfollows:

D(x;y;z) =

0

B
B
B
B
@

(x� 0:5) cosa (z) + (y� 0:5) sina (z) � (x� 0:5)

� (x� 0:5) sina (z) + (y� 0:5) cosa (z) � (y� 0:5)

0

1

C
C
C
C
A

a (z) = 2pz (5.20)

A twisting of s a radiansis equivalent to samplingthe displacementmap at (x;y;s z).

Therefore,wecande�ne theconstrainttransformationas:

T(x;y;z) = (x;y;DT(x;y;z)z) (5.21)

whereDT(x;y;z) is thesamescalarfunctionasbefore,which representsthedistance�eld to a

featureof interest.

Normalestimationis alsosimpler, asit canbedoneby concatenatingthetransposeof the

Jacobians:

J = I + JD(T(p))JT(p) (5.22)

For thecaseof thetwistingconstraintin Eq.(5.21),theJacobianis de�ned as:

JT =

2

6
6
6
6
4

1 0 0

0 1 0

¶DT
¶x z ¶DT

¶y z DT(x;y;z) + ¶DT
¶z z

3

7
7
7
7
5

(5.23)

One of the advantagesof this approachis that it works for cuts as well, as thereis no

needfor specifyingadditionalmodulationfor thealphamask.It alsoenablestheintroduction

of morecomplex constraintssuchasrigid movementof features.Let usconsiderthetwisting

example,wheretheconstraintis de�nedalongthez-axis.Let usde�ne themodulationfunction

DT asfollows: for z � 0:5, it shouldbede�ned asthedistancealongthez-axis. For z> 0:5 it

shouldbehave asa rigid component,sothatthedisplacementshouldbethesamefor all points
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Figure5.11:ConstrainedDeformationof BarDataset

in thatregion. For apointp in thatregion,wewantD(T(x;y;z)) = D(T(x;y;0:5)) . Therefore:

D(x;y;DT(x;y;z)z) = D(x;y;DT(x;y;0:5)0:5)

DT(x;y;z)z = 0:52

DT(x;y;z) =
0:52

z
Figure5.11shows a numberof twisting operatorsappliedto thebardataset.For the �rst

row, the modulationis de�ned as the distancealong the z direction, which is equivalent to

de�ning an anchor at oneendof the bar. For the secondrow, we de�ne an entireregion as

rigid, asdescribedabove.

By consideringmorecomplex modulationfunctions,it is possibleto expresscomplex rigid-

ity constraints,suchaskinematicchainsof bones. This canbe doneby modulatingseveral

distancetransformsfor the different rigid structures,in a similar way as it wasproposedby

Little etal. for 2D images[71].

5.8 Chapter Summary

Oneof thecharacteristicsof illustrative deformationis thepreservationof certainfeaturesof

interest. In thosecases,the deformationis alignedwith a certainfeatureso that both the de-

formedpartandtheundeformedpartprovideusefulinformationof theconceptor objectbeing

represented.In this chapter, we presenteda numberof mechanismsfor achieving deformation

alignment,classi�ed into two categories.The�rst one,calledtransformation-basedmethods,

achieve alignmentby transformingthedisplacementspaceinto objectspacesothat it follows
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a particularline, curve or surface. Examplesof thesemethodsareaf�ne transformations,bi-

linear quadrilateralmappingand, in general,any otheralignmentvia �nite elementinterpo-

lation. We presenteda genericmechanismfor specifyingthe transformationand its inverse

basedon therenderingpipelinepresentedin thepreviouschapter. Oneof theshortcomingsof

theseapproachesis thatfeaturealignmentis obtainedthroughanapproximationof thefeature

by a line, curve or surface. In mostcases,perfectalignmentwould requirea largenumberof

elements.As analternative, we devisedanothergroupof methods,collectively referredto as

mask-basedmethods.Thesemethodsusea volumetricmaskto specifythe featureto bepre-

served. Thedeformationappliedto thevolumeis thenmodi�ed sothatpointsin themaskare

not transformed.Dependingonhow themaskis de�ned,wederivedtwo mask-basedmethods.

One,calledsurfacealignment,is obtainedby specifyingthemaskasa functionof distanceto

a surface.This hasprovento bea goodapproximationof certainfeatureswhenno segmenta-

tion informationis available. Thesecond,calledsegmentalignmentis obtainedby specifying

the maskasa featureobtainedthroughsegmentation.We presentedseveral methodsfor es-

timating accuratelythe normalsin the deformedvolumespaceandfor adjustingthe normals

in thevicinity of cuts.We provideda GPU-basedimplementationthatrendersfeature-aligned

deformationin real-timewith a quality comparablewith that obtainedusingnon-interactive

raycastingmethods.We alsoshowed how featurealignmentmay not be applicablefor cer-

tain typesof deformation,whereit is moreimportantthattissuestransformin a plausibleway,

without collisionsor self-intersection.We de�ned a methodfor constrainingthedisplacement

usingmodulation,wherebythemagnitudeof thedisplacementis controlledin sucha way that

pointsareguaranteedto never crosstheboundaryof featuresof interest.Througha numberof

examples,wehaveshown theinteractivity andoperatabilityof thesemethods.
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Chapter 6
Evaluation

6.1 Intr oduction

Thepreviouschapterspresenteda methodfor implementingvolumedeformationvia a gener-

alizedconceptof 3D displacementmaps.We showedhow it canbeusedto representcomplex

deformationsandcuts.Thischapterevaluatestherenderingqualityandperformanceof discon-

tinuousdisplacementmapsin volumetricobjects.Althoughrenderingqualitymightbethought

of asa subjective measure,it is possibleto characterizeit in termsof desiredproperties,such

assmoothness, local continuityandcorrectshapecuesprovidedby lighting. In turn, this can

bereducedto theanalysisof severalpropertiesof thedisplacementmap,suchasresolutionand

precision,andof therenderingmethod,suchaslighting andcompositing.In orderto provide

high-qualityrenderingof images,we mustincreasetheresolutionof thedisplacementandJa-

cobianmapsfor properlighting,whichin turncarriesaperformanceoverhead.Thesecondpart

of thischapterdealswith thestudyof therenderingtime for thedifferentfactorsthatin�uence

qualityandperformance.

6.2 Quantitati veEvaluation of RenderingQuality

This sectiondescribesa quantitative evaluationof therenderingquality of deformedvolumes.

Quality canbe describedin termsof the smoothnessof the deformationandthe smoothness

of cuts. Sincethedeformationis sampledasdisplacements,a numberof factorsin�uence the

smoothnessof the renderedimage,namely: (1) The displacementresolution, i.e., the spatial

discretizationof thedisplacementvolume;(2) thedisplacementprecision, i.e., thenumberof

bits usedfor representinga displacementvalue;and(3) theprecisionof theJacobianmatrix,

which is alsostoredasa3D texture.
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83 163 323 643

Figure6.1: Twistingoperatorsatdifferentdisplacementresolutions

6.2.1 DisplacementResolution

Sincedisplacementsarepre-computedandstoredin 3D textures,thereis a discretizationerror

that mustbe taken into account. In the �rst case,numericalerrorsmay be dueto the spatial

discretizationof thedisplacementvolume.Wereferto thisastheresolutionof thedisplacement

map,andis usuallyexpressedin termsof thesizein voxelsof thedisplacementmap.Thelarger

thedisplacementmap,thebettertherenderingqualityof thedeformation.

Figure6.1shows theresultof applyinga twistingoperatoratdifferentresolutions,from 83

to643, with azoomed-inversionfor easycomparison.Notethedramaticdifferencebetweenthe

�rst resolutionandthelasttwo. At resolutionsof 643 or higher, thedifferenceis notnoticeable.

Figure6.2 shows theresultof varying theresolutionfor a discontinuouspeeloperator. In

this case,resolutionshigherthan2562 � 4 arerequiredto obtaina smoothsurfaceof thepeel.

Note that the issueof resolutionis moreproblematicin thecaseof cutsandbreaks,sincethe

discontinuityinformation,i.e., thealphamap,is sampledaswell. Dependingon thissampling,

thethicknessregionnecessaryfor properlighting, asdescribedin Section3, changes,resulting

in differentluminancepropertiesin thesurfaceof thecut.

6.2.2 DisplacementPrecision

Errors can also be due to the roundoff error of GPU texture storage. ContemporaryGPUs

have a certainamountof bits for the representationof 3D textures. We refer to this as the

precisionof thedisplacementmap.For instance,currentGPUsusuallystoretexturevaluesas
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322 � 4 642 � 4 1282 � 4 2562 � 4
Figure6.2: Peeloperatoratdifferentdisplacementresolutions

32bit quantities.If westoreeachcomponentof thedisplacementmapin anRGBA component,

theresultingprecisionis of 8 bits percomponent.Alternatively, thedisplacementmapcanbe

storedin two separatetextures,onefor theXY componentsandanotherfor theZA components

of thedisplacement,for aprecisionof 16bits. A higherprecisionof 32bitscanbeachievedby

storingeachcomponentin its own texture.

Figure6.3 shows theresultof applyinga twisting operatorwith 8-bit precisionvs. 16-bit

precision.Note that8-bit precisionresultsin a jaggeddeformation.In general,artifactssuch

asthesearemoredistractingthanthoseproducedby low resolutionbut with higherprecision,

astheonesshown in Figure6.1.Figure6.3alsoshows theresultof applyingapeeloperatorat

8-bit and16-bit precision.

6.2.3 Precisionof the JacobianMatrix

As describedin the previous chapters,normal informationneededfor lighting of volumesis

obtainedusingthetransposeof theJacobianof thedeformation.TheJacobianis a3� 3 matrix,

which canbestoredin 3 separatetexturesin theRGB channels.Themaximumprecisionhere

is 10 bits per component,which canbe realizedusingthe R10G10B10A2texture encoding.

However, very smallvaluesandvery largevaluesin theJacobianmatrix areproblematic.For
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8bit (twist) 16bit (twist) 8bit (peel) 16bit (peel)
Figure6.3: Continuousanddiscontinuousoperatorswith differentdisplacementprecision

largevalues,they maynotberepresentedproperlywithin theencodingprecisionandthey must

benormalized.GiventheJacobianmatrixB atagivenpoint in thedisplacementspace,thenew

normalizedmatrixB� is:

B� =
1

maxi; j jBi j j
B (6.1)

For smallvalues,this normalizationmayalsoimprove theability to properlyencodetheJaco-

bian. In orderto evaluatetheimpactof theJacobianprecision,weappliedaseriesof deforma-

tionsto ourtestbardatasetandcomparedthenormalsestimatedby thismethodvs. thenormals

estimatedusing32-bit precisionJacobians.This32-bit precisionJacobianwasobtainedon the

�y with themaximumprecisionavailablein theGPU,insteadof beingencodedin a3D texture.

Thedeformationsweappliedwherechosenasto representthespectrumof Jacobianvaluesthat

wemightencounterin realapplications.In general,thedeterminantof theJacobianatasingle

point in theobjectrepresentsthe local volumechangeat thatpoint. For inversewarping,the

following conditionshold for theJacobianmatrixB:

� if detB = 1, thereis no local volumechange.To representthisdeformationwecreateda

seriesof twist deformations,with total twistingangleincreasingfrom 90 to 720degrees.

� if detB > 1, thereis local contraction(Notethat in traditionalforward deformation,this
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Pre-computedJacobianPre-computedJacobian On-the-�y Jacobian
Unnormalized Normalized

Squeeze

Twist

Twist-Squeeze
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Figure6.4: TestVolumesfor analysisof theJacobianPrecision

casecorrespondsto localexpansion,asthedeterminantof theinverseJacobianis there-

ciprocalof thedeterminantof theforwardJacobian).For thiscase,weselectedasqueeze

deformation,with increasingcontractionstrength.Wealsoselectedacombinationof the

lasttwo, aseriesof twistandsqueezedeformations,with increasingcontractionstrength.

� if detB < 1, thereis localexpansion.Weselectedaseriesof dilatedeformations.

Thesetestdeformationsareshown in Figure6.4.Figure6.4alsocomparestheresultingim-

agesobtainedbeforeandafternormalization.Figure6.5 shows thehistogramof theJacobian

determinantasa reference.IncorrectJacobianencoding(prior to normalization)resultsin in-

correctnormals.Thiscanbeappreciatedin thechangesin theshadingof theobjects,especially

in the specularre�ections. To measurethe precisionerror, we comparedthe differencebe-

tweentheanglesof thenormalsestimatedwith Jacobiansstoredas3D texturesandthenormals
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Figure6.5: JacobianDeterminantHistogramfor TestVolumes

estimatedwith Jacobianscomputedonthe�y (32-bitprecision).Weobtainedasinglemeasure

asthemeanof thedifference.To understandtheeffect on thedifferenttypesof deformations,

we plottedthenormalangleerroragainsttheaverageof thedeterminantsof theJacobianfor

that deformation.This is depictedin Figure6.6. For example,squeezedeformationsappear

spanningvaluesin thedeterminantfrom 1 to approximately6. In contrast,dilatedeformations

appearwith determinantvalueslessthan1. As we canseefrom Figure6.6,deformationswith

local contractionarethemostproneto errorsdueto thepresenceof largenumbersin theJa-

cobian.After normalization,theseerrorsdropconsiderably. For deformationssuchastwists,

however, wealso�nd largevaluesin theJacobian,althoughtheaveragedeterminantis approx-

imately1. For expandingdeformations,however, normalizationdoesnot seemto improve the

error. Note,however, that the initial error is not large,dueto theabsenceof largenumbersin

theJacobian.To understandthiseffect,notetheplot in Figure6.7,wherethenormalangleerror

is plottedagainsttherangeof theJacobiandeterminant(maxi j j detBi j j � mini j j detBi j j), instead

of theaverage.Notehow theerrorincreaseswith therangefor a particulardeformation.Inter-

estingly, theeffect in twist-squeezedeformationsincreasesslower thanthosefor deformations

with contractions.
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6.2.4 TransparencyAdjustment

As describedin Chapter4, deformedvolumesrequirea differentsamplingratedueto possi-

ble expansionor contractionof thevolume.For slice-basedvolumerenderers,whereadaptive

samplingis not possibleor may be computationallyexpensive, an alternative is to adjustthe

transparency of the traversedvoxels. Figure6.8 show the effect of this adjustmentin for a

squeezedeformation. Note how the unadjustedrendererresultsin overly transparentvoxels

dueto a reducedsampling. For the intensityconstancy assumption,the volumeis deformed

so that the intensityremainsessentiallythe samefor all pixels. Compareto the original vol-

ume. For the massconservation assumption,the region in the middle appearsmoreopaque,

sinceparticlesareassumedto becontractedandthereforethereis a largerattenuationof light.

In contrast,Figure6.9 shows the effect for an expandingdeformation. The oppositeeffects

occur. No adjustmentresultsin overly opaqueregions,whereasa morephysically-accurate

deformationwouldmake themmoretransparent,asparticlesarefurtheraway from eachother.
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Original No adjustment IntensityConstancy MassConservation
Figure6.8: Transparency Adjustmentfor Squeezedeformation

Original No adjustment IntensityConstancy MassConservation
Figure6.9: Transparency Adjustmentfor Dilatedeformation

6.2.5 Gradient Modulated Rendering Images

In volumerendering,it is commonto modulatethe opacityof a voxel by the magnitudeof

its gradient.Whendeforminga volumetricobject,themagnitudeof thegradientmaychange.

Therefore,themagnitudeof thegradientg0atasamplepointp0 is givenby:

g0=
�
�
�B�!n (p)

�
�
� g (6.2)

whereg is thegradientmagnitudein theoriginaldatasetprior to normalization,and�!n (p) is the

undeformednormalandit is assumedto beof norm1. Figure6.10showstheresultof rendering

thetwistedbarusinggradientmodulation.Comparewith theimageobtainedby computingthe

gradienton the�y .

Further, whenintroducingcuts,a new surfaceappears,which changesthegradientmagni-

tudeof thepointsin theproximity of cuts.Similarly to thenormalblendingequation,weblend

thegradientmagnitudesnearcuts:

g� = wg0+ (1� w) f (p0) (6.3)
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(a) Jacobian (b) Sobelon the�y (SotF)

Figure6.10:Renderinga twistedbarusinggradientmodulation

(a) Correctweighting (b) No weighting (c) Incorrectweighting (d) SotF

Figure6.11:Renderingapeeledbarusinggradientmodulation

wherew 2 [0;1] is ablendingfactorand f (p0) is thedensityvalueatpointp0. If noblending

is performed,the resultingimagemay not appearto have a surfacecut, sincethe gradient

magnitudemight bevery smallor zero. Figure6.11shows a gradient-modulatedrenderingof

apeeledvolumetricbarwith andwithoutblending.Notethatnosurfaceappearson thecaseof

no blending.Comparethis to thecaseof obtainingthegradientmagnitudeon the�y . In order

to modelholesor regionsof low density, the blendingequationrequiresthe densityvalueat

thesamplepoint p0. Figure6.11alsoshows thecasewherethegradientis performedwithout

regardsof thedensityvalue,which treatsthecut surfaceasa surfaceof homogeneousopacity.

Thismayintroduceoccludingsurfaceswherethereshouldbeahole.

6.3 Normal Estimation Validation

An importantaspectintroducedin this thesisis a methodfor estimatingthe normal in a de-

formedvolume. Oneproblemfor validationis that no groundtruth is available,asobtaining

volumetricdatasetsis still a costlyoperation.Therefore,we lack a referencemodelfor thede-

formedstateof volumetricmodels.Ourvalidationprocedureis thenobtainedby two properties

of accuratenormalestimation.First, if thesurfaceis smooth(asis thecasefor thetestdataset),



96

andthedeformationis smooth,therenderingof thedeformeddatasetshouldbesmoothaswell.

Second,normalinformation,andlighting in general,is a renderingmechanismfor providing

hintsof theshapeof anobject. Therefore,if thenormalsareestimatedcorrectly, it shouldbe

possibleto estimatetheshapeof theobject.

For the�rst procedure,wecomparedourmethodwith others.Themethodsare:

Jacobian. This is ourmethod,andfollowsBarr's ideaof transformingtheoriginalnormalvia

theinversetransposeof theJacobianof thedeformation.In thepreviouschapter, we extended

this ideato obtainsimilar transformationsfor inversemapping,asshown in Eq.(4.11).

Central Di�erences/Sob el on the 
y . This is the prevalentmethodin previous volume

deformationapproaches.This methodcomputesthenormalon the�y , by samplingtheneigh-

borsof apointandapproximatingthegradientvia centraldifferences.Thismethodis known to

producestaircasingeffectsdueto sampling.In addition,to reducenoise,it is commonto apply

asmoothingoperatorprior to differentiation.Sincethismaybeprohibitive for computationon

the �y , this canbe doneby applyingcentraldifferenceson a pre-smootheddataset.The �rst

methodwithout smoothingis herereferredto ascentral differenceson the �y (CotF), andthe

secondmethodasSobelonthe�y (SotF). Althoughbeingprevalent,it is verycostlyfor volume

deformation,asthereis needto performup to 6 extrawarpings.

For adeformedvolume,thismethodperforms�nite differencingon thedeformedsamples:
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whereTB is theinversedisplacement.

DotPro duct . A third methodis to approximatedirectly thediffuseandspecularcomponents

of a point by approximatingthedirectionalderivative in thedirectionof thelight andtheview

vector, respectively. This is theapproachusedby Westermannetal. [126], whichcomputesthe

diffuseintensityof apointas:

Id =
�!
l � Ñ f (6.4)

=
d f
ds

(6.5)

wheres is a parameterizationof raysin thelight direction
�!
l , suchthata point p is de�ned as

p = pe+ s
�!
l . Thedirectionalderivativeof f canbeapproximatedusingcentraldifferenceson

thedeformedvolume,which requiresup to 2 extrawarpings.

Figure6.12comparesthesemethodsfor a twisting deformationon our test. It canbeseen

from the�gure thatourmethodprovidesthesmoothestresults.This is especiallynoticeablein

the�rst two rows,whichshowsanisosurfaceof interest(asopposedto transparentrenderingin

thethird andfourthrows). Notethehighlightdueto specularre�ection. For centraldifferences,

it presentsstaircasingeffects.

6.3.1 ShapeEstimation

Oneof thedif�culties of validatingour approachis the lack of groundtruth models. Ideally,

we would have a volumetricobject,saya physical bar asdepictedthroughoutthis Chapter,

madeof anelasticor plasticmaterial,andhave it deformedin severalwaysandscannedin into

a volumetricrepresentation.Becauseof the dif�culty , costandtime constraintsof MRI and

CT scanning,this is not a viable solution. As an alternative, we focusinto oneaspectof the

renderingof volumetricobject,which is properlighting. Whenlighting is properlysimulated,

shadinggivesshapecuesthatmaynotbeavailableotherwise.

For this reason,we validatethenormalestimationthroughshapeestimation.Normalscan

beusedto estimatetheshapeof anobject. Therefore,accuracy in thenormalestimationcan

beobtainedby measuringtheaccuracy of theshapeestimation.Estimationof depthfrom nor-

mal informationhasbeenusedfor shape-from-shading.In shape-from-shadingproblems,the
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Jacobian CDiff on the�y Sobelon the�y DotProduct
Figure6.12:Comparisonof lighting techniquesfor acontinuousdeformation

Jacobian CDiff on the�y Sobelon the�y DotProduct
Figure6.13:Comparisonof lighting techniquesfor discontinuousdeformation

normal informationis obtained�rst usingimagesof the sameobjectunderdifferent lighting

conditions.Theshapeof theobject,expressedasdepthvalues,is obtainedby integratingthe

normalinformation. In our case,sincewe alreadyhave thenormalinformation,it suf�ces to

useHorn's gradientintegrationto obtainthe estimateddepthvalues[51]. Although gradient

estimationhasbeenrecognizedasanill-posedproblem,this methodis suitablefor our exper-

imentationsincewe dealwith syntheticallyestimatednormalsratherthannoisydata,andthe

smoothnessof thedisplacementoperatorsis known. For our validation,we useda volumetric

cubeandall ourdisplacementsareassumedto beC1 continuous.
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Figure6.14:NormalvalidationusingGradientIntegrationfor PokeandWavedisplacements

Thevalidationprocedureis thenasfollows:

1. Onceadeformedvolumeis rendered,westoretheestimatednormalsin animageIN.

2. At thesametime, we storethedepthvaluesof thedeformedvolumein imageID. This

imagecanbeobtainedby readingthedepthbuffer.

3. Weperformgradientintegrationon imageIN. Theresultof thisprocessis adepthimage

ÎD.

4. Theerrorof thenormalestimationis quanti�ed astheerrorin thedepthestimation,i.e.,

thedifference
�
� ÎD � ID

�
� .

Figure6.14shows theestimateddepthfrom our computednormalsfor a poke anda wave

deformation.Notethatthedepthconvergesto theactualdepthof thedeformedobject,although

the rateis fasterfor the poke operator. This occursasthe wave operatorhasa higherspatial

frequency whichdemandsfor a largerresolutionimage.

Figure6.15showstheaccuracy errorof ournormalestimationmethod,relative to thenum-

berof integrationsteps,for a numberof displacements.As expected,theerrordecreaseswith

numberof integrationsteps,astheshapeobtainedfrom gradientintegrationconvergesto the

actualshapeof thedeformedobject.
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This methodalsoletsuscomparethesmoothnessof therenderedimagesfor differentnor-

mal estimationalgorithms,independentlyof the lighting andcompositingconditions.For in-

stance,estimatingthe normalsvia centraldifferencesresultsin staircasingeffects,which are

clearlyvisible from theestimatedshapedepictedin Figure6.16. This comparisonavoids the

needfor re-computinga deformedvolumewith densityandnormalinformationvia sampling,

which canbevery largedependingon thesamplingrequirements.However, it mustbenoted

thattheestimatedshapevia gradientintegrationis anapproximationof therealshapeanderror

is expected.Further, staircasingeffectsfrom centraldifferencesareexpectedto besmoothed

out asmoreintegrationstepsareperformed.This conditionalsocanbeusedfor validation,as

our methodandcentraldifferencesareexpectedto convergeto thesamesurface.Experimen-

tationshowedthatnormalestimationvia theJacobianprovidessmoothersurfacesthancentral

differences,andit providesaccuratenormalsfor shapeestimation.
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Displacement Resolution Sizein KB
Peel 128� 128� 1 320
Slicing 128� 128� 1 320
Extrusion 32� 32� 32 640
Split 64� 64� 64 5120

Table6.1: Sizein voxelsof thedisplacementtexturesandtexturememoryrequirementin total

6.4 PerformanceEvaluation

6.4.1 Memory Requirements

Oneaspectthataffectstheperformanceis thetexturememorysizeandbandwidth.Volumetric

displacementmappingrequiresthestorageof thex;y;z componentsof thedisplacement.Al-

thoughthey canbe storedin a singletexture using8 bits for eachcomponent,this precision

is usuallylow for a smoothdeformation,andresultsin visible jaggedlines. In thesecases,a

16-bit displacementcanbe usedwhich would requireat leasttwo 3D textures. The �rst tex-

ture DISPXYstoresthe x andy componentsof the displacementas the luminanceandalpha

components,while the secondtexture DISPZAstoresthe z componentand the a value (for

discontinuities).This requirementdoesnot posea scalabilityproblemin practice,sincethe

useof generaldisplacementmapsallows thecreationof complex cutsanddeformationswith

relatively small 3D textures. Table 6.1 shows the size of the displacementtexturesusedin

this thesis,and the total amountof texture memoryrequired,which includesthe storageof

pre-computedJacobians.Notethatthey arewell within thelimits of currentGPUtechnology.

6.4.2 RenderingSpeed

A numberof factorsaffect the renderingspeedof our approach.Our renderingspeedcanbe

quanti�ed dependingon thenumberof texturelookupsthatmustbeperformedandtherelative

complexity of the proceduresthat mustbe performedper pixel during the volumerendering

stage.WeobtainedtheresultsonaPentiumXEON 2.8GhzPCwith 4096MB RAM, equipped

with a QuadroFX 4400(512MB), with a viewport of size512� 512. We useda sampling

distanceof 1 for therenderingof thevolumes,meaningthatat leastonesamplepervoxel was

usedfor rendering.

Relative Size of Image. Volume renderingperformanceis primarily pixel-bound,the
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relative sizeof the effective imagewith respectto the screenimageis a considerablefactor

of performance.Althoughthis is applicablefor all renderingsystems,it givesinsighton how

performanceis degradedfor a complex pixel shadersasours,wheredeformationis computed.

We usethebar datasetof size1283 voxels.To obtainedtheresults,we disabledthelighting of

thevolume. Figure6.17plots thezoomlevel of the imagevs. renderingtime in milliseconds

for two differentdisplacements.Note how the performanceimprovesexponentiallywith the

zoomlevel.
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Figure6.17:Plotof renderingperformance(msec.)for relativesizeof image,in termsof zoom
level (thelargerthezoomlevel, thesmallertheimage)

Resolution of the displacement map. Sincetheresolutiondoesnotchangethenumberof

texturelookups,thisusuallydoesnotaffecttherenderingspeed.However, asthesizeincreases,

texturememorybeginsto �ll quickly anda penaltydueto texturememoryswapmayoccurin

somecases.A displacementmapneedsto bestoredusingtwo 32-bit textureswhenusing16-

precision,asdescribedearlier. This requiresa total memoryof MEMdisplacement = 8n Bytes,

wheren is thesizeof thedisplacementmapin voxels. In addition,storingthe jacobianof the

displacementrequiresa total sizeof MEM jacobian= 16n Bytes. In total, the requirestexture

memoryis MEMtotal = 24n. This canbeappreciatedin Figure6.18. Notehow therendering

timeis constantfor mostof thecases,exceptfor thecaseof a2563 displacement,whichrequires

a totalmemoryof 384MB.

Precision of the displacement map. For 8-bit displacements,deformationcanbeachieved

with a singletexturelookup,while 16-bit displacementsrequiretwo. This introducesa perfor-

mancepenalty, ascanbeseenin Figure6.19.Dueto texturecapabilitiesof new graphicscards,

theoverheadtime is becomingsmaller. This is essential,as8-bit displacementswereshown to
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Figure6.18: Resolutionvs. RenderingTime for two displacements.Resolutionis given in
termsof sizeof displacementmapsin voxels

beunacceptablefor renderingof volumedeformations.We canalsoseetheeffectof increased

texturememoryfor thecaseof a twist of size2563. Because8-bit renderingrequireshalf the

texturememory, thepenaltyof increasingtheprecisionto 16-bit is noticeable.
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Figure6.19:Precisionvs. RenderingTime for two displacements.

Lighting Computation. Lighting computationis an essentialpart of our framework. As

describedbefore,several methodshave beenproposedearlier, mostof which requirethe on-

the-�y computationof normalsusing �nite differences.Sincethis computationrequiresthe

deformationof eachpoint's neighbors,this canbe computationallyexpensive, as it requires

moretexturelookups.Thenumberof texturelookupscanbereducedby approximatingdirectly

thediffusecomponent,asproposedby WestermannandRezk-Salama[126]. In addition,it may

be bene�cial to computethe Jacobianof the displacementon the �y . The numberof texture

lookupsrequiredfor eachcasearedescribedin table6.2,assuming16-bit displacements.The
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relative penaltyfor the extra texture lookupsis basicallycon�rmed by the resultsshown in

Figure6.20.It canbeseenfrom table6.2thatapproximatingthediffusecomponentis aviable

Method TextureLookups Num. TextureLookups OverheadFactor
Unlit (basecase) 1 (value)+ 2 (deformation) 3 1

Jacobian 3 (base)+ 4 (jacobian)+ 1 (gradient) 8 2.67
Jacobianon the�y 3 (base)+ 6 (neighbors)+ 1 (gradient) 10 3.34
CentralDifferences 3 (base)+ 6 � 3 (neighbors,eachvalueanddisplacement) 21 7
DiffuseComponent 3 (base)+ 2 � 3 (neighbors,eachvalueanddisplacement) 9 3

Table6.2: Numberof texturelookupsfor differentlighting methods

alternative for lighting, in termsof performance.However, this approachdoesnot yield the

sameresultsin termsof quality, ascanbeappreciatedin Figure6.12.
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Figure6.20:Lighting Methodvs. RenderingTime for threedisplacements.

Transparency Adjustment. As describedin thepreviousChapter, deformationof volumes

impliesa changein thesamplingrate,which canbeappreciatedin thetransparency of voxels

whenusingsemi-transparentvolumes. In order to accountfor homogeneityin the sampling

rate,we mustadjustthe transparency of voxels. This in turn, implies a changeusingthe Ja-

cobianmatrix. Figure6.21shows theperformancecostof addingtransparency adjustment.It

canbeseenthatperformanceis not considerablydegraded,which canbeexplaineddueto the

natureof thisprocess,whichdoesnot requireextra texturelookups,but merelyamatrix-vector

multiplication anda reciprocalsquareroot computation.In order to measurethis factor, we

enabledlighting of the volume,using the Jacobianmethod,sincethis requiresthe Jacobian

matrix.

Feature Alignment. Wesimulatedanumberof deformationsappliedto differentdatasetsfor

thedifferenttypesof alignmentsdescribedin Chapter5. Table8.1 shows theresultsobtained

with our testdatasetsfor thedifferentalignmentcases.
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Figure6.21:Transparency Adjustmentvs. RenderingTime for two displacements.

Alignment Dataset Resolution fps
Axis foot 143� 256� 183 20.44

stagbeetle 208� 208� 123 9.24
visiblehuman2mm 256� 189� 436 6.27
cthead 256� 256� 256 5.06

Surface foot 143� 256� 183 18.31
stagbeetle 208� 208� 123 7.32
orange 256� 256� 256 6.11
cthead 256� 256� 256 3.93

Segment foot 143� 256� 183 17.95
hand 255� 250� 155 5.54
frog 250� 235� 68 8.08

Table 6.3: Performanceresultsfor different volume datasets,with d = 1:0 for the distance
betweenview alignedslicesof thevolume

6.5 Chapter Summary

In this chapter, we have evaluatedour deformationapproachfrom a quantitative perspective.

Theevaluationis two-fold. Ononehand,westudiedtherenderingquality in termsof different

propertiesof thedisplacementandJacobianmaps,suchasencodingprecisionandresolution,

andof therenderingprocessitself, suchastransparency adjustment,gradientmodulationand

thedifferentlighting estimationmethods.Thesepropertiesin turn, re�ect higherlevel proper-

tiesof thedeformation,suchassmoothnessandlocalcontinuity. Ontheotherhand,westudied

the performancecostof interactive deformation,in termsof the differentfactors.Oneof the

conclusionswehaveobtainedfrom thisstudyis thattheuseof theJacobianprovidesthehighest

renderingqualityof theothermethods.In orderto avoid resolutionproblems,theJacobiancan

becomputedon the�y without a considerabledegradationof performance,at leastcompared
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to theprevalentalternative,which uses�nite differencesfor estimatingthenormals.Displace-

mentmapsneedat leasta precisionof 16-bit to provide smoothdeformations.Although8-bit

precisionis inaccurate,contemporarycardsincludecertaintexturemodesthatemulate32-bit

precisionfrom lower resolutiontextures. This, in effect, removesthe ragged edgesthat ap-

pearwhenusing8-bit. It doesnot improve resolution,though. The useof deformationalso

impliescertainadjustmentswhendealingwith semi-transparentvolumes.Oneof themis the

transparency adjustmentdueto theirregularsamplingimposedby deformation.Anotheris the

incorporationof gradientmodulation.For thecaseof cutsandbreaks,gradientmodulationis

intendedto highlight themostsalientisosurfacesof avolume.Becauseof thepresenceof cuts,

new isosurfacesappearandthereforemustbeadjusted.Thischapterprovidesabenchmarkfor

futurevolumedeformationmethods.
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Chapter 7
Complex Deformations and Cuts without Re-
meshing

7.1 Intr oduction

In thepreviouschapters,we showedhow complex deformationsandcutscanbeachievedfor

volumetricobjects. Volumetricobjectsarecommonlyobtainedfrom computedtomography

(CT) or magneticresonanceimaging(MRI). In othercases,volumetricobjectsarethe result

of staticor time-variantsimulations.In all thesecases,theobjectrepresentationis a sampled

volume. For thepurposesof illustration,however, it hasbeenvery commonto usepolygonal

surfacesratherthanvolumesto obtainhigh-qualityrenderings.In somecases,surfacesarepre-

ferredbecauseof low memoryconsumptionandeaseof implementation.Surfacerenderingare

not proneto aliasingeffectsinherentin the renderingof sampledrepresentations.Oneof the

shortcomingsof surfacerepresentationsis thata meshtopologyneedsto bede�ned explicitly.

Whenaddinglargedeformationsor cuts,thisrequiresare-tessellationor re-meshingto createa

�ner resolutionmesh[3]. Re-tessellationcanbeanexpensiveprocessandasthemeshesgrow,

interactivity maybeaffected.Furthermore,cutsandothertypesof discontinuousdeformation

(wherethe meshmustbe “broken”) mustalwaysbe re-tessellatedas the cut is rarely along

existing edgesin the mesh. In this chapter, we extendour approachfor illustrative deforma-

tion of volumetricobjectsto polygonalsurfaces,which will enableusto producehigh-quality

deformationsincludingcutsandtwistswithouttheneedto re-tessellateamesh.Exampledefor-

mationsareshown in Figure7.10. Themethodologyworksevenfor low resolutionpolygonal

models. It canalsoproducecomplex deformationsin real-timeso that deformationscanbe

interactively explored.

Thekey to our approachis to treattheareasof theobjectundergoingdeformationasvol-

umetric objects. Several representationshave beenproposedfor the samplingof polygonal
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surfacesinto sampledstructures,which we collectively called layered representations. Lay-

eredrepresentationsof objectshave beenusedin the graphicscommunity for variouspur-

poses,suchasimage-basedrendering,displacementmapping,andmulti-resolutionrendering.

e.g.,[102,57,10,131]. A layeredrepresentationof anobjectis animplicit representationthat

describesa geometryasa setof numericvaluesalongoneor several layers,which areusually

axis-oriented,suchasdepthmaps,displacementmapsand3D signeddistance�elds. Herewe

make the tacit assumptionthat thesearesampledrepresentations,asopposedto theso-called

multi-layerrepresentations,which referto theuseof multiple nestedsurfacesto representlog-

ical layersof anobject,suchasskin, muscleandbone.Complex deformationshave not been

fully exploredwith theserepresentations.Someof theissuesthatariseincludememoryrequire-

ments,remeshing,aliasingandinteractivity. Becausesurfacemodelsareexplicit, ratherthan

sampledrepresentations,our approachneedsto seamlesslyintegratebothrepresentations.We

achievedthis with a hybrid renderingalgorithm. At thecoreof this algorithmis a ray-casting

renderingprocessthat�nds intersectionsof view rayswith anobject.This is differentfrom the

renderingalgorithmusedin the previous chaptersfor volumerendering,wherea 3D dataset

is sampledandcompositedat regular intervals. Deformationis appliedin a similar manner

throughan inverserenderingprocess.As describedin the previous chapters,interactivity is

obtainedby decouplingdeformationfrom thelayeredrepresentation.

Thischapterfurtherextendstheideaof IllustrativeDeformation, with (1) auni�ed method

for handlingcontinuousanddiscontinuousdeformations,includingcomplex deformationswith-

out theneedfor re-meshing,(2) a novel methodfor representinganobjectusinga composite

layeredrepresentationanda hybrid renderingalgorithmwhich seamlesslyintegratesthe var-

ious representations,and(3) a novel methodfor encodingcutsin a displacementvector�eld

which preservesC1 continuity of the deformation�eld andwhich allows renderingof sharp

cutsfreeof aliasingartifacts.

7.2 RelatedWork

SampleLayeredRepresentations(SLR) wereintroducedin Chapter2 asimplicit representa-

tions of surfaces,obtainedby samplingthe closestdistanceto the objectin a 2D or 3D grid.
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(a)DepthMap (b) DepthMapCube (c) 3D DistanceField (d)SurfaceMesh
Figure7.1: Comparisonof SampledLayeredRepresentationsof theArmadillo model.

2D SLRscanbedepthor heightmaps,which sampletheclosestdistanceto theobjectalong

a particulardirection. Oneof the limitationsof this representationis the inability to represent

portionsof asurfacethatarenotvisiblefrom apointof view, asseenin Figure7.1(a).A combi-

nationof depthmapsalongthefacesof acubecanbeusedto modeltheothermainorientations

of asurfacemodel,asshown in Figure7.1(b).However, concavitieswhicharenotvisible from

any of thefacesof thecubecannotberepresented.Themostcompleterepresentationwouldbe

a 3D distance�eld, which samplesthedistancealonga 3D grid. An exampleis shown in Fig-

ure7.1(c). Comparewith therenderingobtainedwith anexplicit representationof thesurface

model,in Figure7.1(d).

Deformation of layered structures. Traditionaldisplacementmappingcanbethoughtof as

a local deformationof a basesurface,which is usuallyde�ned asaninversemappingproblem

from an objectspace,or “shell” space[91] to thedisplacementspace.This mappingis done

by samplingthe spaceobtainedby extruding prismsfrom eachsurfacetriangle. Rendering

of complex large deformationsposesadditionalchallenges.Traditional displacementmaps

de�ne displacementasanindependentgeometry, but, for generaldeformations,displacements

are usedto representa changein the surface. Extrusionof trianglesmay not be suf�cient,

asa givensurfaceprimitive mayundergo largedeformationsbeyond thespacede�ned by an

extrudedprism. Instead,it is easierto de�ne arbitraryregions in 3D spacewherea layered
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representationissampled.Deformationof layeredstructureshasbeensuggestedbefore.Botsch

andKobbelt [10] suggestthe useof “displacementvolumes”to deformcomplex surfacesby

�rst deformingasmoothversionandthenaddingthedetailasanormaldisplacementof thebase

surface.Smithet al. proposetheuseof displacementfor animationof 3D models[106]. Elber

[35] extendsthe ideaof depthmapsto modelgeometricdeformations.Chenet al. propose

an inverseapproachfor deforminglight �elds [17], in a similar way to the deformationof

displacement-basedrepresentations.

Theabove,however, aredesignedto handlesmallcontinuousdeformations.Our approach

handlesboth large continuousanddiscontinuousdeformation. We achieve this by encoding

deformationasa displacementvector�eld andusingan extra dimensionfor encodingconti-

nuity information. Theideaof usingvector�elds for displacementwasusedby von Funcket

al. [118] for themodelingof continuousdeformation.Oneof thestrengthsof vector�elds as

deformationmetaphors,asopposedto procedurallyde�ned modelsor sketchbaseddeforma-

tion, is theability to storethemasgenerictemplateswhich canbecombinedalgebraicallyto

obtainmorecomplex deformationsandappliedto differentmodels.Furthermore,this canbe

ef�ciently implementedin currentGPUsastextures.To thebestof our knowledge,this is the

�rst interactivemethodthatcombinescutsandbreakswith othercontinuousdeformationssuch

astwistsandbendsusingasinglemethodologyandwithout remeshing.

7.3 Overview

Our approachworksby integratingdeformationinto therenderingpipeline.First,a composite

representationof anobjectis created.Let usde�ne a 2D manifoldSasthesurfaceof a model

andSD a subsetof this manifoldwheredeformationis to take place. SD is representedusing

a layeredrepresentation.Let S0
D be thedesireddeformedsurfaceandB(S0

D) be thebounding

box of this new surface. A pictureof a compositerepresentationof anapplemodelis shown

in Figure7.2.A �rst stageof therenderingprocessis to renderthesurfaceS� SD. This is done

by discardingpointsof Sthatarewithin B(S0
D), whichcanbeimplementedin fragmentshaders

usingdepthinterval culling.

After renderingS� SD, we needto renderthe surfaceS0
D. For a continuousdeformation
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Figure7.2: CompositeRepresentationof an applemodel. S, the original surfaceis rendered
asa mesh. The boundingbox B(S0

D) is renderedasa layeredrepresentation.The resulting
renderingappearsto theright.

(without cuts),we do not explicitly computethe deformedsurface,but we modelit asa dis-

placementvector�eld of theundeformedsurfaceSD. Renderingof thisnew surfaceis doneby

propagatingraysthroughB(S0
D) anddeformingthemby thevector�eld. Thedeformedray is

usedto �nd the intersectionpoint in the undeformedsurface(Figure7.3). This is an inverse

problemsimilar to imagewarping,deformationof light �elds [17] andray de�ectors[63, 20].

Thisprocessis summarizedasfollows:

1. A deformation�eld D(p) is de�ned on the �y or re-usedfrom a collectionof deforma-

tions.

2. A compositerepresentationof a portionSD of thesurfaceis created(L(SD)). It couldbe

asingledepthmap,acollectionof orienteddepthmapsor asigneddistance�eld.

3. ThemeshS� SD is rendered(usinga traditionalrenderer).

4. Thedeformationregion is rendered,via ray castingon thegeometryB(S0
D). Eachray is

“warped”into thelayeredrepresentationto �nd surfaceintersectionsandtheirnormals.

Section4 describesin detailtheprocessof renderingof adeformedlayeredrepresentation,that

is, �nding theintersectionwith adeformedsurfaceandestimatingthenormals.Oneimportant

contributionof ourwork is amethodfor therenderingof cutsandbreaksof layeredstructures.

Unlike previousdisplacementapproaches,whereholesarepre-computedinto thede�nition of

a meso-structure,we apply thecutsinteractively to anotherwisecontinuousrepresentationof

theobject.
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7.4 Renderingand Deformation of LayeredRepresentations

A layeredrepresentationis animplicit representationof anobject.Renderingof sucha repre-

sentationis performedby tracingraysalongthe layeredregion and�nding its zero-crossings.

Sincethe3D texturerepresentationof asigneddistance�eld is theonewith themostcomplete

informationaboutanobjectfrom ourspectrumof representations,wewill assumethatwehave

sucha representationandoperationsandqueries,suchasray traversalandestimationof nor-

mals,arebasedon sucha de�nition. Section7.6.2will describehow theseoperationscanbe

appliedto smallerrepresentations.

Let L bea layeredrepresentationde�ned asa signeddistance�eld of a surface,SD, in R3

sampledin a 3D grid. Eachpoint in this grid containsthedistanceto theclosestpoint on SD.

In addition,thesignof L(p) is usedto denotewhethera point is in the interior or theexterior

of theobject.As a convention,we de�ne L(p) < 0 for a point outsidetheobjectandL(p) > 0

for a point inside.L canbecreatedin real-timefor smallsizedregionsusingthealgorithmby

[103], wherea bandeddistance�eld is used.Oncethe representationis obtained,�nding the

surfaceis equivalentto �nding thezero-setL(p) = 0.

Let us de�ne a continuousdeformationasa bijective transformationTF : R3 7! R3, such

thata point p is deformedinto p0= Tf (p), andits inversetransformationT � 1
F , suchthatp =

T � 1
F (p0). Here,we assumethat the inversetransformationis de�ned asa displacement:p =

p0+ D(p0). The relationbetweenp andp0 is shown in Figure7.3. The useof displacements

hasbeenexploredwidely andhasanumberof advantageswhichareexploitedin ourapproach,

namely: (1) are simpler to understandand operatethan other deformations,(2) the inverse

transformationcanbeobtainedfrom forwardtransformationsasa negative displacement,and

(3) mostphysically-basedmethodshavedisplacementsasoutputs.

Let usde�ne L0asthesigneddistance�eld of thedeformedsurfaceS0
D in R3. Thedeformed

surfacecorrespondsto thosepointsp0 in thezero-setL0(p0) = 0, which canbede�ned asthe

zero-setof theundeformedsurfacein a transformedcoordinatesystemde�ned by T � 1
F . That

is, thedeformedsurfaceis thezero-set:

L0(p0) = L
�
T � 1

F (p0)
�

= L(p0+ D(p0)) = 0 (7.1)
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x'

S'0 S0

x=x'+D(x')

D(x')

Figure7.3: Findinganintersectionof adeformedlayeredrepresentation.A rayin thedeformed
spaceS0

D is transformedby a displacement�eld D(p). Thetransformedray mapsinto a curve
in theundeformedspaceSD andyieldsanintersection.

For clarity, in thereminderof this chapter, weusep in placeof p0.

7.4.1 Finding the Deformed Surface

The deformedsurfaceis found by traversingraysalongthe region beingdeformed.Given a

ray direction�!v andaninitial positionp, a givenpoint alongtheray is touchingthesurfaceif:

L(t) = L(p+ t�!v + D(p+ t�!v )) = 0 for a givenparametert alongtheray. Thegeneralmecha-

nismis depictedin Figure7.3. Thesimplestway of �nding anintersectionis by samplingthe

parametert linearly, and�nding thepoint wherea signchangein L0(t) occurs.However, this

hasbeenshown to beproneto aliasingeffects. As analternative, mostdisplacementmethods

usea combinationof linearandbinarysearchto narrow down to thecorrectintersection.Al-

thoughthisdoesnotsolvetheproblemin thegeneralcase,therearealternativeswhichproduce

closeto exactsolutionsbasedon distance�elds [33] or imagepyramids[86]. Thesesolutions

may not suf�ce for extremedeformations.We presenta generalsolution to this problemin

Section7.5.2.

7.4.2 Estimation of Normals

After �nding theintersectionpoint,it is necessaryto �nd thenormalto thesurfaceat thatpoint.

Sinceit is a layeredrepresentation,thenormalto thesurfaceis determinedby thegradientof

L. For speedup,thiscanbeobtainedbeforedeformationandstoredasa texture.Thishasbeen

widely usedfor depthmaps,andcanbeextendedto any of therepresentationsin ourspectrum.

For adeformedsurface,thenew normalcanbefoundby multiplying theoriginalnormalby the
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inversetransposeof theJacobianof the forward transformationfunctionTF [6]. Fromvector

calculus,we have that for an inversetransformation,J�>
T (p) = J>

T � 1(T(p)) [27]. Therefore,

thenew normalcanbefoundusingthetransposeof theJacobianof theinversetransformation.

For aninversedisplacement,theJacobianis de�ned asJT � 1(p) = I + JD(p), whereJD(p) is the

Jacobianof thedisplacementandI is the identity matrix. Therefore,normalscanbeobtained

as:

�!n 0(p) = normalize(( I + JD(p))> �!n (p+ D(p))) (7.2)

where�!n 0(p) is thenormalto thedeformedsurfaceat point p and�!n (p) is thenormalto the

undeformedsurfaceat point p. This appliesonly for continuousdeformation.For a discontin-

uousdeformation,suchasa cut, a new surfacemay be createdandnormalsarenot a simple

transformationof thesurfacebeforethecut (Section4.4.2).

7.4.3 De�nition of Cuts

Deformationis performedin theinversespace,therefore,cutsmaybedif�cult to model,since

they imply that thetransformationT is not invertible. Modelingdiscontinuitiesasspecialdis-

placementvaluesis problematic. The cut would have to be de�ned asa displacementvalue

which mapsto nothing,but it would leadto singularitiesin thedisplacement�eld. Thesesin-

gularitieswould be seenasartifactsnearthe edgesof cuts(dueto tri-linear interpolationof

displacementvalues).Dif�culties arisewhencomputingthe normals,sincethe displacement

�eld would not bedifferentiable.As analternative, we adda new dimensionto thedisplace-

ment �eld. We de�ne a cut implicitly asa signeddistancefunction, in a similar fashionto

thede�nition of the layeredstructureof thesurface. Becausethis signeddistancefunction is

de�ned for all pointsin a givensamplespace,we mustde�ne thedisplacementin thosepoints

aswell, sothatthedisplacementfunctionD hasat leastC1 continuity.

Let usde�ne A astheimplicit representationof thecut. A givenpoint p in spaceis saidto

be“cut” if A(p) > 0. Theborderof theemptyspaceis asetof surfacesde�nedasf pjA(p) = 0g.

Dependingon whethertheobjectis modeledasa solid or a thin surface,thesesurfacesmayor

maybenotvisible. In practice,this �eld A canberepresentedalongwith thedisplacementinto

asinglestructure.For acontinuousdeformation,A is notnecessary.



116

7.4.4 Renderingof Cuts

Cutson a polygonalobjectgenerallyimply that the interior of theobjectwill bevisible. The

interior couldbepartof SD or partof S� SD. S� SD will berenderedin step2 of theprocess

(Section3). Notethatwith B(S0
D) removed,thebackfacesof theobjectarerendered.Then,the

layeredrepresentationis renderedcreatingthe front cut surface. If the layeredrepresentation

doesnot extend to the backof the object, the objectwould be seenashollow, asshown in

Figure7.5(a). In this case,no intersectionwith theray is found,andanemptyregion results.

Thereis anothercase,wherethelayeredrepresentationencompassesaportionof theinteriorof

theobject(thatis visible). For ahollow object,thiscanbeobtainedby ray intersectionwith the

layeredrepresentation,asdescribedin Section4.4.1. However, we may want to modelother

typesof objects,suchassolidsor partialsolidswhichcontaina thick shell. In thesecasesparts

of thecutbecometheinteriorsurface.Below weexplainhow to handlethesedifferenttypesof

surfaces.

Renderingof Hollow Surfaces

For hollow surfaces,raysalongthedeformedregion only intersecttheoriginal object,aslong

asthey areoutsideof theregion de�ned by thecut, i.e., thedeformedsurfacesarede�ned by

the setof points f pjL(p + D(p)) = 0^ A(p) < 0g. A naive approachto obtainingthe inter-

sectionsin thepresenceof a cut would beto computethecombinedimplicit representationof

thedeformedspaceasL0(p) � A(p) = L(p + D(p)) � A(p), and�nd thezero-crossingsof this

new representation.However, cutsaregenerallysharp,andchancesof skippingtheintersection

increaseconsiderably, whichresultsin jaggedboundaries.As analternative,weexploit thefact

thatbothsurfacesarerepresentedin disjoint structuresandwe computeintersectionson each

of themseparately. The ray castingalgorithmtraversesthe spacelooking for zerocrossings

of thecontinuousrepresentationL0(p). Onceanintersectionp is found,it is checkedwhether

it belongsto the interior of the cut. If A(p) > 0 thenthe point is discardedasa surfacein-

tersectionandthesearchproceeds.This is shown in Figure7.4(a). The intersections1 and3

arediscardedandonly 2 and4 areusedfor rendering.Notethat theseintersectionsareon the

interior or undersideof themodel.We canusethenormalsto rendertheinterior in a different
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(b) Solidobject

Figure7.4: Diagramfor Ray intersectionof cut surface.(a) For a hollow object,we compute
intersectionswith theobjectrepresentationL(p), discardingthoseinsidethecut region (points
1 and3), andstoppingwhenever it is outsidethe cut region (points2 and4). (b) For a solid
object,we keeptrackof intersectionswith thecut region andtheobject. In this case,points2
and5 areselectedandrendered.

color.

Renderingof solid objects

For renderingsolid objects,we must computethe intersectionwith both the object and the

cut geometry. This is equivalentto �nding the intersectionwith the combinedrepresentation

L0(p) � A(p). As describedabove, directly evaluatingthis expressionmayleadto artifacts.A

similaralgorithmis used,exceptthatwhenanintersectionwith theobjectis discarded(because

it is within thevolumeof thecut), it maybepossiblethatit still intersectsthecut geometry, in

which casethis needsto becomputed.For this, we classifythe intersectionasINOUT if the

ray wentfrom theinterior of anobjectto theexterior, andasOUTIN otherwise.This classi�-

cationis obtaineddependingon theslopein thechangeof L(p) or A(p). Theray traversalis

modi�ed to computetwo intersections:pL, theintersectionwith L(p) = 0 andpA, theintersec-

tion with A(p) = 0. If only oneof theseis an OUTIN intersection,the algorithmreturnsthe

correspondingpoint. If both intersectionsareOUTIN, thealgorithmreturnstheclosestof the

two. If noneof themare,thealgorithmcontinuesin thesearchof intersection.This is depicted

in Figure7.4(b). Only intersections2 and5 arerendered.Intersectionswith the cut surface

haveadifferentnormal,which is obtaineddirectly from thegradientof A(p).
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Renderingof thick objects

A combinationof theabove is thecasewherewe have hollow objectswith a “thick skin”. In

this case,thereareregionswhereintersectionswith the cut areneeded(the thick part of the

outershellof theobject),andotherregionswheretheseareignored. Remarkably, this canbe

obtainedby modifyingthesurfacerepresentationandfollowing thealgorithmfor solidobjects.

Let usde�ne t > 1 asthethicknessof thehollow object.Then,thenew surfacerepresentation

is:

L̂(p) =

8
>><

>>:

t � L(p) L(p) > t
2

L(p) otherwise
(7.3)

Thedifferentrenderingof cutscanbeseenin Figure7.5.

(a) Hollow (b) Thick Hollow (c) Solid

Figure7.5: Hollow, Thick andSolidApple

7.4.5 SeamlessIntegration

The�nal stepin our renderingprocessis to blendthecompositerepresentationsin a seamless

manner. In orderto do this, we allow someoverlappingin theboundariesof S� SD, andthe

resultfrom bothrenderingstagesarealphablended.As acondition,thedeformation�eld D(p)

shouldalsobeblendedto zeroin thisoverlappingregion to createasmoothborder.

7.5 De�ning DisplacementFields

Displacement�elds canbede�ned procedurally, or they canbepre-de�nedas2D or 3D dis-

placementmaps.Displacementshereareobtainedby samplinganinverseproceduralde�nition
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of adeformation.For example,twistingandbendingcanbecomputedby samplingtheinverse

transformation,asde�ned in [6]. Displacementscanbecollectedandstoredastextures.Oneof

theadvantagesof thede�ning displacementsthisway is thatthesame“deformationmetaphor”

(i.e.,texture)canbeusedfor many differentobjects.Theaccompanying videoshowsanumber

of deformationsappliedto a numberof objects. It alsoenablesus to createcomplex defor-

mationsby combiningsimplerones. Minimization canbe usedto obtainvolumeconserving

deformations.By designingthesegenerictemplates,local self-intersectioncanbeguaranteed

aswell, in asimilarwayasde�ned by BotschandKobbelt[10]. Globalself-intersection,how-

ever, dependson theplacementof thedisplacement�elds within theobject. Here,we do not

addresstheseproblems,but ratherdescribea methodfor adaptingthe deformationto certain

geometry.

7.5.1 ComplexCut Geometry

Whencomputingcuts,the�eld A is usuallyspeci�edalongwith thedisplacement�eld D. This

is usefulfor creatingsimplegenericcut toolswhichcanbede�ned by aprocedure,or sampled

with very low resolutions.They canbe de�ned procedurally, as the ripple patternshown in

Figure7.6, wherea patternis addedto the cut, asin Figure7.6(a)or to the cut surfaceasin

(b). Oneof thestrengthsof this methodis thattheimplicit de�nition of cutsanddeformations

allows us to useothersurfacesasthe outline for the cut. They canbe obtainedin turn asa

layeredrepresentationof anothersurface.Theresultwouldbeadeformationor cut thatfollows

thecontourof a surfaceof arbitrarycomplexity. As anexample,Figure7.7 shows a Turbine

Blademodelusedasacuttingtool appliedto theBunny model.To modeladeformationwhile

cutting, for instance,we candisplacepointsalongthe gradientof the implicit representation

of thecut object.This is doneby �rst de�ning a displacementwhich mapspointsin theouter

layersof anobject,in aninterval [0;w1] to anotherinterval [w0;w1]. That is, thedisplacement

is obtainedby applying:

D(p) =
�

w0 +
LC(p)

w1
(w1 � w0)

�
ÑC(p) (7.4)
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whereLC(p) is thelayeredrepresentationof thecut geometry, andÑC(p) its gradient.Thecut

informationis de�ned asA(p) = � DC(p). Crackscanbe simulatedin the model,ascanbe

seenin Figure7.7,by allowing discontinuitiesin thegradient�eld. Othermaterialscanalsobe

simulatedby modifying thebehavior of thegradient�eld.

(a) Cutwith acomplex geometry (b) Deformedsurfacewith acomplex geometry

Figure7.6: Complex CutGeometries.(a-b)Ripplecutson thebunny model

(a) TransparentTurbineBlade (b) Zoomof thecut (c) Zoom of the view without Tur-
bineBlade

Figure 7.7: Turbine Model (10,778polygons)usedas a cutting tool on the Bunny model
(72,027polygons)

7.5.2 AdaptiveSampling

One of the challengeswith the renderingof implicit surfacesis accurately�nding the �rst

intersectionwith the surface. With linear search,regionsof high spatialfrequency might be
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skipped,resultingin artifactsnearedges.A numberof solutionshave beenproposed.Previ-

ousapproachesaimingtowardraytracingrequire“guaranteed”intersection-�ndingalgorithms,

basedonLipschitzconstants.Hadwigeretal. useadaptivesamplingbasedonauser-controlled

threshold[46]. In our paper, we areinterestedin thecaseswhereadaptive samplingis needed

in the caseof deformation.For this purpose,andwithout lossof generality, we assumethat

the original undeformedsurfacecanbe renderedrobustly usingoneof the above techniques.

With deformation,additionalconditionsmustbemetsothat thedeformedsurfaceis rendered

properly. For instance,a long narrow pull or a largetwisting, may increasetherequiredsam-

pling of the deformedsurface. Let us de�ne a ray in deformedspacep0 + tv, wherev is the

view directionandp0 is the ray entry point. This ray correspondsto a 3D curve R(s) in un-

deformedspace. We canconsiders = T � 1(t), for an inversetransformationT � 1, suchthat

R(s) = T � 1(p0 + tv). To avoid missingintersectionsin thecaseof a sharpor largedeforma-

tions,we ensurethatsamplesin thedeformedspacecorrespondto uniform samplesalongthe

curve in theundeformedspace.Takingthederivativeof swith respectto t yields:

ds
dt

= jJT � 1vj

whereJT � 1 is the Jacobianof the transformationT � 1
F . SinceT � 1

F is a displacement,JT � 1 =

I + JD, whereI is the identity matrix andJD is the Jacobianof the displacement�eld. Then,

assumingaconstantsamplingdistanceds, anadaptivesampling(whichwecall Jacobiansam-

pling) is obtainedas:

dti =
1

j(I + JD(t))vj
ds (7.5)

andpointsalongtheraydirectioncanbefoundaspi+ 1 = pi + dtiv. Fig.(7.8)showsanexample

of a narrow pull on the golf ball model,with differentsamplingmethods.Becauseadaptive

samplingcanbe costly, we allow the programmerto de�ne whetherto usea threshold-based

samplingasin [46], Jacobiansamplingor noadaptivesamplingatall.
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(a) (b)

(c) (d)
Figure 7.8: (a) Narrow Pull over golf ball model (245K triangles). (b) Linear searchwith
binary re�nement resultsin missedintersections(c) Adaptive samplingbasedon threshold
(thresh=0:04)cannotresolveall misses(d) Jacobiansampling�nds theintersectionsproperly.

7.6 Implementation Details

In our GPU-basedimplementation,we storelayeredrepresentationsas displacementmaps,

which canbe 1D, 2D or 3D maps. Similarly, we de�ne displacement�elds astextures. We

exploit theprogrammabilityof fragmentshadersfor ourhybrid renderingpipeline.First,com-

putingthesurfaceS� SD canbedoneef�ciently usingrender-to-texturecapabilities.Theentry

andexit depthvaluesof thegeometryB(S0
D) areobtainedfrom thedepthbuffer, andusedon

thetrianglemeshrendererto cull away fragmentsin thatinterval. Rayintersectionis obtained

by renderingB(S0
D), assigningray entrypointsastexturecoordinates.Eachfragmentis used

to traceraysalongtheboundinggeometryandperformingthenecessarycomputationsasde-

scribedin theprevioussections.For ray intersection,a linearsearchis �rst usedto narrow the

interval andfollowedby binarysearch.For cuts,thisprocedureneedsto berepeatedatpossible
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intersectionsalongtheinterior. Becauseof currentGPUiterationlimitation (in termsof speed),

A canbeencodedexplicitly, to skip theiterationsin theinteriorof thecut.

7.6.1 Interacti veExploration of Deformation

We canexplore the deformationinteractively using two mechanisms.Onemechanismis to

translateor scalethedisplacement�eld within agivendeformableregionB(S0
D). Thishasbeen

usedto interactively peelthefacein Figure7.9.For thesedeformations,it is notnecessaryto re-

computethedisplacement�eld, but instead,weapplyaglobaltransformationto it. Thisglobal

transformationactsasa mappingfrom the objectspaceto a translated,rotatedor scaleddis-

placementspace.GivenaspacetransformationM : R3 7! R3 from thedisplacementspaceto the

layeredrepresentationspace,Eq.(7.1)canbegeneralizedto L0(p) = L(p+ M(D(M� 1(p))) = 0.

An exampleis shown in Figure7.9. Anothermechanismis to interactively move thedeforma-

tion aroundthe object. This methodeffectively transformsthe boundinggeometryalongthe

deformation.Notethat for this case,SD changes,andwe mustobtaina new layeredrepresen-

tationof L(SD).

Figure 7.9: Interactive Explorationof a peel deformation. By translatingthe displacement
space(bluebox) in relationto thelayeredrepresentation(wireframebox),aneffect of peeling
is obtained.

7.6.2 Memory Ef�ciency

As describedabove, therearecertainrepresentationswhich aremorememoryef�cient than

others.Furthermore,somerepresentationsareeasierto obtain. For instance,depthmapscan

beobtainedin real-timeexploiting theability of contemporaryGPUsto renderdepthimages

into textures.In ourcase,only asmallpartof theobjectneedsto beconverted.It alsohasbeen

shown thatsigneddistance�elds of complex objectscanbeobtainedat interactive rates[103,
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110]. Dependingonthetypeof deformationandtheregionof anobjectwhereit is applied,one

maychoosedifferenttypesof representations.Hereweshow how differentrepresentationscan

bede�ned in relationto acompletesigneddistance�eld.

A depthor heightmap,is a2D mappingfunctionH : R2 7! R, whichcontainsdepthvalues

to theclosestpoint in thesurfacealonga givenvector�!n , normalto theplanewherethedepth

mapis de�ned. Thatplaneis assumedto passthrougha givenpoint in spacep0. Theimplicit

representationL canbede�ned asthedepthof theprojectionof thepoint into theplane:

L(p) = H(px) � d(p) (7.6)

whered(p) = j�!n � � !p0pj=j� !p0pj is theclosestdistanceof p to theplane,andpx is theprojectionof

thepoint into theplane,de�ned in 2D coordinateslocal to thatplane.It is usuallyrepresented

asa2� 3 projectionmatrix, i.e., px = Pp.

For a depthmapcube, thesurfacerepresentationcanbeobtainedasa combinationof each

of therepresentationsobtainedfrom eachdepthmap,accordingto equationEq.(7.6).Curless

andLevoy [26] showed a mechanismfor combiningdepthmapsinto a singlerepresentation.

For thepurposeof rendering,a simplerfunctionwould suf�ce. Given two representationsL1

andL2, anew representationL canbefoundas:

L(p) = r � min(jL1(p)j; jL2(p)j) (7.7)

wherethe sign r is 1 only for the caseswhereL1(p) andL2(p) arepositive, i.e., when the

point is in the insideof both representations,and� 1, otherwise.For a depthmapcube,the

3D representationis obtainedby combiningthe depthmapsfrom eachface. A moregeneral

representationis displacedsubdivision surfaces,wherea numberof depthmapsareusedto

describea complex object. Theability to composelayeredrepresentationsfor a singleobject

enablesusto overcomememorylimitationsimposedby thegraphicshardware.As anexample,

a 3D layeredrepresentationof an objectmay need8 MB of texture memorywhile a depth

mapcubeof thesameresolutionrequiresonly 384KB. However, thereis a visibility tradeoff,

and the depthmap cubecan only be usedfor geometrieswhich do not containsigni�cant

concavities. Usinga subdivision criteria,this ideacanbefurtherextendedto de�ne theentire
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objectimplicitly andallow complex globaldeformations.

7.6.3 Depth Estimation

Becausethedeformationregion B(S0
D) andtheremaininggeometryS� SD aredisjoint, depth

informationwithin thedeformationregiondoesnot needto becomputed.This occursbecause

ray traversalis stoppedwhenever an intersectionis found. This condition,however, cannot

bemetwhenrenderinganothernon-deformablesurfaceS2, asdepictedin Figures7.10(a)and

7.7. In this case,the othersurfacemay intersectthe volumede�ned by B(S0
D), andtherefore

depthinformationmustbeaccuratelyestimatedto providecorrectinter-surfaceocclusion.One

alternative is to includeS2 into thecomputationof theSLR of SD. In this case,theremaining

geometryis S� SD � S2
T

B(S0
D) andthe layeredrepresentationof the deformationregion is

L(SD + S2
T

B(S0
D)) . However, sinceS2 is not beingdeformed,this is usuallyunnecessaryor

may introduceadditionalsamplingrequirements.Instead,S2 canbe renderedindependently.

In suchcase,our renderingalgorithmmustbeadaptedto provide depthinformationof theray

intersections.Theprocessis asfollows: WhenrenderingB(S0
D), theentryandexit points,r0

andr1, in displacementspacearepassedastexturecoordinates.At thesametime,weobtainthe

z-buffer valuesfrom thosepointsdirectly from theZ-buffer asd0 andd1. Thepixel shaderthen

computesthetotal traversaldistanceof arayasdT = jd1 � d0j. As theraytraversestheSLR,the

traverseddistancein displacementspaceis accumulated,to yield: dr = å Dti for the traversal

iterationsbeforeintersection.Then,thedepthof theintersectionpoint canbecomputedas:

d =
1

(1� dr
dT

) 1
d0

+ dr
dT

1
d1

(7.8)

7.7 Results

Figure7.10 shows a numberof examplesof our approach.In Figure7.10(a)a deformation

cut is appliedto the faceof the torsomodel, revealing the maskinterior object,which was

placedinside. Note how the undersideof the cut canbe seen.Figures7.10(b)and(c) show

a twisting transformationappliedat differentscalesfor thehandmodel(18,905triangles)and

to the elephant(39,290triangles). In orderto testthe �e xibility of our approach,we applied
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Figure7.10:Examplecutsanddeformationsongeometricmodels.Fromleft to right: (a)Torso
(25,528triangles)with peeledskin andinterior Maskmodel(10,213triangles)(b) Handwith
twisted �nger (18,905triangles)(c) Elephantwith twisted legs (39,290triangles)(d) Bunny
(72,027triangles)cutby TurbineBlade(10,778triangles).

Figure7.11:Twist deformationtemplateappliedto variouspolygonalmodels

thesamedeformationtemplateto a numberof polygonalmodels,of varyingsize.Figure7.11

shows theresultof a twist deformationfor 6 objects.Similarly, Figure7.12shows theresultof

apeelerdeformationfor 6 differentobjects.

Oneof thepossibilitiesof our approachis the inclusionof multiple deformations.Defor-

mationswhich overlap(suchasa cut in anareathatis undergoinga twist) canalsobehandled
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Figure7.12:Peelercut templateappliedto variouspolygonalmodels

by the framework. In this case,a secondpassthroughthealgorithmis performed,so that the

layeredrepresentationis obtainedprogressively, onebeforedeformationandthenext afterone

of the deformationshave beenapplied. Becausethis canbe donedirectly while raycasting,

thereis no needfor re-samplingof the space.Our approachcanbe alsoextendedto models

representedaspoints. In thesecases,thedeformationis handledfor thelayeredrendererwith

our mechanismandtherestof theobjectwith anappropriaterenderingmethod.With our ap-

proach,it wouldbepossibleto createa library of deformations,in a similar wayof librariesof

modelsandtextures.

7.8 Chapter Summary

This chapterpresenteda novel way of performingdeformationson surface-basedobjects.We

extendedour volumetric methodto accomodatesampledlayeredrepresentations,which are
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implicit representationsof objectsthat canbe de�ned in a 3D grid similar to volumes. Be-

causewe aredeforminga volumetricrepresentation,no remeshingis needed.Remeshingis

oftencoupledwith deformationto avoid collapsingof verticesandintersectionof edgeswhen

performinglargedisplacementsor rotations,suchasa twist, or to changethe topologyof the

meshin the caseof cuts. In our approach,we usea layeredrepresentationof the region of

anobjectundergoingdeformationto obtainhigh quality deformationswithout remeshing.We

de�ned a spectrumof layeredrepresentations,all of which aresupportedby our methodology.

We showedhow our approachcanbeef�ciently implementedin theGPU,allowing complex

deformationsto be realizedat interactive rates. We alsodescribeda hybrid renderingalgo-

rithn whichseamlesslyintegratesthedifferentrepresentations.Thismakesit possibleto create

complex renderingmerging surface-basedandvolumetricobjects.Someof theapplicationsis

medicalillustration. Becausein medicalillustrationa depictionof internalorgansandtissues

is important,a volumetricobjectis desired.However, sincetheskin canbesimulatedwith a

surface,it may be bene�cial to apply our methodto the tissuesof interest,which providesa

smootherrenderingof thedeformedsurface.
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Chapter 8
Evaluation of Surface-basedDeformation

8.1 Intr oduction

In this chapter, we evaluateour approachof surface-baseddeformation. Similar to volume

deformation,weperformedaseriesof quantitativeexperimentsto validatetherenderingquality

of our approach,in regardsto thesmoothnessof deformationwithout theneedfor remeshing.

We alsoperformeda seriesof experimentsto measurethe renderingperformanceanddetect

bottlenecksin our approach.We also proposemechanismsfor improving the performance,

suchasemptyspaceskipping.

8.2 RenderingQuality

Similar to ourvolumedeformationalgorithm,qualityof therenderingdependson thesmooth-

nessandcontinuityof theresultingsurface.Ratherthanreplicatingtheexperimentsfor volume

deformation,whichalsoapplyfor surface-baseddeformation,wefocusononeof theproblems

of traditionalsurface-baseddeformation,which is the needfor remeshingin order to obtain

smoothresults.We show thatusingour approach,smoothdeformationis obtainedfor low and

high resolutionmodelswithout remeshing.

For thedeformationof surfaces,traditionalmethodsuseexplicit meshes,whichmayresult

in collapseof verticesandself-intersection,violating thesmoothnessprincipleof deformation.

Figure8.1showsacomparisonof ourdeformationapproachwith traditionalmeshdeformation

usingexplicit twisting [6] on a modelat different resolution. Sincelayeredrepresentations

do not have explicit topology, artifactsdueto the resolutionof the meshdo not appear. We

deformeda handmodelof 18,905trianglesusinga twisting motion. Note how this results

in collapseof verticesandself-intersectionof thesurface,andis particularlyproblematicfor a
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low resolutionmodel(2,874triangles).Obtainingsmoothresultswith atraditionaldeformation

requiresa re-meshingof the object into 52,463triangles. In contrast,our approachprovides

smoothdeformationresultsfor boththelow andhigh resolutions.

8.3 RenderingPerformance

Weperformedaseriesof quantitativeexperimentsonaPentiumXEON 2.8GhzPCwith 4096

MB RAM, equippedwith aQuadroFX 4400with 512MBof videomemory. Wecomparedour

renderingtime for a continuousdeformationanda discontinuousdeformation.Sincediscon-

tinuousdeformationsneedto �nd moreintersections,it is generallyslower, sinceit requiresthe

useof branchingoperations,whichareknown to beslow.

Our �rst experimentwasdesignedto determinetheimpactof usingdifferentobjectsfor de-

formation.Becausedeformationis appliedonly onaregionof theobject,performancedepends

bothonthenumberof trianglesaswell asonthesizeof thesamplelayeredrepresentationused

for thepartundergoingdeformation.However, sincemostcomplex operationsareimplemented

in thedeformedregion, theperformanceis mostlydeterminedby therenderingof theSLR.To

test this, we rendereda deformationon objectsof varying sizeandmeasuredthe rendering

time. Becausetherenderingof theSLRdependson thenumberof pixelsgeneratedratherthan

thenumberof vertices,we measuredtheeffective sizeof thedeformation,asa percentageof

thescreenarea(512� 512). This is depictedin Figure8.2. To summarizetherenderingtime

for the two methodsin a comparableway, we computeda weightedaverageon thoseresults.

Theweightedaverageis computedas
å aktk
å ak

(8.1)

whereak 2 [0;1] is therelative renderareaof thedeformedspaceandtk is therenderingtime

for ameasurek. Table8.1shows theresultsof thisaveraging,whererenderingtime is givenin

milliseconds.

A one-way ANOVA showed no signi�cant differencebetweenthe differentobjects(F =

1:672; p > 0:05) at a con�dencelevel of 95%. This con�rms that increasingthe numberof

verticesdoesnotaffect signi�catively ourapproach.

For this reason,we areableto performperformancetestswith little regardson theactual
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2,874triangles(Explicit) 2,874triangles(Ourapproach)

18,905triangles(Explicit) 18,905(Ourapproach)

52,463triangles(Explicit) 52,463triangles(Ourapproach)
Figure8.1: Comparisonof explicit meshdeformationvs. our implicit approach.A handmodel
(original: 18,905triangles)is twistedalonga �nger. Our deformationapproach(right) pro-
videssmoothtwistingacrossmultiple resolutionsof theobject.Explicit deformationresultsin
collapseof nodesandcrossingof edgesfor theoriginalmodel(middlerow) andfor lowerreso-
lutions(toprow) (2,874triangles).To obtainequivalentresults,themeshmustbere-tessellated
(52,463triangles)asseenin thebottomrow.
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Figure8.2: Renderingtime for continuousdeformationandsolid discontinuousdeformation,
in relationto therelative sizeof thedeformationboundingbox, asa percentageof thescreen
area(512� 512)

Model Triangles Continuous Cuts
hand 18,905 89.79 225.46
bunny 72,027 87.32 249.92
armadillo 172,974 83.89 260.18
dragon 871,414 119.24 323.20
buddha 1,087,716 106.9 387.89

Table8.1: Weightedaverageof renderingtime for continuousanddiscontinuousdeformation
in milliseconds

meshcomplexity of thesurface,but ratheron thecomplexity in termsof thepropertiesof the

sampledlayeredrepresentation,andtherenderingprocessitself.

8.3.1 Size

Here, we are interestedin sizein termsof numberof voxels requiredto representan SLR,

or to representa displacement.Both affect the amountof texture memoryavailable in the

GPU.Figure8.3shows therenderingtime for anSLRof varyingsize,usingaviewportof size

512� 512 andan effective renderareaof approximately0:9. Similarly, we alsoplotted the
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Figure8.3: Effectof sizein renderingperformance

effectof varyingthesizeof thedisplacementwhile maintainingthesizeof thedatasetconstant

at 643 voxels. Sinceboth thedatasetandthedisplacementarestoredas3D textures,andthe

pixel shaderdoesnot make any differencebetweenthe rolesof the textures,theperformance

is essentiallythesame.Note,however, that renderingtime seemsto grow for thecaseof the

displacementcomparedto thesizeof thedataset.

RepresentationSize

Anotherfactorrelatedto sizeis thetypeof representation.As describedin thepreviouschapter,

somesampledlayeredrepresentationsaremorememoryef�cient thanothers. For instance,

depthmapsonly require2D textureswhile distance�elds requirea 3D texture. Althoughthe

renderingalgorithmis essentiallythesame,thedistanceto thesurfaceis determineddifferently

dependingon therepresentation,asdescribedin Section7.6.2.Figure8.4shows therendering

time vs. the type of SLR. On the left, we seea comparisonof representingthe surfaceasa

depthmapvs. a3D distance�eld. Notehow theperformanceis essentiallythesame,giventhat

bothrequirethesamenumberof texturesamples(theonly differenceis thetypeof texture).On

theright, we comparetherenderingtime for a depthmapcubevs. a 3D distance�eld. In this

case,we seehow a depthmapcubeis muchslower, asa resultof requiringat most6 texture

lookups. This cost,however, is balancedby the bene�t in texture requirement.For an SLR

whosedistance�eld is storedin a textureof sizen3 , adepthmapcuberequiresonly 6n2 bytes.
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Figure8.4: Effectof typeof sampledrepresentationin renderingtime
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Figure8.5: Performanceoverheadof depthestimation

8.3.2 Depth Estimation

In the previous chapter, we describedhow depthestimationis requiredwhenever a surfaceS

differentfrom theonebeingdeformedintersectsthedeformedregionB(S0
D). Depthestimation

requiresextra normalizationfactorsand accumulationof traverseddistances,which addsa

computationalcost to the renderingprocess. Figure 8.5 shows the performancepenaltyof

addingdepthestimationto therenderingalgorithm,againsttherenderarea,for a deformation

of size643.
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8.3.3 Empty SpaceSkipping

Oneof theimportantaspectsof ourapproachis theaccurate�nding of intersectionsfor smooth

surfacerendering.For adiscontinuousdeformation,weshowedthatsmoothrenderingrequires

the computationof more than one intersection. The renderingalgorithm must computein-

tersectionswith the deformedsurfaceandmay discardthemif they are in the region of cut.

Dependingon the complexity of the cut surfaces,the numberof “f alse” intersectionsmay

increase,andthealgorithmmustthenperformseveraliterationsof theintersection�nding pro-

cess.Unfortunately, pixel shadersin currentGPUsoften limit the way loopsarecoded. For

instance,theonesavailableto themomentof our experimentationdo not allow variablesized

loops. Althoughdynamicbranchingis enabled,i.e., theprogramcontrolcanbeforcedout of

a loop by a breakstatement,thereis a considerablepenaltyin performancedueto branching.

This canbeappreciatedin Figure8.2,which showeda signi�cant dropof performancewhen

simulatingdiscontinuousascomparedto continuousdeformation.

In anotherexperiment,we measuredthe renderingtime for a discontinuousdeformation

while varying the numberof iterationsof the intersection�nding algorithm. The resultsare

shown in Figure8.6. We plottedtherenderingtime for two differentcases,whentheeffective

renderareais 0:35and0:7. Notehow therendertimeincreasesalmostlinearlywith thenumber

of iterations.What is worseis that in mostof thetestcases,theextra numberof iterationsare

not neededas the correctintersectionis the �rst intersectionto be hit by a ray. In order to

improve the renderingtime, we useEmptySpaceSkipping, which usesinformationfrom the

de�nition of the displacementto skip throughthe regionswherethereis no possibility of an

intersection.As describedin thepreviouschapter, a regionwithin acut,wherethereis nothing

but emptyspace,is de�ned by A(x) > 0. Therefore,thereis only needto traversethe space

de�nedby A(x) � 0 in orderto �nd thetrueintersections.Thiscanbeachievedby representing

thecutsurfaceA asadistance�eld, andusingthedistanceto theclosestpoint in thecutsurface

to determinethe samplingdistanceof the next object. Whenever the surfaceis reached,a

constantsamplingdistanceis used.

Anothermechanismis to representA explicitly. In suchcase,A is de�ned by a surface.

Insteadof usingB(S0
D) asa proxy geometryto renderthedeformedregion,we usetheexplicit
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Figure8.7: EmptySpaceSkipping.Left: With noemptyspaceskipping,anumberof unneces-
sarysamplesneedto betakenandfalseintersectionsmustbediscarded.Right: EmptySpace
Skippingavoidsthetestfor falseintersections

representationA+ B(S0
D). Eachgeneratedray is usedto �nd the�r st intersectionwith thelay-

eredrepresentationL(x), without an the needfor testingfor falseor true intersections.The

explicit representationof A canbe found aspart of the processof the displacementcreation,

or by extractingthe isosurfaceA(x) = 0 in the sampledrepresentationof A. This processis

depictedin Figure8.7Figure8.8shows theresultof usingemptyspaceskipping,comparedto

thecasedescribedearlierin ourresults,wherenooptimizationis performed.Notehow theper-

formanceimprovementis dramatic,andthat,sinceno extra testsareneedfor the intersection

process,theperformanceis essentiallythesameastheonefor continuousdeformation(com-

parewith Figure8.2) A t-testshoweda signi�cant differencebetweenenablinganddisabling
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Figure8.8: Speedup of emptyspaceskippingfor intersection�nding algorithmvs. relative
sizeof deformationboundingbox (512� 512)

Model Triangles Cuts(noESK) Cuts(with ESK)
hand 18,905 225.46 75.77
bunny 72,027 249.92 114.95
armadillo 172,974 260.18 126.00
dragon 871,414 323.20 126.5
buddha 1,087,716 387.89 120.8

Table8.2: Weightedaverageof renderingtime for continuousanddiscontinuousdeformation
in milliseconds

EmptySpaceSkipping(t = 5:09, p< 0:0001).Theseresultsaresummarizedin table8.2,using

theweightedaveragein Eq.(8.1).

8.4 Discussion

Oneof the resultsof our experimentsis the validationof our approachasa mechanismfor

smoothdeformationwithout theneedfor remeshing.Further, we alsoconcludedthat thereis

nosigni�cant impactof thenumberof verticesin theoriginalmeshmodelandtherenderingof

adeformation.This is importantfor providing aconstantrenderingtimefor datasetsof varying
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size.However, thisalsoimpliesthatreducingthenumberof verticesdoesnothaveasigni�cant

impacton performance.We alsodetecteda bottleneckin the renderingof cutsandotherdis-

continuousdeformationsasaresultof theneedfor estimatingaccuratelymultiple intersections

alonga givenray. Dependingon thecomplexity of thecut geometry, thenumberof iterations

of theintersectionprocessvaries.However, becauseof thelack of dynamicbranchingon con-

temporaryGPUs,this is computationallyexpensive. As analternative, themaximumnumber

of iterationsmustbehardcodedinto thedeformationprogram.For cutswith concavegeometry,

for instance,thereareat mosttwo intersections,correspondingto the intersectionwith either

thefront or thebackfaceof a surface.In orderto improve performance,we devisedanempty

spaceskippingmechanism,whichusesthedistanceto thesurfaceof thecut to skip theregions

whereno intersectionis valid. Further, performanceis maximizedwhenthecut is represented

explicitly, and the deformationalgorithmis simpli�ed considerably, to the point whereren-

deringperformanceis comparableto thatof continuousdeformation.Finally, our deformation

algorithmprovesto bea feasiblemechanismfor renderingcomplex cutsanddeformationsat

interactive rates.
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Chapter 9
Applications

9.1 Intr oduction

This chapterdescribestheapplicationsof our approachin medicalandbiological illustration,

asa renderingstagein surgical planningandsimulation,andasa generaltool for clipping and

focus+context renderingin visualization.

9.2 Scienti�c Illustration

Illustrative deformationhasbeeninspiredby scienti�c illustration, in particularmedicaland

surgical illustration. In turn, our framework canbeusedto generateon the �y illustrationsof

realscienti�c datasets.Thehigh-qualityrenderingenabletheillustratorto usetheresultasthe

�nal product,or asan intermediatestage,wherethe illustrator usesthe deformeddatasetas

inspirationfor a �nished illustration.

Scienti�c illustrationhasbeenusedfor centuriesfor communicatingideas,abstractingcom-

plex structuresandnaturalprocesses.Recently, hand-drawn illustrationshave beenthe inspi-

rationof many modernscienti�c visualization.For instance,thestudyof waterby Leonardo

hasinspiredmany �o w visualizationsoftware[55]. Hand-drawn illustrationof internalorgans

hasinspiredmoderncutaway andexplodedviews [30, 13]. In our work, the illustration of

deformationandcutshasinspiredour framework.

Oneof themostimportantmilestonesis AndreasVesalius'DeHumanisCorporisFabrica,

publishedin 1543,a compendiumof humananatomy, of which standsout thedetaileddraw-

ingsof humandissections.Thedrawing “Vigesimaqvintaqvinti libri �gvra” showstheinternal

organsof femaleanatomythroughadetaileddissectionof theabdomen.It wascommonof him

andothercontemporaryillustratorsto representthe retractedskin asit would result from an



140

actualdissection.Theaspectof illustrationwe wantto emphasizeis thedepictionof deforma-

tion, eitherto representtherangeof movementof limbs andorgans,or to representa surgical

procedure.

Contemporaryillustrationsare createdthrougha variety of techniques,from traditional

hand-drawingsandairbrushedpaintings,to computerassistedimagery. For thelatter, however,

theillustratoroftenusesasurfacebasedmodelof anidealizedanatomy. Within ourframework,

realpatientdatacanbeusedto generateinteractive illustrations.Throughoutthis chapter, we

show a numberof contemporarysurgical illustrationsthat inspiredsomeof our work andthat

weusedto validateourapproach.

9.2.1 CaseStudy Illustrations

In orderto validatetheapplicabilityof ourapproach,wehaveselectedanumberof contempo-

rary illustrationsfrom anonlinerepository(courtesyof NucleusInc. c
 ), andre-createsimilar

illustrationson realmedicaldatasets.We attemptedto re-createthelighting andmaterialchar-

acteristicsdepictedin thereferenceillustration.

Figure9.1shows anapplicationof a continuousdeformation.In this case,we simulatean

illustration of a whiplashaction. We applieda bendingdeformationon the CTHeaddataset.

Thebendingdeformationis obtainedfrom the inversesamplingof a forwardbending,asde-

�ned by Barr in [6]. In orderto gain visibility of theskull, we usedgradientmodulation.The

braintissueis not represented,astheCT datasetdoesnot containsuf�ciently distinctsamples

to reconstructproperlythesurfaceof thebrain(MRI scansaremoreappropriatefor suchgoal).

Oneimportantaspectto noticefrom our illustrative deformationis that lighting is computed

properlyastheheaddeforms,whereasthereferenceillustrationseemsto havebeencreatedby

re-targetinga baseillustration in threedifferentposes,andlighting doesnot changeaccord-

ingly.

Figure9.2shows anillustrationof onestageof a craniotomy. Oneof therequirementsfor

this illustrationis thepreservationof bonetissue.We appliedthis to theCTHeaddataset,after

anapproximatesegmentationof theskull. Notethatfor illustrationspurposes,a completeand

accuratesegmentationis not required,as the systemallows the userto explore interactively

theregion nearcutsin orderto adapttheresultingimageto thedesiredstate.This makesour
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(a) Reference Illustration (Courtesy
NucleusInc. c
 )

(b) IllustrativeDeformation

Figure9.1: Illustrationof whiplashinjury

approachveryattractivenotonly for illustration,but alsoasavisualizationtool. To validateour

surfacedeformationapproach,wealsoappliedthedeformationto theisosurfacescorresponding

to theskinandtheskull. Thesurfaceswereobtainedusingthemarchingcubesmethod[74], and

decimatedto about50%thenumberof triangles. In addition,the resultingmeshwas�ltered

for noisereduction. Deformationis appliedto a layeredrepresentationof the isosurfaces,as

describedin Chapter7.

ReferenceIllustration VolumeDeformation IsosurfaceDeformation
(CourtesyNucleusInc. c
 )

Figure9.2: Illustrationof acraniotomy

Another importantaspectof our approachis the �e xibility offeredby using genericde-

formationtemplates.For instance,we caneasilytransferthe deformationto anotherdataset.
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Figure9.3shows thesamedeformationasappliedto theheadof theVisibleHumandataset.

Figure9.3: Transferof deformationillustrationto theVisiblehumandataset

Another exampleof a surgical procedureis shown in Figure 9.4, wherea carpaltunnel

procedureis simulatedon a CT handdataset.First, anapproximatesegmentationof theveins

andbonesis obtained.Note that veinsaredif�cult to segmentfrom the CT dataset.For this

reason,the two deformationson the right only show the bonetissue.Similar to the previous

example,we appliedsurfacedeformationon the isosurfacescorrespondingto skin andbone

tissue.

Referenceillustration Volume Volume Isosurface
(CourtesyNucleusInc. c
 ) (veins) (bones) (bones)

Figure9.4: Illustrationof carpaltunnelsurgery

Figure9.5showsanillustrationof anabdominalsurgicalprocedure.For thiscase,weusea

portionof theVisible Humandataset.Similarly to thepreviousillustrations,we useda feature

maskto preserve the internal organsso that they do not undergo deformation. Volumetric

deformationallowsthevisualizationof theintermediatetissuesbetweenskinandorgans,which

givesdepthandthicknessto the deformedlayer. This effect cannotbe usuallyobtainedwith

meshdeformationof thesegmentedisosurfaces.
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Referenceillustration Volumedeformation
(CourtesyNucleusInc. c
 )

Figure9.5: Illustrationof abdominalprocedure

(a)ReferenceIllustration (b) VisibleHumandataset
Figure9.6: AnatomicalIllustrationwith dissected�aps Dissected�aps

Anothertypeof illustrationsareof anatomicalstructures,where“unrealistic” �aps areused

to separatemusclelayersandallow thevisibility of internaltissuesandbone.Thesetypesof

illustrationswhereprevalentduringtheearlydaysof medicalillustration,whereit wascommon

to representthe entire humanbeing [95, 49], also similar to contemporaryexhibits suchas

Bodies[1] andBodyworlds[119].

9.2.2 Mor phology Illustrations

Anotherusefor deformationis theanalyticalexplorationof morphologyandthestudyof evo-

lution, aspioneeredby D'Arcy Thompsonin his book “On Growth andForm” [114]. In his

work,heusesthedeformationof a2D Cartesiangrid to explainandillustratethemorphological

differencesbetweendifferentanimalspecies.In Figure9.7, anexampleof his illustrationsis

depicted,wherea rectangulargrid is usedto inscribean illustrationof thePolyprion species.
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(a)ReferenceIllustration (b) 2D DisplacementsusingRBF
(From“On Growth andForm” [114])

Figure9.7: Applicationof ourapproachto MorphologyIllustrations

Figure9.8: IllustrativeDeformationof CarpDataset

Anotherspecies,Antogoniacarposcanbeinscribedin a non-lineargrid, obtainedby deform-

ing therectangulargrid. Thismethodof deformationis essentiallyaninterpolationmechanism

given thedisplacementsof controlpoints,carefullyplacedin matchingfeaturepoints. In our

case,this canbe accomplishedwith our displacementgenerationmethodusingRadialBasis

Functions,asdescribedin Chapter4. We useda projectionimageof the carpdataset,using

maximumintensityprojection,and inscribedit into a 2D grid. After deformingthe image,

we generateda 3D displacementthatsmoothlyinterpolatesthis 2D displacementalongtheZ

direction. The resultsasappliedto the 3D datasetareseenin Figure9.8. Our approachcan

beextendedto evolutionarymorphingsimulationdirectlyonvolumetricobjects,extendingthe

surfacemorphingapproachin [127].

9.3 Surgery Planning and Simulation

Althoughthis thesisis aimedtowardsillustrativedeformation,our renderingalgorithmcanac-

commodatephysically-baseddeformations.As describedin Chapter8, displacementscanbe

obtainedfrom layeredrepresentationsof surfaceobjects. This is usefulfor representingcut-

ting anddeformingtools requiredfor surgical simulations,suchaspliers,knifesandneedles.
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Figure9.9: Surgery simulationprocessfor incorporationof our illustrative deformationap-
proach

In addition,physical accuratedisplacementscanbe used. Insteadof usinggenericdeforma-

tion templates,displacementmapscanbe obtainedfrom a physical simulation,eitherfrom a

mass-springor �nite elementsimulation.However, our approachassumesthatdisplacements

arestoredin a regular grid. In contrast,FEM or mass-springmethodshave a explicit mesh

usuallycomposedof eithertrianglesor tetrahedra.In this case,displacementsareobtainedat

eachnodein the mesh. Recentalternatives,suchasmeshlessdeformation,de�ne displace-

mentsat scatteredpoints. In orderto have a suitabledisplacement“format” for our approach,

nodaldisplacementsmustbetransformedinto regularly sampleddisplacements.This requires

a regularizationandsamplingprocess,which maybecomputationallycostly. This processis

depictedin Figure9.9(a). Anotheralternative is to useregularly sampleddisplacementsfor

the physical simulationitself. This is the approachusedfor physically-baseddeformationof

volumes.Oneof thedif�culties with thisapproachis theaccuratesimulationof boundarycon-

ditions,assampledrepresentationdoesnothaveexplicit geometry. A possiblesolutionfor this

problemis usethe sampledlayeredrepresentationasa mechanismfor specifyingboundary

conditions.This processis depictedin Figure9.9(b). Figure9.10shows anexampleof using

generictemplatedisplacementsfor surgery simulation. In this case,we simulatean incision

into anMRI neckdataset,anda subsequentpull operationon onethecarotidarteries.Figure

9.11showsanexampleof ourapproachappliedto thesimulationof a frog dissection.Weused

a segmentedfrog datasetandcombinedtwo deformations:a retractordeformationasdepicted

in Figures9.11(a) through(d), anda poke operator, simulatingthedeformationdueto contact
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Figure9.10:Necksurgerysimulation

(a) (b) (c) (d)
Figure9.11: (a-c)Retractoroperatorusedto simulatedissectionof a segmentedfrog dataset.
(d) A plier operatoris appliedto theinternalorgans,while simultaneouslyretractingtheskin.
Geometricmodelsareembeddedin thesceneto show theplacementof theoperators.

with a surgical tool, asshown in Figure9.11(d). Notealsothatsurfacemeshescanbeadded

wheredeformationoccursto representthevirtual tools. Many currentsurgical simulationsare

designedto work with a triangularor tetrahedralrepresentationof anobject,usuallyobtained

via segmentationfrom a volumetricmodel. In our approach,we areable to deformsurface

objectrepresentations,by transformingtheminto sampledlayeredrepresentations.Figure9.12

shows our approachappliedto a layeredrepresentationof theliver. We cansimulateincisions

without theneedfor re-meshing,asdescribedin thepreviousChapter.

9.4 VolumeClipping and Focus+ContextVisualization

Anotherof theapplicationsof our approachis asa visualizationtool in general.Deformations

have beenusedbeforeas focus+context techniques,wherea featureof interestis distorted

Figure9.12:Liversurgerysimulation
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(a)PlaneCut (b) SphericalCut
Figure9.13:Clippingusingdiscontinuousdisplacementmapping

so that it becomeshighlighted,while still maintaininga view of the surroundingregionsfor

context. Examplesof thesearemagicvolumelenses[123] andmagni�cationlenses[65].

In our approach,focus+context visualizationscanbe obtainedwith both continuousand

discontinuousdeformations.In the caseof a continuousdeformations,a dilate deformation

actsasa 3D distortionlens,which enhancestherenderingof internalobjects,while reducing

therenderingregionsof surroundingobjects.In thecaseof discontinuousdeformation,cutsand

peelscanbe thoughtof asfocus+context clipping mechanism.In thesimplestcase,whenno

deformationis speci�ed,our approachworksasa clipping mechanismwith arbitraryclipping

geometry. Examplesareshown in Figure9.13. When the clippedportion of the volume is

retainedalongwith theoriginal volume,anda featureis preserved,it enablesa focus+context

visualization.Examplesareshown in Figure9.14.The�rst illustrationshowsacutawayof the

CT Headskin andskull to provide visibility of thebrain. In thesecond,a peeldeformationis

usedto visualizeboththebrain(region in focus)andtheundersideof theskull (asthecontext).

9.5 Chapter Summary

In thischapter, wehaveshown aseriesof examplesto illustratetherangeof applicationsof our

approach.Inspiredby biomedicalillustration,our approachcanbeusedfor depictingsurgical

procedures,anatomicalstructuresor naturalphenomenawith “real” volumetricdatasets,much

in theway illustrationsareused.However, we cannow rotatearoundour illustration. Further,

oursurface-baseddeformationapproachenablestheillustrationof moreabstractmodels,which



148

(a)Cutaway (b) Peel
Figure9.14:CutawayandFocus+Context Visualizationof thebrainin theCT Headdataset

maybemodeledby anartistor extractedfrom MRI or CT data,which,althoughdonot include

informationaboutthe internalstructureof anobject,it providessmootherimages.Oneof the

advantagesof our approachis theability to explorethedeformationspaceinteractively, which

is anaid for anillustrator in thetaskof depictingor visualizingcomplex procedures.Another

applicationis in surgicalplanningandsimulation.In thiscase,interactivity is crucial.Wehave

shown two methodsin which illustrativedeformationcanbeincorporatedinto surgicalsimula-

tion systems.First,asarenderingprocess,wherenodaldisplacements,usuallyobtainedfrom a

FiniteElementsimulation,areinterpolatedinto grid displacements.Second,asamodelingpro-

cess,wherethegrid structureis incorporatedinto thesimulationof forcesin orderto bypassthe

costlyinterpolationstage.Finally, wehaveshown how ourapproachcanbeusedasapowerful

visualizationtechnique,thatgoesbeyondclippingandtransferfunctions,by enablingdeforma-

tion of occludingpartsto achieve visibility of hiddenobjectsin a naturalway. Moviesdemon-

stratingourapproachareavailableathttp://www.caip.rutgers.edu/˜cdcorrea/feature/index.html

andhttp://www.caip.rutgers.edu/˜cdcorrea/displacement/index.html.
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Chapter 10
Conclusions

In this thesis,we have presenteda uni�ed framework for specifyingandrenderingcomplex

continuousand discontinuousdeformationsof volumetric objects. We call this Illustrative

Deformation. We have generalizedthe notion of 3D displacementmaps,which have been

previously usedin computergraphicsto addsurfacedetail to meshobjects.Not only did we

apply this notionto volumegraphics,but we alsoextendedit to allow largedeformationsand

discontinuitiessuchascutsandbreaks.

Chapter4 describedthis notion,underwhatwe have dubbed“discontinuousdisplacement

mapping”. We proposeda novel methodfor encodingdiscontinuityinformationon displace-

mentmapswhichguaranteesC1 continuityin thedisplacement.Thiscontinuityis essentialfor

therenderingof sharpcutsandbreaksfreeof aliasingartifacts,andalso,sincethedisplacement

canbedifferentiatedat every point, it allows correctlighting of thevolumetricobject.Oneof

the limitationsof this generalnotionof displacementis thedif�culty for specifyingsemantic

constraints,which arenecessaryfor surgical simulationandmedicalillustrations. Onesuch

constraintis thepreservationof featuresof interest,which shouldnot undergo a deformation.

For example,simulatingthe illustration of a surgical procedurerequiresthe deformationof

skinandmuscletissues,but thepreservationof bonestructure.Chapter5 describedanef�cient

methodfor specifyingfeaturesensitive operations.This methodintroducesfeaturemasksinto

thedisplacement,whichareusedto modify thetransformationsothatelementswithin themask

arepreserved. We alsopresenteda novel methodfor adjustingtheshadingin theregionsnear

cuts,whichenablestheaccuraterenderingof deformedsurfacesin thevicinity of thecut.

In Chapter6, wevalidatedourapproachthroughaseriesof quantitative tests,whicharere-

latedto thepropertiesof renderingquality, suchassmoothness,continuityandpreservationof

detail.Someimportantoutcomesof thisevaluationis thevalidationof ourapproachastheone
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with thebestimagequality comparedto previousattemptsfor volumedeformation.Not only

doesit provide thebestquality, it wasalsoshown thatit is themostef�cient in termsof perfor-

mance,dueto theability of pre-computingquantitiesin 3D textures.This speedup, however,

comeswith a price in extra texturememoryrequirements.However, we have alsoshown that

ouralternative for reducingtexturememoryis asef�cient asotherpreviousalternatives,with a

muchhigherrenderingquality. Anotheradvantageof ourapproachis theability to modelcom-

plex deformationswith guaranteedcost.As shown in ourevaluationchapter, performancecost

dependson theresolutionandprecisionof thedisplacement,andnot to thecomplexity of the

deformation.That is, two deformationssampledat thesamefrequency yield almostidentical

results.However, it is importantto notethattheoptimalsamplingfrequency for adisplacement

mapmightdiffer andrequiredifferentresolutions.

We alsoshowed that our approachcanbe extendedto the deformationof surface-based

objects.Traditionalapproachesto meshdeformationtransformstheverticesof themesh.For

largedeformationsor cuts,thisusuallyimpliesa remeshingstage,whichmaybecomputation-

ally costly andcan limit the complexity of the deformation. In this thesis,we wereable to

simulatecomplex deformationson surfacemodelswithout remeshing.This waspossiblewith

thesamplingof thesurfaceinto a layeredrepresentation,animplicit representationof thesur-

facewhich samplestheclosestdistanceto thesurfaceat regularly spacedpoints. The layered

representationcanbe 2D, as it is the caseof depthor heightmaps,or 3D, suchasdistance

�elds. We validatedour approachwith different layeredrepresentationmethodsin order to

explorethetradeoff betweentexturememoryrequirement,speedandimagequality.

Ourapproachhasapplicabilityin anumberof �elds. In medicalandbiologicalillustration,

ourapproachallowstheillustrationof anatomicalstructuresandsurgicalproceduresonreal3D

datasets,obtainedvia computedtomography or magneticresonanceimaging.Weshowedthat,

dueto thegeneralityof displacementmaps,deformationscanbeeasilytransferredto different

datasets.We also showed that surface-baseddeformationcan be appliedby �rst obtaining

an isosurfacedescriptionof the featuresof interest. Onefuture directionfor our work is the

combinationof surfaceandvolumerenderingto obtainbetterillustrations.Surfacedeformation

renderingwould be critical for the simulationof smoothsurfacessuchas the skin, whereas

volumerenderingis necessaryfor thedepictionof internallayersandfeatures.
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Anotherapplicationof our work is surgical simulationandplanning.Our approachcanbe

introducedin simulationenginesasarenderingprocess.However, mostsimulationapproaches,

suchasmass-springand�nite elements,requirenodaldisplacementsobtainedfrom anexplicit

mesh,insteadof sampleddisplacementsin a grid. Onemechanismis to introduceaninterme-

diateinterpolationstagewhichconvertsnodaldisplacementsinto grid-sampleddisplacements,

but this canbe computationallyexpensive. Alternatively, it shouldbe possibleto modify the

physical simulationengineto solve theequationsof motiondirectly on thegrid. Finally, our

approachworksasa generaltool for visualizationandgraphics,wheredeformationis usedas

a focus+context mechanism,anddiscontinuousdeformationcanbeusedasaclipping tool.

10.1 Dir ectionsfor futur ework

In this thesis,we have describeda uni�ed framework for deformationof volumetricobjects.

We have shown thatsurface-basedmodelscanalsobeaccommodatedwithin our approach,by

describingthemasalayeredrepresentation.Surface-basedmodelshaveanadvantageovervol-

umetricobjectsin that they aregenerallysmootherandrequirelessinformationto bestored.

Volumes,on the otherhand,containmaterialinformationor both the exterior andinterior of

objects.A morecomprehensivemethodfor illustrativedeformationwouldtreatcertainsurfaces

of interest,suchastheskin,assurfaces,whereasotherpartscanbetreatedasvolumes.Further,

our deformationframework canalsobecomplementedwith illustrativeor non-photorealistic

rendering(NPR).As opposedto theso-called“photorealistic”rendering,illustrative rendering

simpli�es the lighting modelandusesillustration-inspireddrawing techniquesto enhanceor

abstractcertainpartsof theobject,for a betterunderstandingof shapeor function. Common

NPR techniquesusesimpli�ed shading,hatchingandstippling to accentuatethe shapeof an

object.Whentheshapeis undergoingdeformation,thesehatchor stipplepatternscanalsobe

usedto accentuatethedeformation.Sincedeformationsaredisplacement�elds, a lot of infor-

mationcanbeextractedby analyzingits properties.For instance,the renderingof �eld lines

yields the directionof the deformation,while the Jacobiandeterminantcanusedto illustrate

the“strength”of thedeformation.Thesecuescanbeaddedto therenderingprocessto provide

theuserwith a betterunderstandingof themanipulationprocess.Theideaof usingillustrative
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cuesfor visualizingmovementhasbeenexploredby JoshiandRheingans[55] andwe believe

it canbefurtherexploredfor interactivedeformation.

As graphicprocessorsunits becomemorepowerful, andwith the introductionof physics

processorunits (PPUs),it now becomespossibleto acceleratephysics-based-deformationof

complex datasets.Our approach,ratherthanbecomingobsolete,will greatlybene�t from the

increasedprocessingpowerof upcominghardware.Featuressuchashardwareacceleratedcol-

lision detectioncouldbeusedto generatethedisplacementsneededto simulatetheinteraction

of volumetricobjectswith a virtual surgical tool. However, recentresearcheffortsof usingthe

GPUsasgeneralpurposeprocessors(GPGPUs)questionswhetherthePPUswould beof any

usebeyondtheirutility asyetanotherGPGPU[2].

Theideaof usingdeformationto manipulatedatacanbefurtherextendedasavisualization

tool for othertypesof objects,suchas�o w volumes,generalvector�elds, videodataor discrete

spatialdata,suchasgraphs.For volumetricobjects,ourmethodextendseasily, but specialcare

mustbe taken dependingon the domain. For instance,lighting computationdoesnot apply

for the visualizationof video,asthey areformedby imagesof an alreadylit scene.A better

ideawould beto focuson thetrackingandpreservationof featuresof interest,asdescribedin

Chapter5. Webelievethattheuseof deformationto manipulatedatacanbecomeakey enabler

for explorationtechniquesbeyondslicing,rotationsandtransferfunctions.
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Appendix A
Index of Datasets

The following table shows the index of the datasetsusedthroughoutthis thesis. For each

dataset,wede�ne its sizein numberof voxels,its source,whichmaybeComputedTomography

(CT),MagneticResonanceImaging(MRI) or procedurallyde�nedandthecredits.Any special

pre-processingis notedwhereit applies.

Name Size Source Credits Notes

Cube 1283 Procedural VIZLAB Rutgers

Bar 1283 Procedural VIZLAB Rutgers

Engine 256� 256� 128 CT GeneralElectric

Tomato 256� 256� 64 MRI LawrenceBerkeley Laboratory

PiggyBank 256� 256� 179 CT Siemens

Hand 255� 240� 155 CT Universityof Iowa

VisibleMan 255� 189� 436 MRI NationalLibrary of Medicine Segmented

CT Head 256� 256� 256 CT StanfordUniversity

Foot 143� 256� 183 CT Universityof Iowa

Frog 250� 235� 68 MRI WholeFrogProject Segmented

Knee 256� 256� 256 CT Universityof Iowa

VismanHead 256� 256� 256 MRI NationalLibrary of Medicine Segmented

VismanAbdomen 256� 170� 256 MRI NationalLibrary of Medicine Segmented

Neck 256� 256� 256 MRI RobertWoodJohnsonHospital

Carp 200� 100� 512 CT Universityof Erlangen,Germany
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Appendix B
Index of Illustrati veDeformations

B.1 Tomato Illustrations

This illustration (Figure4.8) is obtainedusingthe tomatodataset(CT) andthepeeldisplace-

ment. An ambientintensityof 0:5 is usedto simulatethe translucentnatureof the material

(asopposedto opaque).Figure4.9 combinesthe peeldisplacementwith a waving displace-

ment.Theorderof compositionalterstheorder. Figure4.11is producedby applyingtheslicer

displacementandrepeatingit periodically. Therepetitionis obtainedby wrappingaroundthe

texturecoordinatesasfollows:

int iy = (int)((texcoord.y-1)/0.125)+1;

texcoord.x = texcoord.x + iy*0.25;

texcoord.y = texcoord.y - iy*0.125;

B.2 DiscontinuousDisplacementShowcase

Thiscollectionof illustrationsareobtainedby applyingthepoke,peel,split andslicedisplace-

mentsontothecube,bar, engine,andtomatodatasets.

B.3 CT HeadPeel

Figure5.4shows a peelof theCT headdataset.Surfacealignmentis obtainedwith a distance

�eld of the datasetafter backgroundsegmentation.Segmentalignmentis obtainedafter seg-

mentationof the brain tissue. Segmentationis producedby an intensity-guidedspace�lling

approach,afterperformingedgedetection.Figure5.8shows a similar peel,with alignmenton

theskull. Theskull is segmentedusingthresholdingof thebonetissuedensityandspace�lling

on theinteriorof theskull with randomlypositionedseeds.
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B.4 Hand Dissection

The illustrationof handdissection(Figure5.1) wasobtainedusingtheretractordisplacement

over thehanddataset(CT). Featurealignmentwasobtainedby anapproximatesegmentation

of bonetissue. Intermediatetissueis approximatedas well to provide visibility of vessels.

The illustration in Figure5.8 appliestheretractor2displacementto thesamedataset.Surface

alignmentis obtainedusingadistance�eld of thehanddatasetafterbackgroundsegmentation.

Segmentalignmentis obtainedaftersegmentationof thebonetissueandnoise�ltering. It can

beseenthatothertissuebetweentheproximalphalangesarepreservedin thefeaturemask.

B.5 Foot Surgery

This illustration(Figure5.8)wasobtainedusingtheretractorsdisplacementon thefoot dataset

(CT). Surfacealignmentwasobtainedwith thedistance�eld of thefoot afterbackgroundseg-

mentationand settingthe desiredlayer at t = 0:74. Segmentalignmentis obtainedwith a

segmentationof the bonetissue,by densitythresholding.The featuremaskis smoothedout

with aGaussian�lter .

B.6 FrogDissection

This illustration(Figure5.8)wasobtainedusingtheretractorsdisplacementonthefrog dataset.

The datasetwasobtainedfrom the segmentedfrog dataset,after smoothingandmerging the

different segments. Surfacealignmentis obtainedwith the distance�eld after background

segmentation.Segmentalignmentis obtainedusingtheoriginal segmentationmasksof bones

andorgans.To produceasmoothmask,aGaussian�lter is applied.

The illustration in Figure 9.11 is obtainedin the samemanner, with a different transfer

function. A poke operatoris addedto the featureof interestto show the useof multiple dis-

placements.In addition,geometricmodelsareaddedto depictthesurgical tools.
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B.7 Whiplash

The whiplashillustration (Figure 9.1 is obtainedwith the CT headdataset,using the bend

displacement.Dependingon theorientationof thedisplacement,a forwardor backwardbend

is obtained.In orderto show theskull, we appliedgradientmodulationswith anexponentof

eg = 0:5 andsliceopacitya = 1.

B.8 Craniotomy

Figure 9.2 shows a craniotomyof the CT headdataset. Featurealignmentis obtainedvia

segmentationof thebonetissue,usingdensitythresholding.Themaskwassmoothedout with

a Gaussian�lter . Thesurface-baseddeformationis obtainedby deformingtheskin isosurface.

The isosurfacesof skin tissueand the skull areobtainedusing the marchingcubesmethod.

To obtaina smoothresult,the isosurfacesaredecimatedat about30%of theoriginal triangle

cut andsmoothedout usinga Laplacianoperator. The backsideof the cut is renderedwith a

proceduraltexture,to resemblethelinesdepictedin thereferenceillustration.

B.9 Carpal Tunnel Surgery

This illustration(Figure9.4)wasobtainedusingthecutquad displacementonthehanddataset

(CT). Featurealignmentis obtainedwith a segmentationof thebonetissue.Thesurface-based

illustrationis obtainedusingtheisosurfacesfrom bonetissueandskin. Both isosurfaceswere

decimatedandsmoothedusinga Laplacianoperator. Prior to isosurfaceextraction,thedataset

is thresholdedinto theappropriatedensityrangeandanantialiasing�lter is applied.

B.10 Abdominal Surgery

This illustration (Figure9.5) is obtainedusing the retractordataseton a portion of the seg-

mentedVisibleHumandataset.Thesegmenteddatasetis smoothedusingaGaussian�lter . The

featureis obtainedfrom thesegmentsof thecolon,organsandbonetissuewhich aremerged

togetherandsmoothedusingaGaussian�lter .
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B.11 Anatomical Illustration

This illustration (Figure9.6) is obtainedusingthe segmentedVisible Humananda seriesof

�ap displacements.Thedatasetusedcontainsonly theboneandmuscletissues.Theplacement

of displacementsis obtainedvia af�ne transformationsfor properalignment.A cut displace-

ment(usingonly thediscontinuitymask)is usedto “carve” out portionsof theabdomen.The

renderingwasobtainedusinganambientintensityof 0:7 andanopacityof a = 0:5.

B.12 Carp Illustration

This illustration (Figure9.8) wasobtainedusingthe carpdataset.The 3D displacementwas

obtainedfrom a 2D displacementusingradialbasisfunctionsover a numberof controlpoints.

The2D displacementwasextrudedalongthez-direction(orthogonalto the2D displacement)

suchthatit graduallyfadesinto zero.Thiswasnecessaryasto provideaplausibledeformation

of the�sh, wherethemid-partsaremoredeformedthanthesurfaceof thesides.

B.13 NeckSurgery

This illustration (Figure9.10) wasobtainedusing the neckdataset(MRI) with the retractor

displacement.A transferfunction is appliedto hide the skin tissueandprovide visibility of

the muscles. A featuremaskis applied,containingvesselsand bones. This was obtained

using thresholdingof the correspondingdensityvalues. Given that a contrastdye wasused

in theoriginal scan,thevesselsandthebonesareobtainedfrom thesamerangeof densities.

A secondoperatoris appliedto the featuresegment,to simulatea surgical procedureon the

carotidartery.

B.14 Li ver Surgery

This illustration(Figure9.12)wereobtainedfrom asurfaceextractedfrom thesegmentedVis-

ible Humandataset.Thesurfacewasdecimatedandpost-processedfor smoothing.
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Appendix C
DisplacementTemplates

Thisappendixshowstheproceduralde�nition of thedisplacementsusedin this thesis,asfunc-

tionsof thex,y, andzcoordinatesof anormalizedvolumetriccube,i.e.,x;y;z2 (0;1).

C.1 Poke

D(x;y;z) =

0

B
B
B
B
@

0

0

� ze
(x� 0:5)2+( y� 0:5)2

2s 2

1

C
C
C
C
A

A(x;y;z) = 1

C.2 Twist

D(x;y;z) =

0

B
B
B
B
@

(x� 0:5) cosq(z) + (y� 0:5) sinq(z) � (x� 0:5)

� (x� 0:5) sinq(z) + (y� 0:5) cosq(z) � (y� 0:5)

0

1

C
C
C
C
A

A(x;y;z) = 1

whereq(z) is a twistingangle,asa functionof thezcoordinate(usuallylinear).
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C.3 Wave

D(x;y;z) =

0

B
B
B
B
@

0

asin(w
p

(x� 0:5)2 + (z� 0:5)2)

0

1

C
C
C
C
A

A(x;y;z) = 1

wherea is theamplitudeof thewaveandw its frequency.

C.4 Bend

q̂ = tan� 1 y� y0

z� z0

q = clamp(q̂;qmin;qmax)

ŷ =
q
2p

+ y0

y0 =

8
>><

>>:

(y� y0) cosq � (z� z0) sinq + ŷ qmin < q < qmax

ŷ otherwise

z0 =

8
>><

>>:

(y� y0) sinq + (z� z0) cosq + z0 qmin < q < qmax

z0 +
p

(y� y0)2 + (z� z0)2 otherwise

D(x;y;z) =

0

B
B
B
B
@

0

y0� y

z0� z

1

C
C
C
C
A

A(x;y;z) = 1

whereqmin andqmax de�ne theminimumandmaximumbendingangles,and(0;y0;z0)> is the

centerof thebend.
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C.5 Squeeze

s = s
1

1+ e5� 20�j 0:5� zj

D(x;y;z) =

0

B
B
B
B
@

s (x� 0:5)

s (y� 0:5)

0

1

C
C
C
C
A

A(x;y;z) = 1

wheres2 (0;1) is thestrengthof thesqueezedeformation

C.6 Dilate

D(x;y;z) = � Dsqueeze(x;y;z)

A(x;y;z) = 1
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C.7 Peel

q = tan� 1 x
y

r =
p

x2 + y2

y0 =

8
>>>>>><

>>>>>>:

� y � p < q � p=2

y � p=2 < q � 0

r otherwise

x0 =

8
>>>>>><

>>>>>>:

1� x � p < q � p=2
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q
p otherwise
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y0� y
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C
C
C
C
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A(x;y;z) =

8
>><

>>:

0 y < � 2Ror r > 2R

1 otherwise

C.8 Split

s = f (z)

Dx =

8
>>>>>><

>>>>>>:

s x < 0:5� s

� s x > 0:5+ s

0:5� x otherwise

Dy = 0

Dz = 0

A(x;y;z) =

8
>><

>>:

1 x < 0:5� s _ x > 0:5+ s

0 otherwise
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wheres = f (z) is a functiondescribingthesizeof thesplit. For a linearsplit, f (z) = 0:25z.

C.9 Retractor

The retractoris obtainedby combiningtwo mirroredone-sidedretractors.The one-sidedre-

tractoris de�ned asfollow:

cc = 0:5

cs = cs+ s (z)p(x)

ce = cc + 0:4

Dx = 0

Dy =

8
>>>>>><

>>>>>>:

cc � y cc < y < cs

cc + y� cs
ce� cs

(ce � cc) � y cs < y < ce

0 otherwise

Dz = 0

A(x;y;z) =

8
>><

>>:

0 cc < y < cs

1 otherwise

wherecc is thecenterof thecut,cs is thestart andce theendof theretractedlayer, p(x) is the

shapeands (z) is thestrengthof the retractor. For our illustrations,s (z) = kz, and p(x) is a

Gaussianfunction:

p(x) = e5( 0:5� x
L )2

(C.1)

whereL 2 (0;1:0) is thelengthof thecut.
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C.10 CutQuad

Similar to theretractor, this is obtainedasacombinationof two mirroredone-sidedcuts,which

in turnareacombinationof theretractorandasinusoidalrippling effect.

cx = 0:5

cy = 0:5

cs = 0:5+ (1� s(y))z2

ce = 0:9

s(y) =

" �
y� cc

L

� 2
#1

0

t(x) =
x� cs

ce � cs

Dx =

8
>><

>>:

cx + t(x)(ce � cx) � x x < ce

0 otherwise

Dy = 0

Dz = (1� t(x))( 1� s(y))z2sin22pt(x)

A(x;y;z) = 0:5+ (x� cs)

wherecs andce arethestartandendof theretractedlayers,s(y) is thestrengthof theretraction

andL is thelengthof thecut,and[x]10 is aclampingoperator.
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C.11 Peeler

z0 = 4(x� 0:5)2

d(y) = 0:5y2 + z0

D(x;y;z) =

0

B
B
B
B
@

0

0

� min(d(y) � z0; [z� z0]10)

1

C
C
C
C
A

A(x;y;z) =

8
>>>>>><

>>>>>>:

z0 � z z< z0

z� d(y) z> d

max(z� d;z0 � z) otherwise
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Appendix D
Pixel Shaders

Thisappendixshowsthepixel shadersfor implementingillustrativedeformationoncommodity

hardware.Our implementationusesCg (nVidia) languagefor thedescriptionof pixel shaders,

compatiblewith fragmentpro�les fp20 throughfp40 .

D.1 SimpleDeformation Renderer

This rendereris the basicalgorithm,which implementsour framework of discontinuousdis-
placementmapping.Two implementationsareshown. One,a simplevolumerendererwithout
any lighting, useful for fastdeformationor previewing tool. The second,a volumerenderer
with lighting, wherethenormalsmustbecomputedandtransformed.

D.1.1 Unlit volumes

float4 main(
float3 texCoord : TEXCOORD0,
uniform sampler3D dataTexture,
uniform sampler1D transferFunction,
uniform float sliceAlpha

):COLOR{
// warp
float4 warpedCoord = warp(texCoord);
// sample
float density = tex3D(dataTexture, warpedCoord.xyz);
// classify
float4 color = tex1D(transferFunction, density);
// modulate discontinuity
float opacity = (warpedCoord.w<0.5)? 0:1;
color.w = color.w * opacity * sliceAlpha;
return color;

}

D.1.2 Warp Procedure

uniform sampler3D disp_xy;
uniform sampler3D disp_za;
float4 warp(float3 texCoord) {

float4 d1, d2;

d1 = tex3D(disp_xy, texCoord);
d2 = tex3D(disp_za, texCoord);

float3 disp = 2*float3(d1.x, d1.w, d2.x) - 1;
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float4 warpedCoord;
warpedCoord.xyz = vector.xyz + disp;
warpedCoord.w = (2*d2.w-1);
return warpedCoord;

}

D.1.3 ShadedVolumes

float4 main(
float3 texCoord : TEXCOORD0,
uniform sampler3D dataTexture,
uniform sampler1D transferFunction,
uniform float sliceAlpha

):COLOR{
// warp
float4 warpedCoord = warp(texCoord);
// sample
float density = tex3D(dataTexture, warpedCoord.xyz);
// get normal
float3 normal0 = 2*tex3d(gradTexture, warpedCoord.xyz).xyz - 1;
float3 normal = deformNormal(normal0, texCoord, warpedCoord.w);
// classify
float4 color = getLighting(density, normal);
// modulate discontinuity
float opacity = (warpedCoord.w<0.5)? 0:1;
color.w = color.w * opacity * sliceAlpha;
return color;

}

D.1.4 Normal Estimation Procedure

float3 deformNormal(float3 normal0, float3 texCoord, float opacity) {
// 1. Estimate Jacobian

float3 texCoordX = texCoord + float3(dx,0,0);
float3 texCoordY = texCoord + float3(0,dx,0);
float3 texCoordZ = texCoord + float3(0,0,dx);
float3 texCoordX0 = texCoord - float3(dx,0,0);
float3 texCoordY0 = texCoord - float3(0,dx,0);
float3 texCoordZ0 = texCoord - float3(0,0,dx);

float3 dispx;
float3 dispy;
float3 dispz;
float3 dispx0;
float3 dispy0;
float3 dispz0;

//X+
dispx.xy = 2*tex3D(dispTex_, texCoordX).xw-1;
dispx.z = 2*tex3D(dispTex2_, texCoordX).x-1;
//Y+
dispy.xy = 2*tex3D(dispTex_, texCoordY).xw-1;
dispy.z = 2*tex3D(dispTex2_, texCoordY).x-1;
//Z+
dispz.xy = 2*tex3D(dispTex_, texCoordZ).xw-1;
dispz.z = 2*tex3D(dispTex2_, texCoordZ).x-1;
//X-
dispx0.xy = 2*tex3D(dispTex_, texCoordX0).xw-1;
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dispx0.z = 2*tex3D(dispTex2_, texCoordX0).x-1;
//Y-
dispy0.xy = 2*tex3D(dispTex_, texCoordY0).xw-1;
dispy0.z = 2*tex3D(dispTex2_, texCoordY0).x-1;
//Z-
dispz0.xy = 2*tex3D(dispTex_, texCoordZ0).xw-1;
dispz0.z = 2*tex3D(dispTex2_, texCoordZ0).x-1;

//Central diff
float s = sizeDisp/2;
float3 dPdx = s*(dispx - dispx0);
float3 dPdy = s*(dispy - dispy0);
float3 dPdz = s*(dispz - dispz0);

float3x3 J;
J[0].xyz = float3(1+dPdx.x, dPdx.y, dPdx.z);
J[1].xyz = float3( dPdy.x, 1+dPdy.y, dPdy.z);
J[2].xyz = float3( dPdz.x, dPdz.y, 1+dPdz.z);

// 2. Multiply Jacobian
float3 normal = mul(J, normalize(preNormal));

// 3. Estimate Alpha Normal
float3 alphaNormal;
alphaNormal.x = s*2*(tex3D(dispTex2_, texCoordX)-tex3D(dispTex2_, texCoordX0));
alphaNormal.y = s*2*(tex3D(dispTex2_, texCoordY)-tex3D(dispTex2_, texCoordY0));
alphaNormal.z = s*2*(tex3D(dispTex2_, texCoordZ)-tex3D(dispTex2_, texCoordZ0));

float w = 1 - saturate((opacity-0.5)/thickness);

return normalize(lerp(normal, alphaNormal,w));
}

D.2 Feature-AlignedRenderer

This sectionshows the codefor implementingfeature-aligneddeformation.This is obtained
by queryingthemaskvolumebeforeobtainingdensityandnormalsamplesfrom thevolume.
Similarly to our previouscode,we show therenderingprocessfor bothunlit andshadedvol-
umes.

D.2.1 Unlit Volumes

float4 main(
float3 texCoord : TEXCOORD0,
uniform sampler3D dataTexture,
uniform sampler3D maxTex,
uniform sampler1D transferFunction,
uniform float sliceAlpha,
uniform float layer

):COLOR{
// warp
float4 warpedCoord = warp(texCoord);

// query feature mask
float mask = tex3D(maskTex, texCoord.xyz).w;
if(mask>=layer) {

mask0 = tex3D(maskTex, warpedCoord.xyz).w;
warpedCoord.w = (mask0<layer)? 0: warpedCoord.w;

} else {
warpedCoord.xyz = texCoord.xyz;
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warpedCoord.w = 1;
}

// sample
float density = tex3D(dataTexture, warpedCoord.xyz);
// classify
float4 color = tex1D(transferFunction, density);
// modulate discontinuity
float opacity = (warpedCoord.w<0.5)? 0:1;
color.w = color.w * opacity * sliceAlpha;
return color;

}

D.2.2 ShadedVolumes

float4 main(
float3 texCoord : TEXCOORD0,
uniform sampler3D dataTexture,
uniform sampler3D maxTex,
uniform sampler1D transferFunction,
uniform float sliceAlpha,
uniform float layer

):COLOR{
// warp
float4 warpedCoord = warp(texCoord);
// query feature mask

float4 maskVector = tex3D(maskTex, texCoord.xyz);
float3 normalMask = normalize(2*maskVector.xyz-1);
float mask = maskVector.w;

if(mask>=layer) {
float4 mask0Vec= tex3D(maskTex, warpedCoord.xyz).w;
normalMask = normalize(2*mask0Vec.xyz-1);
mask = mask0Vec.w;
warpedCoord.w = (mask0<layer)? 0: warpedCoord.w;

} else {
warpedCoord.xyz = texCoord.xyz;
warpedCoord.w = 1;

}

// sample
float density = tex3D(dataTexture, warpedCoord.xyz);
// get normal
float3 normal0 = 2*tex3d(gradTexture, warpedCoord.xyz).xyz - 1;
float3 normalDefo = deformNormal(normal0, texCoord, warpedCoord.w);
// adjust normal
float3 normal = adjustNormal(normalDefo, normalMask, mask);

// classify
float4 color = getLighting(density, normal);
// modulate discontinuity
float opacity = (warpedCoord.w<0.5)? 0:1;
color.w = color.w * opacity * sliceAlpha;
return color;

}
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D.2.3 Adjust Normal Procedure

float3 adjustNormal(float3 normal0, float3 normalMask, float mask) {
float delta = mask - layer;
float beta;
if(delta<0) {

beta = saturate(delta/featureThickness + 1);
} else {

beta = -saturate(-delta/featureThickness + 1);
}
float3 adjustedNormal = (1-abs(beta))*normal0 - beta*normalMask;
return normalize(adjustedNormal);

}

D.3 SurfaceDeformation usingRay Casting

Thissectionpresentsthecodefor surfacedeformationusingraycasting.Thecoreof theimple-
mentationis findIntersection which implementsacombinationof linearandbinarysearch
for �nding zerocrossingsof thelayeredrepresentation.Weshow thedifferentimplementations
for continuousdeformation,hollow andsolidcuts.

D.3.1 ContinuousDeformation

float4 main(v2f IN,
uniform float3 viewDefo,
uniform float3 lightVecDefo,
uniform float delta,
sampler2D image4,
sampler3D dataTex,
sampler3D disp_xy,
sampler3D disp_za
):COLOR{
float3 coord = IN.texcoord.xyz;
float3 intersection;
float3 warpedIntersection;
bool intersect = findIntersection(coord, viewDefo, delta,

intersection, warpedIntersection);
if(!intersect) discard;

// Get normal (the same way as obtained for volumes,
// using the Jacobian of the displacement)
float3 normal = normalize(getNormal(warpedIntersection));

float3 halfVec = normalize(lightVec - viewDefo);
float4 color = getLighting(normalVec, viewDefo, lightVec, halfVec);

return color;
}

D.3.2 Hollow Cuts

float4 main(v2f IN,
uniform float3 viewDefo,
uniform float3 lightVecDefo,
uniform float delta,
sampler2D image4,
sampler3D dataTex,
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sampler3D disp_xy,
sampler3D disp_za
):COLOR{
float3 coord = IN.texcoord.xyz;
float3 intersection;
float3 warpedIntersection;
bool intersect;

for(int i=0;i<num_iterations;i++) {
intersect = findIntersection(coord, viewDefo, delta,

intersection, warpedIntersection);
if(intersect) break;
coord = intersection + viewDefo*delta;

}
if(!intersect) discard;

// Get normal (the same way as obtained for volumes,
// using the Jacobian of the displacement)
float3 normal = normalize(getNormal(warpedIntersection));

float3 halfVec = normalize(lightVec - viewDefo);
float4 color = getLighting(normalVec, viewDefo, lightVec, halfVec);

return color;
}

D.3.3 Solid Cuts

float4 main(v2f IN,
uniform float3 viewDefo,
uniform float3 lightVecDefo,
uniform float delta,
sampler2D image4,
sampler3D dataTex,
sampler3D disp_xy,
sampler3D disp_za
):COLOR{
float3 coord = IN.texcoord.xyz;
float3 intersection;
float3 warpedIntersection;
bool intersect;

for(int i=0;i<num_iterations;i++) {
intersectAlpha = findIntersectionAlpha(coord, viewDefo, delta,

intersectionA, warpedIntersectionA);
normal = getNormalAlpha(warpedIntersectionA);

if(intersectAlpha) break;
intersect = findIntersection(intersectionA, viewDefo, delta,

intersection, warpedIntersection);
normal = getNormal(warpedIntersection);
if(intersect) break;
coord = intersection + viewDefo*delta;

}
if(!intersect) discard;

// Get normal (the same way as obtained for volumes,
// using the Jacobian of the displacement)
float3 halfVec = normalize(lightVec - viewDefo);
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float4 color = getLighting(normalVec, viewDefo, lightVec, halfVec);

return color;
}

D.3.4 Find Intersection

bool findIntersection(float3 startCoord,
float3 ray,
float delta,
out float3 intersection,
out float3 warpedIntersection) {

bool intersect;
float3 coord = startCoord;
float4 warpedCoord = warp(coord);

float distance;
float prevDistance = sampleImplicit(warpedCoord.xyz);

// Linear search
for(int i=0;i<num_linear_steps;i++) {
warpedCoord = warp(coord);
if(coord.x<0 || coord.y<0 || coord.z<0 || coord.x>1 || coord.y>1 || coord.z>1) {

intersect = false;
intersection = startCoord;
break;

}
distance = sampleImplicit(warpedCoord);
if(distance*prevDistance<0) {

intersect = true;
break;

}

intersection = coord;
coord = coord + ray*delta0;
prevDistance = distance;

}

// Binary Search
float3 coord2;
for(int i=0;i<num_binary_steps;i++) {

delta = delta*0.5;
coord2 = coord0+ray*delta;
warpedCoord = warp(coord2);
distance = sampleImplicit(warpedCoord);
if (distance*prevDistance>0) {

coord0 = coord2;
}

}

// find alpha component of deformation
float alpha = (warpedCoord.w<0.5)? -1:1;

if(alpha<0) {
// intersection within volume of cut
intersect = false;

}

intersection = coord0;
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warpedIntersection = warpedCoord;

return intersect;
}

D.3.5 SampleImplicit Representation

This methoddiffersdependingon the typeof layeredrepresentation.For a 3D distance�eld
representedasa3D texturedataTex is:

float sampleImplicit0(float3 texCoord) {
return (2*tex3D(tex_, texCoord).w-1);

}

For adepthmap,representedasa2D texturedepthmap.

float sampleImplicit(float3 texCoord) {
return tex2D(depthmap_,texCoord.xy).x-texCoord.z;

}

Finally, for adepthmapcube,representedas6 texturestexZ1, texZ0, texX1, textX0 , texY1
andtexY0:

float sampleImplicit(float3 texCoord) {
// samples are obtained at the center of voxels
// therefore we need to apply an offset of 'deltasample'
float deltasample = 0.5f/sizevol;
float vZ1 = tex2D(texZ1_, texCoord.xy).x -deltasample;
float dZ1 = vZ1-texCoord.z;

float2 coordZ0 = float2(1-texCoord.x, texCoord.y);
float vZ0 = tex2D(texZ0_, coordZ0.xy).x-deltasample;
float dZ0 = texCoord.z -(1-vZ0);

float2 coordX0 = float2(1-texCoord.z,texCoord.y);
float vX0 = tex2D(texX0_,coordX0).x - deltasample;
float dX0 = vX0-texCoord.x;

float2 coordX1 = texCoord.zy;
float vX1 = tex2D(texX1_,coordX1).x - deltasample;
float dX1 = texCoord.x -(1-vX1);

float2 coordY0 = float2(texCoord.x,1-texCoord.z);
float vY0 = tex2D(texY0_,coordY0).x - deltasample;
float dY0 = vY0 - texCoord.y;

float2 coordY1 = texCoord.xz;
float vY1 = tex2D(texY1_,coordY1).x - deltasample;
float dY1 = texCoord.y - (1-vY1);

float depth = combine(dZ1,dZ0);
depth = combine(depth, dX1);
depth = combine(depth, dX0);
depth = combine(depth, dY0);
depth = combine(depth, dY1);
return depth;

}
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Here,theprocedurecombine is usedto combinetwo depth�elds, andit canbeimplemented
asfollows:

float combine(float depth1, float depth2) {
float deltasample1 = 0; //strength_ * 0.5f/sizevol;
float u = min(abs(depth1), abs(depth2));
float signu = (depth1<0 && depth2<0)? -1:1;
return signu*u;

}
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