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Abstract

A discretelysampledobjectrepresentatiofDSOR)de nesa graphicalmodelusingdataobtainedby a sampling
processwhich takesa collectionof samplesat discretepositionsin spacein order to captue certaingeometrical
and physicalpropertiesof one or more objectsof interest. Examplesof DSORsincludeimages, videos,volume
datasetsand pointdatasetsUnlike manycommonlyuseddatarepresentationsn computergraphics,DSORdack
in geometrical,topolagical and semanticinformation, which is mud neededfor contwolling deformationand
animation.Henceit posesa signi cant scienti ¢ andtednical challenge to develop deformationand animation
methodsthat operate upon DSORs.Sud methodscan enablecomputergraphics and computeranimationto
bene tenormouslyfromthe advance®f digital imaging technolagy.

In this state of the art report, we survgy a wide-range of techniquesthat have beendevelopedfor manipu-
lating, deformingand animating DSORsWe considera collection of elementaryopefations for manipulating
DSORswhich canserveasbuilding blodks of deformationand animationtechniques We examinea collectionof
techniquesthat are designedo transformthe geometryshapeof deformableDSORsand pay particular attention
to their deploymentn sumgical simulation.We review a collectionof techniquesfor animatingdigital characters
in DSORsfocusingon recentdevelopmentsn volumeanimation.
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1. Intr oduction

With technicaladvancesand cost reduction,digital imag-
ing technologyis rapidly becomingone of the mosteffec-
tive ways of collecting dataand information. In computer
graphicsmary of the mostrecentdevelopmentshave grav-
itatedtowardsthe handlingof sampleddataandin graphics
pipelines.For instance,volumerendering[Lev88, Wes9(Q
enablesdirect renderingof 3D volume data capturedby
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3D scanningdevices suchas computedtomograply scans;
image-basedrendering[Che95 LH96] enablesdirect ren-
dering of graphicalmodelsand scenesthat are speci ed
with a setof photographicmages;point-basedrendering
[PZvBGO0Q ZPBGO] enablesdirect renderingof a large
collectionof samplingpointsrepresenting surfaceobject
(e.g.,asampleddataseticquiredusinglaserscanning).

However, thesedevelopmentsare yet to have a signi -
cantimpactuponcomputeranimation,which encompasses
awide rangeof graphicstechniquesandis often considered
the “crown jewels' of computemgraphicslt is notdif cult to
seethatcomputeranimationcould bene t enormouslyfrom
the adwancesof digital imagingtechnology shouldappro-
priate techniquesbe integratedin animationpipelinesfor
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handlingdigitally sampleddatadirectly. This would enable
animatorgto gain easyaccesdo a vastamountof comple

modelsde ned in the formsof imagespointsandvolumes.
In thefollowing discussionsye collectively referto image-,
point- andvolume-basedepresentationas discretely sam-
pledobjectrepresentation§DSORSs)

In this stateof the art report, we suney a wide-range
of techniqueshat have beendevelopedfor manipulating,
deforming and animating DSORs. In computergraphics,
techniquesor manipulation deformatiorandanimationare
closely inter-related,and sometimesterms are usedinter-
changeablyln this suney, in the context of manipulation
we considera collection of elementaryoperationsfor pro-
cessingDSORs. All theseoperationscan sene as build-
ing blocks of deformationand animationtechniquesand
somealsoinvolve deformatiorto realizeadesiredmanipula-
tion. In the contet of deformationwe considera collection
of techniqueghat are designedo transformthe geometri-
cal shapeof a deformableDSOR.While minor geometrical
changesare often a “side effect’ of a manipulationopera-
tion, a deformationoperationis intendedto precipitategeo-
metrical changesin the context of animation we consider
acollectionof techniquedor animatingdigital charactersn
DSORsfocusingtheir capabilityof modelingmovementsof
articulatedgures in DSORs.

Thesunwy is organizedasfollows: in Section2, we give
an overview of the generalscopeof deformationand ani-
mation techniquesn computergraphics.In particular we
brie y describethe major advancesin surface-basedech-
niqueswhicharenotthefocusof thisreport,but canseneas
benchmarkdor techniqguedasedon DSORs.In Section3,
we provide a formal de nition of the classof DSORs,and
discusstheir geometricaland graphicalattributes.In Sec-
tion 4, we examinea collectionof elementaryperationon
DSORs,highlight the fact that such operationswill cause
minor, andoften unintendedgeometricathangesandpre-
parefor thefurtherdiscussiorabouttheirusein deformation
andanimation.In Section5, we considervariousdeforma-
tion techniqueghat have been,or can be, usedto realize
intendeddeformationIn particular afterabrief overview of
empiricaldeformablemodels,physically-basedleformable
modelsand direct deformationrendering,we examinethe
deployment of thesetechniquesn sumgical simulation,an
applicationareawvhereDSORscanhaveamajorrole.In Sec-
tion 6, we focuson the main componentsn the animation
pipelinefor modelingthe movementf digital characterin
DSORs.Finally, we offer our obserationsand concluding
remarksn Section?.

2. General Scopesf Deformation and Animation

In computergraphicsandits applicationsdeformatiormod-
eling and computeranimationare two closelyinter-related
elds. While the literatureson deformationand animation
are dominatedby surface-basednodeling and rendering

techniquesit is certainly sensibleand meaningfulto con-

siderthe deformationand animationof discretelysampled
object representation§DSORSs)in the backdropof these
techniquesin this section,we give a generalovervien of

the scopef deformatiorandanimation their relationships
with other elds in computegraphicsandtheirapplications.
This is followed by an outline of major technicaladvances
in deformationrmodeling,andin computeranimation.

2.1. Overview

The temporal behaior of a graphical object may come
in a variety of forms, such as changesof positioning at-
tributes, geometricalshape color and illumination proper
ties,and mary otherbehaioral parametersAmong those,
the changeof geometricakhapethatis, deformationis the
mostwell studiedin the literature.A rangeof representa-
tion schemedor deformableobjectswere developed,and
several physically-basedaind empiricalcomputationamod-
elswereformulated Applicationsof deformatiortechniques
include graphicalmodeling,computeranimation,scienti ¢
visualization,hapticinteraction,sugical simulation,medi-
calimaging,pathplanningandcomputewision.

In thetechnicakcopeof computegraphicsthetermcom-
puter animationis primarily referredto the modeling,con-
trolling andrenderingof temporalbehaior of graphicalob-
jects.It addresses wide rangeof technicalissuessuchas
motion dynamics kinetic control, collision detection,actor
modeling,animationcontrol,andsoon[WW924. Deforma-
tion of graphicalobjects,including articulatedand soft ob-
jects,is anintegral partof computeranimationtechniques.

In a broaderterm, computeranimationusually refersto
theproces®f creatingtemporalsequencesf computemgen-
eratedimagesand digital visual effects. This processin-
volves not only computergraphicstechniquesput alsoan
entire productionpipelineincluding story development vi-
sualdevelopmentcharactedesign,motion capture camera
tracking,texture painting,imageprocessingimageretouch-
ing, imagecompositiongcolorgradingandsoon [Ker04. In
the entertainmenindustry the useof the termalsoextends
to computerassistedanimationsuchascomputergenerated
inbetweeningn key-frameanimation.

Figure1 depictsthe overall scopeof deformationmodel-
ing andcomputeranimationandhighlightsthe maintechni-
calareaf manipulatingdeformingandanimatingDSORSs,
which will be discussedn detailin Sections4, 5 and6 re-
spectvely. Traditionaldeformationandanimationis not the
focusof thissurwey, but will beoutlinedin 2.2and2.3asthe
technicalbackdropof this suney. Continuousobjectrepre-
sentationswhich canbe extractedfrom DSORs,are often
usedto assistin deformingandanimatingDSORs andmost
techniquedor manipulatingDSORsmay introduce,often
unintentionally minor geometricalchangesn DSORs.We
will brie y examinethesetechniquesn Section4.
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Object Generation

‘ Computer-aided Geometry Design

‘ Scientific Modeling and Simulation

‘ Object Digitization

P

geometry extraction or construction

R

Representations (e.g., surface

Discretely Sampled

Continuous Object %4

discretization (e.g., voxelization)

- Object Representations (DSORS)

‘ | Object Representation
- Processing Segmentation Registration —_—
Metamorphosis Interactive Manipulation
- g
DSOR Manipulation
Traditional Object
Manipulation.
Deformathn, - Empirical Deformable Models Physically-based Deformation ——
and Animation
(not the focus of this survey) . . . . . .
Direct Deformation Rendering Application: Surgery Simulation
DSOR Deformation
b
e Digital Characters in Images Volume Animation
DSOR Animation = ~a———

Figure 1: Themainscopeof this survey andrelatedtopics.

2.2. Major Advancesin Deformation

For deformation readersare encouragedo referto several
extensie suneys, including suneys of deformationtech-
niguesin the contet of thefollowing subjectareas.

computemgraphicsandanimationflGM97, NMK 05],
animationof articulated gures [LW9§],
facialmodelingandanimation[NN9§],
medicalimageanalysigMT96],

sugical simulation[LTCKO03],

computewision [CFO1].

The modelsandtechniquedor deformationfall into the
following cateyories:

Functional and Procedural Models — Models in this
catgory are normally de ned mathematicallyand are
not accompaniediy a discretegeometricalrepresenta-
tion suchas a setof control points. The control of de-
formationis hencemanipulatedby changingglobal pa-
rameters(e.g., the radius of a sphere)or local parame-
tersin a constructve model(e.g.,parametersf a prim-
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itive function in implicit surfaces[Bli82]). Somecom-
monly used modelsin this categyory are algebraicim-
plicit surfaceqBli82, Kle89, SP91 Ped95WGG99, su-
perquadric§TM91], generalizeatylinders(or sweptvol-
umes)DBJ97 Coq87 Mil88, Sry92, CBS94 andglobal
andlocal deformationof solids[Bar84.

Parametric Models— Models in this cateyory are de-
ned mathematicallyand facilitate a continuousdistor
tion acrossthe surface of a deformed object, though
they are usually accompaniedby a discrete geomet-
ric representatiorwhich provides the principle control
of deformation. Some commonly used modelsin this
catgory include a variety of parametricbicubic sur
face models [KWT87, GP89 LW94, CR94, free form
deformatiorf SP86 HHK92, CJ9] active contourmodels
(snales)[KWT87] andactive surfacemodels[ TPBF87

PolygonalMeshes— Modelsin this cateory arede ned

by a collection of inter-connectedbolygonswith shared
verticesand edges Becauseheserepresentationgspe-
cially triangularmeshestacilitatefastrenderingthey are
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most widely-usedin computergraphicsand animation.
Whilst it is possibleto deform sucha modelby directly
manipulatingits geometricelementssuchas verticesor
faces,direct manipulationbecomesimpractical for ac-
curatecontrol of deformationwhenthereare morethan
hundredsof geometricelementsn a model.Hence,it is
commonto associate deformablepolygonalmeshwith
a high level deformablemodelthatis morecontrollable.
For example,asin free-formdeformation SP8§, a poly-
gonmeshmaybeboundedy aparametriozolume ,whose
deformationgovernsthatof the polygonalmesh.
Physically-basedeformableModels— Modelsin this
catgory facilitate the computationof motion and de-
formation basedon speci c physical laws. Numerical
simulation is an indispensabletool in implementing
mostof thesemodels.Commonlyusedphysical models
and computationmethodsinclude Lagrangiandynamics
[TQ94, mass-springnodelgFE77, nite elementmeth-
0ds[ZT89], nite difference[LL93], continuummodels
[TPBF87 andparticlesystemgLTSE92 RHK 00Q].

2.3. Major Advancesin Animation

For a general coverage of computer animation, readers
may refer to several books on this subject, including

[FYDFH96 WW923 Vin92, O'R95, MTT96, Par0]] and
[Poc01 Ker04. In addition,thetechnicaliteratureis rich in

papersin this area.Readersare alsoencouragedo consult
various computer graphics journals, and proceedingsof

somemajorconferencesvhichinclude:

SIGGRAPHANnNual Conference$1974-present);
Eurographic#Annual Conference$1980-present);
EurographicsWorkshopson Animation and Simulation
(1990-2001)pndSIGGRAPH/EurographicSymposiums
on ComputerAnimation (2002-present);

International Conferences on Computer Animation
(1988-2002)and on Computer Animation and Social
Agents(2003-present);

Workshop=on Lifelik e ComputerCharacter§1994-1996,
1998);

Workshop=on Virtual Humang(1996-1998);

and mary one-time conferences and workshops
(http://www.cs.ubc.ca/an/ani.html).

Motion and deformationare the two most fundamental
temporalfeaturesin an animation.It is also necessaryor
ananimationsystemto addresghe interactionbetweerdif-
ferentobjects.The techniquesor motion and deformation
controlincludethefollowings.

ArticulatedModels— Articulatedmodelsattractecdatten-
tion from the early daysof 3D animation.A summaryof
varioustechniquesanbefoundin [BBZ91].

Procedual Contol — General procedural control is
basedon scriptscontrolling actors[Rey82] or on inter-
active motion planning[JW89. In both casesthe input

is interpretedto generatethe requiredmovementof the
characterandthe operationof the camerasothataren-
dering systemcan producethe frames.Proceduratech-
niguesmayinvolve othermethoddistedhere for example
by implementingphysicallaws.

Constaint-basedContmol — Thisapproachs commonin
robot systemsAs such,thereare obvious parallelswith
computeranimation.Among mary publications,are an
earlyPhDthesis[Dui86], ef cient interfacework [ZC95
andapplicationdo facialanimation[Rut99.
Physically-base€ontrol — Physically-basedimulation
hasa very long history, with commercialapplicationsin
ight simulatorsbeinganearly example.Humanandani-
mal movementsarealsoamenabléo physical simulation
andof coursethesesametechniquesanbe usedto give
human-like movementsto non humanobjects[LvF0Q].
Again,therearemary papersn thisgenerakrea.
StodasticContol — Particlesystemsandtheirrendering
to produce re works, re, waterspraysand otherfuzzy
objectsare the de niti ve examplesof stochasticcontrol
[Ree83.

Behaviorl Control — This areahas traditionally con-
cerneditself with grosscontrol, with Reynoldswork on
modeling ocks, herdsand schools[Rey87] asthe key
paper However it has more recentlybeenusedto con-
trol quite subtle effectsin humananimation,for exam-
ple in theway emotioneffectsthe way a charactemwalks
[UT91, DWI7].

3. Discretely SampledObject Representations

A discretelysampledbjectrepresentatio(DSOR)de nesa
graphicalimodelusingdataobtainedby a samplingprocess,
which takesa collectionof samplesat discretepositionsin
spacein orderto capturecertaingeometricaland physical
propertieof oneor moreobjectsof interest.

Digitization is the primary technology for acquiring
DSORsof real-life objectsandphenomenar histechnology
which is basedon measuringvariousphysical propertiesjs
availablein a wide rangeof modalitiesaslistedin Table 1.
In mostof thesemodalities,a samplingprocessnayinvolve
the processingof multi-channelor multi-dimensionalsig-
nals,includingconvolution anddecowolution, quantization,
andsignalspaceconversion.In thisreport,we consideronly
theresultingdigital representationsf sucha samplingpro-
cess.

In somemodalities,samplingpositionsare de ned by a
regular grid in the objectspace For example,computedo-
mograply (CT) scanningnormally utilizesa 3D anisotropic
grid, wherethe samplinginterval in the z-direction differs
from thatin thex andy directions.In mary othermodalities,
samplingpositionsarede ned by aregulargrid in theimage
space A primary example of suchmodalitiesis photogra-
phy, wheresamplingresultsarerecordedon a 2D isotropic
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Data Number of Representation
Example Sampling Modality (physicalproperty) Dimension  Channels Scheme
Black-whitephotograph (light re ection) 2 1 2D regulargrid
Color photographs (light re ection) 2 3 2D regulargrid
Raw laserscangdistanceto a plane 25 1 2D regulargrid
Circularfull-body scangdistanceto an axis) 25 1 2D curvilineargrid
Computedomograply (X-ray attenuation 3 1 3D regulargrid
Magneticresonanc@maging(relaxationof magnetizechucle) 3 1 3D regulargrid
Rawv 3D Ultrasonograpf (sonicre ection) 25 1 unstructure®D images
ProcesseBD Ultrasonograpf (sonicre ection) 3 1 3D regulargrid
Electronmicroscopy (election diffraction) 3 1 3D regulargrid
Spatialdistanceelds (distanceto a surface 3 1 3D regulargrid
Spatialvector elds (e.g., velocity) 3 3 3D regulargrid
3D photographidémaging(light re ection) 3 3 3D regulargrid
Moviesandvideos(time-varyinglight re ection) 3 3 3D regulargrid
Particle simulationresults(space-timgosition,etc) 4 1 time-series3D point set
Motion capturedata(space-timeposition) 4 1 time-series3D pointset
Seismicmeasurementspace-timalensity tempeature, etc) 4 n time-series2D pointset

Table 1: Exampledatacapture modalities,andtheir typical characteristicsandrepresentatiorschemes.

grid thoughindividual samplegnay not correlateuniformly
to signalsourcesn the objectspace.

DSORscanalsobe obtainedby samplingcontinuousob-
jectrepresentations-or example,a continuoussurfacerep-
resentationcan be approximatedoy an unstructuredpoint
datasetusing a randomizeddiscretizationprocessor by a
volume datasetusing a voxelization processIn mary sci-
enceandengineeringlisciplinessuchas nite elemen@anal-
ysis and computational uid dynamics,DSORsare com-
monly usedto approximatecontinuousspatialandtemporal
datarepresentationderivedfrom theoreticstudiesscienti ¢
modelingandcomputersimulation.

DSORscommonlyexhibit a subsebf thefollowing char
acteristics,which collectively signify the differencesbe-
tweenDSORsandotherschemedgor representingraphical
objectsandscenes.

Limited geometricalinformation— Most DSORsdo not

containary explicit geometricatlescriptiorof theobjects
representedyhile somecontainpartial geometricinfor-

mation (e.g.,in a point set). It is commonto translate
sampledphysicalinformation(e.g.,X-ray attenuation}o

geometricainformation (e.g.,anisosurficeof a tumor).

In addition, DSORs are particularly suited for model-
ing amorphousbjects,suchas re, dustandsmole, for

which a precisegeometricadescriptionis dif cult to ob-

tain.

Limited topolagical information— The only topological
informationavailablein aDSORIs thespatialor temporal
orderin which sampleswvere captured Suchinformation
doesnotimply ade nite topologicalrelationshipbetween
ary two datapointsin theobjectspacealthoughit is often
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usedto derive, analyticallyor statistically moremeaning-
ful topologicalinformation,suchasthe possibleconnec-
tivity betweentwo samplingpointsin the contet of 3D
modelacquisitionandtheassociatiorof a setof voxelsto
thesameobjectin the context of segmentation.

Little semantiéinformation— Althougha DSOR,suchas
a photographidmageanda computeccomograply scan,
may capturea collectionof objectsin ascenejt doesnot
normally containary semantidnformation,aboutthe ob-
jects of interest,suchas objectidenti cation and object
hierarcly.

Multiple data channels— Many DSORs capturedata
from a comple signalsource(e.g.,re ectance)or multi-
ple signalsourceqe.g.,a combinationof density sonic,
temperatureand imagery logging in seismic measure-
ments).

Multi-valueddatachannels— Many DSORscontaindata
sampledin an integer or oating-point real domain.In
somesituations,this facilitatesa high level of accurag
(e.g.,thetexture of a pieceof textile in animage),but in
others.this bringsabouta degreeof uncertainty(e.g.,the
boundaryof a pieceof textile in animage).

The developmentof techniquesfor manipulating, de-
forming and animating DSORs can be built upon theo-
retic advancesin areasof signalsand sampling[PM96],
point-set[Mor90], discretetopology[CK95], andlevel-set
[Tsi95 Set9§, aswell astechnologicaladvancesin areas
of deformableobject modeling, computeranimation, sci-
enti ¢ visualization,volume graphics,point-basedgraph-
ics, image-basednodeling and rendering,image process-
ing, computewisionandmedicalimaging.Meanwhile,such



118 Chenetal. / DiscretelySampledObjectRepesentations

developmentwill alsohave a profoundscienti ¢ impactin
theseareasandthe eld of computergraphicsin generallt
will deliver a collection of usableand effective techniques
andtools to a wide rangeof applicationsin sciencegengi-
neering,medicine,andindustriesincluding manufcturing,
mediaandentertainment.

4. Manipulating Discretely SampledObject
Representations

As discussedbore, mostDSORscontainlimited geometri-
cal,topologicalandsemantiénformation,andthetraditional
notion of “geometry'is usually constructedrom sampled
physical information.Hence,ary manipulationof a DSOR
thatleadsto change®f sampledbhysicalpropertiesnayre-
sult in alterationsto geometricaltopologicaland semantic
attributesderived from the DSOR. Such alterationsare in
effect “‘minor deformations'.For instanceyarying intensity
valuesof somevoxels in a CT datasetmay leadto a dif-
ferentisosurficein surfaceextraction,and modifying con-
dence level of somepointsin a laserscanmay resultin
differenttopologicalconnectity of thesepointsin surface
reconstruction.

In this section,we examinea rangeof methodsfor ma-
nipulatingthe raw physical propertiesof DSORs.We rst
considerthreesetsof algorithms,namelysurfaceextraction
from volume data, surfacereconstructionfrom point data,
and skeletonization all of which are usedfor constructing
‘geometry',in atraditionalsensefrom DSORs We thende-
scribea collectionof basicoperatordor manipulatingdata
elementdn a single2D or 3D imagerydatasetanddiscuss
morecomplex DSOR manipulationin the context of image
andvolumemorphing.This s followed by a brief review of
se@gmentationtechniquesandregistration techniquesvhere
surface-basedleformationalgorithmsare often deplo/ed.
Finally we mentiona few interactive systemgor manipu-
lating DSORs.As mary of thesetopics,suchassurfaceex-
tractionand segmentationcover a large domainof the lit-
erature,we only give a brief overvien of eachtopic in or-
derto outlinethe overall scopeof DSORmanipulationand
prepardor thefurtherdiscussion®n DSORdeformationn
Section5 andanimationin Section6.

4.1. Extracting Geometry from DSORs
4.1.1. Surface Extraction from Volume Data

Onecommonapproachor handling3D volumedatasetss
to approximatea volume by a continuouspolygonalmesh
thatcanthenberenderedisingasurface-basedraphicssys-
tem. Suchapproximationis usuallyin the form of an iso-
surface(alsocalled a level surface),which is the setof all
pointsin a scalar eld with a speci c scalarvaluet (i.e.,
iso-value). The mostwell-known methodfor extractingan
iso-surficefrom a regular volume datasets the marching
cubesalgorithm [LC87]. A more complicatedalgorithmic

problemis extractinganinterval volumeandapproximating
theextractionfor exampleby atetrahedramesh[NS97.

What complicatessurface extraction algorithmsis the
fact that mary basic casesare ambiguous.A similar but
much simpler ambiguity problemalso exists in a classof
2D contouringalgorithmsthatextractcontourlinesfrom 2D
DSORssuchasanimage [NH91] providedacomputational
solution,calledasymptotiadecide to resole the2D and3D
ambiguityproblems.

Somemethodswere proposedto acceleratehe process
of marching cubesby reducing the searchspaceof an
iso-surfice.A family of indexing structureswere usedfor
isosurfcing, including active list [GHI(], octree[Wv92Z],
MIN-MAX cell index [Jon95 CMPS9§, extrema graph
[IK95], spanspace[LSJ9q, andinterval tree [CMM 97].
Another approachis to track an iso-suracefrom a known
seedpoint or seedcube[HL78, BPS96. More recently al-
gorithmswere developedspeci cally for surfaceextraction
from very largevolumedataset$§CS97 BS0J.

Thenumberof trianglesgeneratedby the marchingcubes
algorithm can be excessiely large, often leadingto inef-
ciency in storing and renderingthe extractediso-surfice.
A noticeableamountof effort hasbeenmadeto reducethe
numberof trianglesor to replacetriangleswith othergeo-
metric primitives. Therearetwo cateyoriesof algorithms:

During marching cubes— Examplesof suchalgorithms
includeproducingsurfacesadaptvely [MS93, extracting
pointsinstead[CLL 88], replacingtriangleswith polyg-
onalvolumeprimitives[YP92.

After marching cubes— Examplef suchalgorithmsin-

cluderemaving verticesfollowedby localre-triangulation
[SZL97, dispersionof new verticeson top of the orig-

inal mesh,followed by global re-triangulation[Tur92,

andedgemanipulationfHDD 93]. A large collection of

further developmentin this areacan be found in the
contet of both multi-resolutionsurface modeling (e.g.,
[Hop96 Gar99) and surface reconstructionfrom point
data(see4.1.2.

Recentadwvancesn surfaceextractionincludethe recon-
structionof a dual isosurficein the form of quadpatches
[Nie04], high dimensionalisosuricing [BWCOQ, feature-
sensitve isosurficing [VKKMO03] and topology-controlled
isosuricing[vKvOB 97, GP0OQ TFT04, CSv04,

4.1.2. Surface Reconstructionfr om Point Data

Many dataacquisitiontechniquege.g.,laserrangescanning
[LPC 00Q] and alphamatte acquisition[MBR 00Q]) genef
ateoutputin the form of an arbitrary setof pointsin space
Wherethe propertief thesepointscannotbe discernedi-
rectly, they mustbe inferredalgorithmically While thereis
a classof algorithmsfor direct renderingof point datasets
(e.g.,surfels[PzvBG0(Q, andQSplat[LPC 00]), therehave
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alsobeena collectionof algorithmsfor reconstructingon-
tinuoussurfacesfrom point datasetsBecauseof noiseand
imperfectionsintroducedin the acquisitionstage,suchal-
gorithmsmustlist noisetoleranceasa priority. Most algo-
rithmsavailablecanbeclassi ed as:

Primitive list — a polygonal meshis constructedby
addingtopologicalconnectities to points.For example,
Turk andLevoy [TL94] usedtriangulationto t atriangu-
lar meshto the point dataand performedweightedaver
agingin overlappedareasAmentaetal. [ABK98] useda
Voronoi-basedpproacho reconstruca triangularmesh.
Bernardiniet al. [BMR 99] developeda methodfor re-
constructinga triangularmeshby connectingieighboring
pointswith a ball pivotedarounda seedpoint.
Functionaland parametricsurface— a functionalpara-
metric surfaceis found to approximatethe surface.For
example,Hoppeet al. [HDD 92] devised a reconstruc-
tion methodbasedon determiningthe zerosetof an es-
timateddistancefunction. Distance elds werealsoused
by Curlessandlevoy [CL96] andWheeleretal. [WSI9§
for reconstructingan implicit representatiorirom point
datasetsLei et al. [LBC96] tted high degreeimplicit
polynormalsto point data. Krishnamurtly and Levoy
[KL96] proposedto t smoothsurfacesto the recon-
structed polygonal meshes.Pratt [Pra87 developed a
least-squaretting algorithm for de ning an algebraic
surface over a point datasetLee [Lee0(Q, Alexa et al.
[ABCO 01], Mederoset al. [MVdF03] AmentaandKil
[AKO4] useda moving leastsquaresnethodto t acon-
tinuoussurfaceto asetof points.Carretal. [CBCO]] used
radialbasisfunctionsfor their reconstruction.

4.1.3. Skeletonization

A skeletonis a usefulshapeabstractiorthatcaptureghees-
sentialtopology of an objectin bothtwo andthreedimen-
sions.It is usedextensvely in commerciacomputeranima-
tion packagesandis thereforeof interestfor volume ma-
nipulation and animation.lIt refersto a thinnedversionof
the original object but still retainsthe shapepropertiesof
the original object.In 2D, the skeletonis alsoreferredto as
the medial-axis.In 3D, the term skeletonhasbeenusedfor
bothamedial-surbceanda moreline-like representatiorin
[Blu67], agrass- reanalogyto the skeletonis given, thatis,
the skeletonconsistof the pointswheredifferent re fronts
intersectlf a re wassimultaneouslystartedon the perime-
ter of the grass,the re would proceedo burn towardsthe
interior of the object. Whentwo re fronts meeteachother
the re will bequenchedln 2D, the re will quenchalonga
cune.In 3D, thetwo re frontswill meetalonga surfaceor
acune.

Recently there has beeninterestin extracting a line-
like 1D skeletal-representatioirom a 3D object. The
line-like skeletonis also referredto as a curve-sleleton
[SNSO02, inverse-kinematicbone skeleton (IK-skeleton)
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[Dis04], or centerline skeleton. In this suney we refer
to it as a curwe-sleleton. Fine curve-sleletons are use-
ful for mary different geometrictasks, such as, virtual
colonoscop and virtual endoscop [HHCLO1, PC871,
3D object registration [AJWBO01, AB0O2, PFY 99], com-
puter animation (both polygonal and volume animation)
[Blo02, Dis04, GS99 GS01, TK03, WP02 LWM 03],
matching [SKKO02, SSGDO03, surface reconstruction
[Ley03], vesseltracking[ABO02], and curved planarrefor
mation[KFW 02]. While thereis no precisede nition for
a curve-sleleton, there are numerousdesirableproperties
of both the skeletonandthe skeletoncomputationprocess.
These properties depend upon the application that the
cune-sleleton is being used for, and include thinness,
centerednesgint separationteliability, etc.

The useskeletonasa meansspecifymanipulationor de-
formation of a volumetricmodelin volume animationwill
befurtherdiscussedn Section6.3.

4.2. Processingand Mor phing
4.2.1. ProcessingDSORs

The processingf DSORscan sene to enhancethe visual
interpretationof the data, carry out structural alterations
to objectscontainedwithin, or convert the representation
into an alternatve for bettertransmissioror storage Most
techniquegeviewed in this sectionare appliedto both 2D
[GWO0]] and3D DSORs.

Grey level transformations— Basicgrey level transfor
mationsoperatingon a valueby valuebasisareemployed
to enhancdSORs for instanceto increasecontrastur-
ing visualization.Gammacorrectionis a commonoper
ation usedto non-linearlybrightenor darkenin orderto
enhanceontrasion non-lineardisplaydevices.
Statisticalprocessing— Statisticalpropertiesof DSORs
(e.g.,histograms)canbe computedandusedto enhance
DSORs(e.qg.,equalization) High dynamicrange (HDR)
methodswere appliedto imagesusing histogramequal-
ization[DM97] andtheir usefor displayingvolumedata
onHDR displayswasrecentlystudied GTHOS.

Spatial Itering — Filtering can be usedto smoothor
sharpenfeaturesin DSORs,and is also usedfor deter
mining the derivative of a discreteimageor volumefunc-
tion. Low-pass lters averageneighboringvaluesto re-
move noise and to blur DSORs, high-pass lters im-
plement spatial differentiation to highlight edgesand
discontinuities.A numberof high-pass lters are used
to calculatederwatives (e.g. Sobel, Gaussian,Zucker-
Hummel[ZH81], centraldifferencesintermediatediffer-
ences),along with adaptve schemeqdTHB 90Q]. Filter-
ing hasbeenusedto denoisevolumedatato enhanceyi-
sualeffects,suchasrefractionfRC04, andto createanti-
aliasedvoxelizationsof objects{ SK0Q. Filtering canalso
take placein thefrequeny domainof a DSOR[Mal93).
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Arithmeticandlogical operations— Arithmeticandlogic
operationcanbe appliedto multiple DSORsto facilitate
combinationabperationssuchasmaskingandblending.
For example,arithmeticandlogical operationsvereused
to provide the DSOR equialent of CSG, namely con-
structivevolumegeometry(CVG) [CT0(. Changedetec-
tion operationswhich are built upon mainly arithmetic
and logic operationswere usedto constructvideo vol-
umesfor the purpose®f videovisualization[DC0J.
Morpholagical opemtions— Erosion dilation, opening
andclosingarecommonlyusedmorphologicabperations
on 2D and 3D DSORs[GWO01]. Erosionremoves exter-
nal partsof anobject(dependingiponthe structuringel-
ement),while dilation addspartsto the boundaryof the
object.Openingenlagescracksandcavities, while clos-
ing closesup cavities andsmoothsspikes.Morphological
operationsanbe appliedto binary dataaswell asmulti-
valueddataDistance eld DSOR<anbeusedo facilitate
fastmorphologicabperationgJon01.
Distancetransforms— A distanceeld D is arepresen-
tationwhereat eachpoint p within the eld, D(p) repre-
sentghedistanceérom p to theclosespointonary object
within the domain.Given a DSOR, distancetransforms
arethe procesf applyingtemplateso eachpixel/voxel
in the DSORIn orderto propagte distancesaroundthe
DSOR. Methodsfor distancetransformsinclude Cham-
fer [SNS032, Vector [SJO] and Fast Marching Methods
[Tsi95 Set9§. Distance eld DSORscanbe usedin vol-
ume morphing (see4.2.2, and for voxelizing continu-
ous objectrepresentationge.g. triangularmeshobjects)
[Jon96 JS01.

There are other DSOR processingmethodsthat may
alsointroducegeometricalchangeso DSORs,thoughin-
tentionally thesemethodsaimsto minimize suchchanges.
Suchmethodsincluding Fourier transform(e.g.,[Mal93)),
wavelet transform (e.g., [SS9§), watermarking (e.g.,
[WGKHO01] for volumeand[CWPGO04 for point datasets)
andcompressiorge.g.,[Jon04).

4.2.2. Metamorphosisof DSORs

Given a starting DSOR Da and a nishing DSOR Dy,
metamorphosigor commonlyreferredto as morphing is
a processthat generatea sequencef inbetweenDSORS,

from D4 to Dy,. For DSORsde ned uponregulargrids,such
asimagesandvolumedatasetshis transformatiorfrom one
DSORto anothetis usuallyunderthein uence of two con-
trol structuresLet C4 andCy, bethe controlstructuresasso-
ciatedwith Da andDy, respectiely. For eachDSORD;, an
inbetweencontrol datasetC; is rst obtainedasaninterpo-
lation of C4 andC,,. G; is thenused,in conjunctionwith Ca
andC, respectiely, to deformDa and Dy, resultingin two
distortedDSORsDj; andDj,. The inbetweenvolumeD; is
thenobtainedastheinterpolationof Diz andDjy.

Accordingto the useof control structuresapproacheso

metamorphosisf DSORscanbe classi ed into the follow-
ing threecateories:

CrossDissolving— Methodsin this cateyory requireno
controldatasetsThe simplestcrossdissolvingmethodis
a linear interpolationbetweenthe two DSORswith the
samegrid organizationin the spatialdomain.In volume
morphing,whenthe emphasiss givento a particulariso-
surface distanceelds are rst constructedor thestarting
and nishing volumes andthecrossdissolvingprocesss
thenappliedto thedistanceelds [PT92 CLS98 BWO01].
To enhancehe smoothnessf theinbetweerDSORs the
Fouriertransformhasbeenusedto schedulgheinterpola-
tion in thefrequeny domainby favoring high-frequeng
componentghat are de ned by the thresholdof an in-
terestedsosurfice[Hug97. Wavelet transformhasalso
beenemplo/edin volumemorphingin a multi-resolution
mannefHWK94].

Themethodsn this cateyory aregenerallyeasyto use

and require little humaninterference.The smoothness
of the inbetweenDSORsis well achieved with methods
basedon wavelets and distance elds. However, meth-
odsin this category have dif culties in specifyingcom-
plex morphinginvolving geometrictransformationsuch
asrotation.
MeshWarping — Meshwarping methodsutilize control
structuresto de ne spatialsubdvisionsaswell ascoor
dinatemappingsWith images.a meshwith triangularor
quadrilateraklementss usuallyusedasa planarsubdii-
sionde ned over theimages[SP88. In 3D, a meshwith
tetrahedraklementr hexahedraklementgwith quadri-
lateralfaces)s usedasavolumesubdvision overvolume
dataset§CJT9g.

In meshwarping, the distortion is constrainedoy in-
dividual elementsandit is thereforerelatively easierto
achieve a desiredtransformationwithout causing ghost
shadavs' [BN92] provided thereis no “fold-over' struc-
ture. However, in mary casesthesemethodsrequire a
control meshconsistingof a very large numberof ele-
ments. The manipulationof 3D subdvisions througha
userinterfacealsoseemso be somavhatproblematic.
Field Morphing — In eld morphing, control structures
are usedto specify the correspondindeaturesof in the
DSORsconcernedAlthoughit requiresuserinput of the
control structuresfeature-basedeformationhasdemon-
stratedits e xibility andcontrollability. A variety of ge-
ometric shapessuch as points, lines, boxes and discs,
have beenusedto specify featuresand coordinatemap-
pings [BN92, CJT95 LGL95, CJT96 FSRRO(Q. Due to
theneedsf coordinatemappingssupplementaryectors
arerequiredfor some3D shapestesultingin thedif culty
in de ning andmanipulatingfeatureswithout a sophisti-
cateduserinterface.
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4.3. SegmentingDSORs

Seymentatioris anextensie subjectdueto boththedemand
for segmentation(particularlyin medicalanalysis)andthe
compleity of sggmentatiorin general Segmentatiorfor 2D
DSORs(e.g.,images)hasbeenwidely researchednddoc-
umentedWhile greatefforts have beenmadeto devisetech-
niquesfor sggmenting3D DSORs(e.g., volume datasets),
unfortunatelymost2D methodgdo notlendthemselesnat-
urally to 3D. Instead,volume datasetsare commonly seg-
mentedslice by slice.

Sggmentationis an effective meansfor addingsemantic
informationinto a DSOR,andsuchinformationcanbe use-
ful to volume deformationand volume animation(e.g.,in
determiningthe physical propertieof a voxel). Meanwhile,
deformablemodels,suchas snales,arealsodeplo/ed asa
tool in somesegmentationtechniquesSegmentationtech-
niguesfor both imagesand volumescantypically fall into
oneof thefollowing catgories.

4.3.1. StochasticMethods

Thresholdingis the most basic segmentationtechnique,
where voxels are classedstrictly accordingto value. The
techniquefails with low-contrastvolumes,and introduces
aliasingartifacts[LK03].

Related to thresholding is the watershed transform
[VS91], and hasthe adwntagethat it can be extendedto
3D quiteeasily An improvedmethodby [HPO3 extendsthe
immersion-basedransformby building a hierarchicaltree
structurefrom the resultingbasinsallowing for quick iden-
ti cation of individual objectswithoutthenecessityf meig-
ing the basinsentirely.

Algorithms can be designedto choosethresholdsauto-
matically from histogramanalysisas in [KEKO03], where
Gaussiarcurvesfor boththresholdsireautomaticallyfound.
If thethresholdshave a transitionzoneinbetweenthe clas-
si cation relies on the standarddeviation of the 26 neigh-
borsof the voxel. The remainderof the algorithmrelieson
morphologicalklosureandregion-graving techniqueswith
someuserinteractionrequiredfor guidancewhere,for ex-
ample thereis avery ne gapbetweertwo objects.

Reagion-graving techniquesttemptto groupsimilar vox-
elsinto regionsof increasingsize, but the quality of result
largelyreliesonthechoiceof aseedpointto begin. Lin etal.
[LITO] createchnunseededersionof thealgorithmwhere
seedsare automaticallyde ned, removing the requirement
for userinteraction.

4.3.2. Biologically-inspired Methods

A recenttrendin segmentationhasbeenthe useof arti -

cial neuralnetworks [RAQQ]. The strengthof usingsucha
techniqueis that it canlearn from pastexamplesof seg-
menteddatasetsAhmedand Farag[AF97] usea two-stage
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systemcomprisingof self-oilganizing componentsanalysis
networks and self-oiganizing featuremapsfor segmenting
a CT datasetSelf-omganizing featuremapsattemptto rep-
resentthe three-dimensionatiatain only two dimensions,
groupingtogethersimilar objectswith no userinteraction.
They arealsotrainedautomatically

LEGION (locally excitatoryglobally inhibitory oscillator
network) systemsattemptto mimic themanneiin which the
brainanalysegeaturesrom visual cortex oscillations.This
framewvork wasderivedfrom theoreticalwork andrecentex-
perimentalevidence.The ideais thatthe oscillationsin the
visual cortex can be implementedin software, attempting
to reverse-enginedhe brain's framework for detectingand
identifying objectsin a sceneBecausef the complity of
sucha systemsimpli ed algorithmsare developedto work
with largedataset§SWY99.

4.3.3. Data Mining Methods

Clusteringcanbe de ned asa measuremerdf similarity in
imageregions.Clusteringtechniquesattemptto groupvox-
els togetherthat display similar prede ned characteristics.
An N-dimensionalectoris built from eachvoxel basedon
thepropertieof thatvoxel, thesetof all N-dimensionalec-
torsis thenfed into a clusteringalgorithm.Oneof the most
popularclusteringmethodss K-meansclusteringwhich at-
temptsto form n disjoint, nonemptysubsetdy groupingto-
gether’similar' voxels. Closelyrelatedis fuzzy clustering,
which utilizes fuzzy if-thenrulesto determineobjectmem-
bership.

Popularalgorithmsfrom graphtheorycanbeusedin con-
junction with clustering.Edgesare built betweenvertices
(voxels)thatdisplaysimilar propertie§WL93], andarethen
removedfromthegraphwheretheverticesouchingtheedge
fail to satisfythe similarity measureTheresultis agraphG
thatconsistf n unconnectedubgraphsywhich correspond
to the sggmentedegions.

Markov RandomField is a statisticalmodel that can be
usedalongsideclusteringto achieve automaticsegmenta-
tion. Sucha eld stochasticallyde nes local propertiesof
the datasetn a completelygeneralizednannerby model-
ing spatialinteractionbetweervoxels[RGR97. Suchalgo-
rithms unfortunatelyare computationallyexpensve andare
heaily in uencedby thecontrollingparameters.

4.3.4. Knowledge-basedsegmentation

Knowledge-basedapproachesautilize additional input to
assistwith the segmentation process,usually using an
pre-generatedatlas for the known dataset,as adoptedin
[SvL 03]. This is combinedwith a watershedransformto
createpartitions of similar areasof the datasefSLK 03].
Theatlasis a pre-sgmenteddatasethatis spatiallyaligned
with thetamgetdatase{referredto asregistration]MV98] or
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atlas-varping).A disadwantageof this methodis thatmulti-
ple dataset®f the sameobjectarerequiredfor atlasgener
ation,andthereis no guarante¢hatthe atlaswill matchthe
tametdatasetn a satishctorymanner

Atlas information can also be factoredinto previously
stochastienethodssuchassnalesor statistically-basedeg-
mentationFRZ 05] for enhancegrecision Grauetal. give
animprovedwatershedransformthatusesprior information
toimproveaccurag [GMA 04]. In generalatlas-guide@p-
proachesxcel with medicaldatasincethey assistwith not
only the sggmentatiorstage but alsowith the correctlabel-
ing andidenti cation of theresultingregions.

4.3.5. Deformable Models

Deformablemodelsoffer a e xible, accurateapproachto
segmentationsuchmodelsgenerallyhandleimagenoiseex-
tremelywell, andalsoallow for sub-voxel accurag. Enegy-
minimizing snalkes[KWT87, MT95] remainthe mostpopu-
lar deformablemodelfor imageand volume segmentation.
Snalesareparametricontourmodelsthatactively (i.e. with
userinteraction)attemptto minimizetheir enegy as:
Z,
Esnate = o Eint(s) + Eext(S) + Eimg(9)

whereEjnt, Eet andEjmg representheinternal(dueto bend-
ing), external (userde ned constraints)and image forces
(edgedetection)respectiely.

Sggmentatiorof volumedatasetsvith thesnale modelin-
volvesaslice-by-slicesggmentationwith a 3D surfacebuilt
from the resulting contoursfrom eachslice. Ballerini and
Bocchi [BBO3] extend the idea slightly by using multiple
shalesthat communicatdo sggment2D radiogramimages
of the hand.Miller etal. [MBL 91] extendedthe enegy-
minimizationmodelinto thethird dimensiorby constructing
apolygonal balloon'insidetheobjectthatgrowsto conform
to the surfaceof the objectof interest.Interestingly the ob-
ject classi cationis a simple thresholdoperation.Tek and
Kimia [TK95] usea reaction-difuse basedmodi cation of
the bubble modelwhich improvesthe behaior nearsharp
edges.

4.3.6. Interaction-Intensive Approaches

Humaninteractionis oftenrequiredn medicalsegmentation
to ne-tune ary segmentationefforts madeby the system.
This approachis usedwith greateffectin the PAVLOV sys-
tem [KK99]. A parallel CPU systempowersthe rendering
of the sggmentediataseto allow for real-timeupdatesThe
useris invited to segmentthedatasetisingthresholdingand
erosionanddilation morphologicabperations.

Sherbondyetal. [SHN0J usea GPU-basedmplementa-
tion of the seed- Il algorithmto sggmentareawf interestA
signi cant speedupver thatof SSE2-acceleratedPUcode

wasachiezed. Combinedwith hardware-acceleratedender
ing, the useris ableto sgmentthe datasetindview results
in real-time.

4.3.7. GeneralizedAlgorithms

Theavailability of high-performanceomputerdiasacceler
atedthe useof volumevisualizationwhichin turnis pulling
the researctfocusof imageseggmentationinto volume seg-
mentation.The requiremenbf accurateandautomatedey-
mentationtechniquedor useparticularlywith medicaldata
often promptsresearcher® devise new algorithmsandhy-
brid techniquesvhichareoptimizedspeci cally for asubset
of thehumananatomy Suchalgorithmstendto excel atthe
taskthey aregiven,oftenautomatically

Generalized segmentation algorithms require a large
amountof userinteractionto provide a start point within
the datasetor to guide the algorithmasit attemptsto lo-
cateareaf interest.Suchalgorithmsareusuallystochastic
in nature attemptingto locateareasof interestaccordingto
thedatafoundduringtherun. It is currentlyunclearwhether
acompletelygeneralvolumesggmentatioralgorithmor uni-
ed setof sggmentatiormethodsanbedevisedto work pro-
ciently onavarietyof datasets.

4.4. RegisteringDSORs

Registrationnormally requiresa threestepapproachin the
rst stepfeaturesareextractedfrom theDSORs.Thesecond
stepcarriesout a featurecorrespondencim orderto derive

thespatialtransformatiorbetweerthe DSORs andthethird

steprequireghe calculationof thedeformatiorto take place
betweertheDSORs.

Thetransformatiormaybeglobal(i.e.,the sametransfor
mationappliesoverthewhole DSOR)or local (i.e., different
transformationgpplyto subset®f theDSOR).Thetransfor
mationmay berigid (only translationsandrotationsarein-
volved),af ne (translationsrotations dilationsandshears),
projective or elastic (e.g., lungs expanding,heartbeating,
joint deforming).

The procesof registrationfor projective transformations
(andthespecialcase®f af ne andrigid transformationsin-
volvesdeterminingthe4 4 matrix for the transformation.
Thismayneedto bedeterminedat spatialsubsetsn thecase
of local transformationsElastic registration usually deter
minesthetransformatiorasa functionbaseduponlocation.
In bothcasedliscontinuitieamayariseatboundaries.

Brown [Bro92 publisheda comprehensie suney of
image registration methods.Further registration methods
from the period 1992 to 2003 are suneyed by Zitova and
Flusser[ZF03. Imageregistrationtechniquesnow spana
wide rangeof researchactivities and applications,includ-
ing: applicationsin remotesensing(multispectralclassi -
cation,ervironmentalmonitoring, creatingsuperresolution

¢ TheEurographic#ssociation2005.



Chenetal. / DiscretelySampledObjectRepesentations 123

imagesjntegratinginformationinto geographiénformation
systems)applicationdn medicine(combiningcomputerto-

mograply andMRI datato obtainmore completeinforma-

tion aboutthe patient,monitoringtumourgrowth, treatment
veri cation, comparisorof the patients datawith anatomi-
cal atlases)applicationsn cartograpk (mapupdating) and
applicationsin computervision (target localization, auto-
maticquality control),to nameafew [ZF03 MV98].

Maintz and Viergever [MV98] presenteda full classi-
cation of the stagesinvolved in medical registration in
their excellentsunwey, wherethey identify nine criteria for
the classi cation.Makelaetal. [MCS 02] offereda suney
andreview of variousrigid andelastic(cardiac)registration
techniguesand commentedon the performanceaccurayg
and suitability of eachtechnique.Cardiacregistrationcan
presentheadditionalproblemof calculatingtheregistration
in 4D (3D spatialandtime). Zuk and Atkins [ZA96] pro-
vided a comparisorof severaltechniquedor rigid transfor
mations.

4.4.1. Feature Extraction and Correspondence

The rst stageis to identify featuresin eachDSORto be
registered,and secondlyto establisha correspondencbe-
tweenthosefeaturesThevery simplesttechniquegandper
hapsmostaccurate)usemarkersintroducedto the DSOR.
In comparingthe variousmedicalregistrationmethods re-
searcherseferto the useof ( ducial) markersasthe "gold
standard[PWL 98], whereknowvn markers are physically
introducedto the scannedbjectsto helpfeaturecorrespon-
dence.Suchmarlersare chosenso thatthey canbe identi-
ed accuratelyandautomaticallythusremoving errorsand
costlyinteraction.Theiraccurag ensureshatsuchmethods
may beusedasa benchmarkor alternatve approaches.

Wheremarkerscannotbe introduced(existing dataor in-
troducingthemarlerswill obscureor confusethedata)then
landmarksalreadyin thedatahave to beidenti ed for corre-
spondencdn this casetechniquesuchascrosscorrelation
(in the spatialor frequeny domain),maybeusedto identify
thelandmarksPenng etal. [PWL 98] reviewed several of
thesetechniquesncluding crosscorrelation.In somecases,
someuserinteractionmayberequiredto 'correct’' misjudged
correspondencgdon0], orif largeenougmumberof cor
respondenceare found, thosethat exceedthe meanby a
large amountmay be rejected.Otherapproachebave used
objectnormalswithin the 3D scandataand2D X-ray image
datato createcorrespondencgd LSP03, or have usedB-
splinesto de ne non-rigidtransformationgndthenvarying
the controlpointswhilst applyingcorrelationfRSH 99].

4.4.2. Transform Determination

Oncea featurecorrespondencéasbeencreated,an opti-
mizationprocessnustbefollowedin orderto determinghe
transformationQuite oftena simplerrigid bodytransforma-
tion is usedto calculatedthe grossalignmentbetweentwo
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DSORs(calculatedglobally), followed by an elastictrans-
form to createa ner matchbetweencorrespondingoints
[zA96, BFOJ.

In mary casege.g.[PSRPO]) the userwill give anini-
tial indication of correspondencandalignmentof ducial
marker(s) (sometimesalled the knownpoint methog, and
then an iterative processwill adjust parameterswithin a
rangeof translation@ndrotationsaroundtheinitial estimate
until the bestsolutionfor the globalrigid transformatioris
found. Often hierarchicalapproachesreemplo/ed to sim-
plify computationduring the exploration of the parameter
searchspacqd Bor88 RSH 99, BF0J.

Optical ow methodgBFB94 createa vector eld indi-
catingthecorrespondendeetweertwo DSORS(i.e.thevec-
tor eld indicatesthe directionandvelocity thateachvoxel
shouldmove with in orderto reachits correspondingpoint).
Barronetal. [BFB94 give agoodreview of the variousap-
proachedor calculatingthe ow eld.

Surfacebasedor segmentationbasedmethodsrely on a
sggmentationof the surfacecontainedwithin the data(usu-
ally into contoursets) A distancedransformis usedononeof
thecontoursets andthenthe distancesoveredby the other
contourareusedto calculatedheroot-mean-squardistance
betweenthe two contoursets[Bor88. This is minimized
by adjustingthe translationand rotation betweenthe con-
tour sets(rigid transformation)Hierarchicalmethodsmay
beusedto increaseconvergence.

In voxelsimilarity or mutualinformation or relative en-
tropy methods[SHH9§ a 2D histogramis createdwhere
eachpoint (i; j) hasthe numberof voxels that occur with
value i at a position in the rst volume and value j at
the samepositionin the second Maximizing the valuesin
the histogramis equivalentto registeringthe two volumes.
Studholmeet al. [SHH9§ usea multi-resolutionapproach
anditeratethroughvarioustranslationaland rotationalval-
uesto maximizethe function. Fei et al. [BFOJ alsousea
featurecorrespondencehich is re ned usingoptimization
of mutualinformationin volumesof interestaroundthefea-
tures.Thelocal transformis thenmodeledusingathin-plate
splinetransformatiorwhich is optimizediteratively. Reuck-
ertetal. alsousea similar methodto nd the globaltrans-
form, andthenuseB-splinesto modelthe local transform,
andoptimizethoseusingasmoothnespenaltyandmultires-
olution approach.

In generaljt seemshe bestapproach(in termsof speed
andaccurag) is to determingheglobalrigid transformhier
archicallyusinganoptimizationof choice.For thelocalelas-
tic transform,somemodel (suchas B-splinesor thin-plate
splines)is used,andthenoptimizeduntil the approximating
transformis found.
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4.5. Interacti ve Manipulation

A small numberof software systemshave beendeveloped
for interactve modelingof volumeobjectsusingprocedural
toolsandoperator§ WK95, GH91, AS9€]. In particular the
metaphorof sculptingand painting hasbeenemployed to
manipulatevolumeobjects,includingbothsolids(e.g.,mar
ble andwood)andsoft objects(e.g.,clay or wax-like sculp-
tures).For example,a saving tool may be usedto remove a
large pieceof materialfrom anobject,while aheatgunmay
be usedto melt away soft materialson the object.

The use of sculpting metaphorfor surface-basedye-
ometric modeling has been studied extensvely (e.g.,
[Coq9Q Nay9Q SPE 90, SP8§). Galyean and Hughes
[GH9]] rst introducedthis conceptto interactve volume
modeling. A numberof tools were developed,which are
also discretizedand which include “toothpaste'for adding
voxels, "heatgun' for melting away voxels, ‘sandpaperfor
smoothingan objectby wearingaway the ridgesand lling
the valleys. [WK95] extended this approachto include
“carving' and ‘sawing' tools. Particular attentionwas paid
to prevent the aliasing causedby the sculpting process.
[AS9q useda force feedbackarticulatedarm to command
volumesculptingtools,including “paint’, ‘melt' “construct’,
“burn’, “squirt’, “stamp'andairbrush'.[Bar9g proposedin
octree-basedpproactto accelerat&olumesculpting.

Recently[REO( proposed hierarchicabpproactbased
onthescalartensomproductuniformtrivariateB-splinefunc-
tion. The sculptedobjectis evaluatedaszerosetof the sum
of the collection of the trivariate functionsde ned over a
3D working space resultingin multi resolutioncontrol ca-
pabilities. The continuity of the sculptedobject was gov-
ernedby the continuity of thetrivariates A collectionof B-
spline patcheswith arbitrary position, orientation,and size
wasusedto representhescalar led. To sculptthevolume,
userselectghe patchin which objectis de ned usingthea
tool to modify the scalarcoefcients.

5. Deforming Discretely SampledObject
Representations

In this surwey, the term deformationrefers to intended
changeof geometricshapeof an objectunderthe control
of someexternalin uence suchasa force. To facilitatethe
computatiorof geometricchangesadeformablenodelnor
mally hastwo primary componentsa datarepresentation
andan algorithmbasedon a physical or mathematicaton-
cept. Applicationsof deformationtechniquesnclude com-
puter animation,object modeling,computeraidedillustra-
tion, sugical simulation,andscienti ¢ visualization.

In this section,we focus on thosetechniqueghat are of
a strongrelevanceto discretelysampledobjectrepresenta-
tions (DSORs).theseinclude thosetechniqueghat operate
directly on DSORs,aswell asthoseinvolve geometricrep-
resentationsxtractedrom DSORs Table2 listsacollection

of previous developmentdn this area,andtheir maintech-
nical characteristicsAfter a summaryof non-plysically-
baseddeformablemodels,we brie y examineseveral ma-
jor physically-basednodelsthathave beendeplo/edfor de-
forming DSORs . We thenconsidertechniquedor rendering
deformationdirectly. Finally we give anoverview of DSOR
deformatiortechniquesn thecontet of aparticularapplica-
tion, namelysumical simulation,whereDSORdeformation
couldpotentiallyplay amajorrole.

5.1. Empirical Deformable Models

Empirical deformablemodelsareNon-physically-basede-
formable models which are designedto imitate physical
behaiors of deformableobjectswith little or very limited
physicsin their computatioralgorithms.

Since DSORscontainlimited geometricaland topolog-
ical information, one commonapproachis to associatea
DSORwith a geometry-basedontrol structure which de-
formsupontheinputof adeformatiorspeci cationandthen
transferdts geometricchangedo the DSORconcerned.

Severaltraditionalfunctionalandparametrienodelsmen-
tionedin 2.2have beemappliedto DSORdeformationwhich
include:

applyingglobal andlocal deformation/Bar84 Bar8g to
volumedatasetshroughray de ectors[KY95] or spatial
transferfunctions[CSW 03];

applying free-form deformation [SP8§ to volume
datasetshroughvolumeboundingboxes[CSW 03];
employing a collection of pre-de ned proceduraldefor
mationspeci cationsto segmentedsolumedatasetn in-
teractve dataexploration[MTBO3];
transformingavolumedataseto animplicit mode] which
is thenusedto facilitateparametriccontrolfor deforming
thevolumedatasefHQO04];

applying splitting operationgo volume datasetsand hy-
pertexturein a combinationamannerusingspatialtrans-
fer functions[IDSC04.

On the otherhand,DSORsare sometimesuperimposed
uponsurfaceor solidmodelsto assisin deformatiorcompu-
tation.For example level setswereemployedfor deforming
surface-baseabjects[Whi04, LKHWO03], and deformable
distance elds were usedto estimatepenetrationdepthfor
elasticbodies[FLO1].

An interesting development of empirical deformable
modelsis the chain-mail algorithm [Gib97], which utilizes
thegrid topologyin avolumedataseto propagtedisplace-
mentas 'messages'.

In recent years, empirical deformable models have
beenappliedto point-basedepresentationsTheseinclude
free-form deformation [PKKGO03, and haptic-texturing
[HBS99.
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Reference Data Representation Computational model Application Context
[Bar84 genericsolid models empirical(global/localdeformation)

[Bar8q parametric/implicisurfaces empirical(spacewarp)

[BAZTOA4] dynamicmodels nite element shaperecognitionin 2D images
[BC9q tetrahedramesh nite element sumgical simulation
[BJOY] sphericaimesh radialelementmethod sumgical simulation
[BMWO1] triangularmesh massspring softtissuesimulation
[CBO]] long elementmesh nite element sumgical simulation
[CD99 tetrahedramesh nite element realtime sugical simulation
[CBS9q implicit surface empirical(sweptobjects)

[Coq9q polygonalmesh empirical(free-fromdeformation)

[CRY4 polygonalmesh empirical(free-fromdeformation)

[CSW 03] volume empirical(spatialtransferfunction)  volumevisualization/animation
[CZK984 triangularmesh mass-springnite element

[DCA99 tetrahedramesh nite elementandtensomass sumgical simulation
[DDCBO01  hierarchicatetrahedramesh “explicit' nite element real-timedeformation
[FLW93] superquadrics empirical(superquadrics)

[Gib97] volumegrid empirical(chainmail)

[HHK92] rectangulamesh empirical(b-spline-base&FD)

[IDSC04 volume empirical(spatialtransferfunction) splitting andexplosion
[Jon03 volume nite differences ice melting
[KCMOQ] polyhedralmesh NURBS massspring, nite element sumical simulation
[KMH 04] point-based linearelasticity collision handling
[KWT87] 2D curvesonimages enegy minimizing snales

[KY95] volume empirical(ray de ectors) volumevisualization
[LKHWO3] polygonalmesh empirical(level set)

[LW94] cune, surface,solid empirical(NURBS-basedrFD)

[MDM 02 tetrahedramesh nite elementgelasticity real-timedeformation
[MKN 04] point-based moving leastsquares

[MSCS03 tetrahedramesh massspring sugical simulation
[MTBO3] volume empirical(proceduramodels) volumevisualization
[MTGO04] Hexahedraimesh nite element

[NC99 rectangulamesh empirical(NURBS-basedrFD)

[NT9g] triangularmesh massspring,elasticity

[PDAO3] tetrahedramesh nite elementnon-linearelasticity liver laparoscopichaptic
[PKKGO3 point-based empirical(free-formdeformation)

[PLDAOQ] tetrahedramesh nite elementglasticity laparoscopisugical simulation
[PPGO3 point-based moving leastsquares contacthandling
[Pw8q genericsolid nite element

[RRTP99 unstructuredurfacemesh massspring sugical simulation
[RSSSGOL volume empirical(gradientdeformation) hardware-assistetendering
[SBH 0Q] rectangulamesh nite element laparoscopisumgical simulation
[SP8§ genericsolid empirical(free-fromdeformation)

[SP9] implicit surface empirical(deformationmap)

[TBHFO3 triangularmesh nite volume skeletalmusclesimulation
[TM91] superquadrics empirical(superquadrics)

[TPBF81 cune, surface,solid elasticity

[WMW86] implicit surface empirical(implicit surface)

[WGG99 implicit surface empirical(implicit surface)

[WT04] triangular/tetrahedrahesh nite element softtissuesimulation
[Ww9q] genericsolid low degree-of-freedom

[wwo2hn b-splinesurface empirical(parametrianodel)

[XHW 05 rectangulamesh nite element heartmodeling

Table 2: Summaryof a collectionof exampledeformablemodels.
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5.2. Physically-basedModels

As shavn in Table2, almostall physically-basednodelsare
associatedvith a meshdatarepresentationtypically with
triangularor rectangularlementdor surfacesandtetrahe-
dral or hexahedralelementdor solidsor volumes.In most
applicationsnvolving DSORs suchdatarepresentationsan
be extractedor reconstructedrom DSORsusing the tech-
niguesdiscussedn Section4. They can be coupledwith
DSORsandactasthe control structurefor DSORdeforma-
tion. For mesh-centereghysically-basedleformablemod-
els,readersareespeciallyencouragedo consultseveralim-
portantsurweys,including....andSTAR4. To maintainacer
tain degreeof self-containmenof this suney, we brie y de-
scribeseveral commonlyusedphysically-basedieformable
models.

Mass-springMlodels— In mass-springnodels,anobject
is approximatedasa nite meshof points. The mechan-
icsof deformatioris de ned asasecond-ordedifferential
equationwhich speci esequilibrium at the meshpoints.
Verticesare adoptedas nodesin a mass-springnodel,
which are connectedvia springsto their neighbors.An
initial conditioncanbeassignedo eachvertex andthein-
ternalforce actingon a verticesis calculatechasedupon
its local neighbors.This force is then usedto calculate
vertex motionusingNewton's law of motion.

Finite ElementMethods(FEM) — Unlike mass-spring
modelswheretheequilibriumequations discretizedand
solvedat nite massoints,theFEM systemis discretized
by representinghe desiredfunctionwithin eachelement,
asa nite sumof element-speci dnterpolationfunctions.
FEM is usedextensiely in computergraphicsfor defor
mation(e.g.,[PW89 BC96)).

ContinuunModel— A continuummodelof adeformable
objectis a function of the forcesacting on the material
propertiesof the object. Sinceit is not always possible
to nd aclosed-formanalytic solution of sucha contin-
uum model,a numberof numericalmethodsare usedto
approximatehe objectdeformationf TPBF87 TW88§].
Low Degree-of-feedomModels — This classof mod-
els are designedto reducethe computationalcosts of
aborementionecdbhysically-basedmodels.For example,
one may use a systemof equationsthat are linearly
independent{SPE 90], have a restricted class of de-
formation functions [WW90], add physical behaior to
the traditional geometricmodeling primitives as para-
metric surfacepatcheg WW92H, useiterative solutions
for the rst-order differential equationof deformation
[BBC 94, preprocessingon-linearityin high-orderdif-
ferential models [CD99, and linear elasticity theory
[MKN 04, KMH 04].

5.3. Rendering Deformation

Traditionally, deformationis performedat the modeling
stagewhichresultsin anexplicit deformedobjectto befor-

wardedto therenderingstagelt is oftendesirableo couple
themodelingandrenderingof deformatiortogethetto facil-
itate interactive deformationor reducethe needsfor gener
ating explicit deformedobjectsat eachtime step.This ap-
proachis particularly effective whendeformationrendering
is acceleratedy using moderngraphicscards.The major
developmentsn this areainclude:

Kurzion and Yagel [KY95] introducedthe conceptray-
de ector of for deformingvolumedatasetsluringtheren-
dering stageby deformingviewing rays using linear or
non-linearde ectors. In additionto traditionalgeometric
transformationthereare de ectors designedo split and
seethroughexternalsurfacesof avolumeobject.

Chenet al. [CSW 03] developedthe conceptof spatial
transferfunctionswhich enabledeformationde ned as
volume objectsin a volume scenegraph. Deformation,
which canbe speci ed in a hierarchicalmanney is real-
izedduringtherenderingof thesceneggraph.Theconcept
wasdeployed for volume visualization,free-fromdefor
mation,image-swepvolumes,volume and hyperteture
splitting, andvolumeanimationf]CSW 03, IDSCO04.
WestermanmandSalamgWS01]] utilized 3D texturemap-
ping hardwareto achieve interactve deformationof vol-
ume datasetsCoupledwith backward distortion of 3D
texture coordinates,deformationis realized using de-
formed textures during rendering. Rezk-Salamaet al.
[RSSSGOL used general purposerendering hardvare,
coupledwith edgeand face constraintsto facilitate the
adaptve subdvision of piecavisepatche®f avolumeob-
ject.

SinghandSilver [SSCO03 useda proxy geometryto spec-
ify manipulationaboutjoints in the volume. Bounding
boxes are usedwhich canthen be moved and rendered
with thetexture mappinghardware(seealso6.2

Muller et al published a  series of
work on hardware-assisted  deformation
[MDM 02, MST 04, MG04, MTG04]. They inte-
grated both a plasticity and a fracture model into the
pseudolinearcomputation of elastic forces. A multi-
resolution approachwas adopted to simulate object
deformationin realtime.

5.4. Deformable Modelsin Surgical Simulation

The role of deformablemodelsin suigery simulationand
training is diverse,sincethey arerequiredfor collision de-
tection,renderingandhapticssimulation.Whenthe userin-
teractsthrougha virtual tool, forcesappliedto the model
producea deformation,describedasa setof displacements
of theunderlyinggeometryandthey generaténternalforces
andvibrationswhich arefed backto the userashapticstim-
uli.

Although non-plysical models,suchas 3D ChainMail
[Gib97] andfreeform deformatior{ SP8§, arecomputation-
ally inexpensve, physically basedmodelsarethe dominant
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paradigmbecauseof their accurag. Theseinclude mass-
springmodelg CZK98b, MSCS03 and nite elemenimeth-
ods (FEM). Of thesetwo, the latter is the most common,
becauseét is moreaccurateandcanaccommodatélifferent

material propertiesthrougha small numberof parameters.

Furthermorethe focusof mostsumgical simulationsystems
is asimulationon localizedregions,which FEM canhandle
properly(i.e., no needto simulatelarge displacements).

FEM, however, is computationallyexpensvefor real-time
simulation, sinceit requiressolving large partial differen-
tial equations(PDEs). Techniquesfor achieving real-time

nite elementsimulation can be classi ed into two cate-
gories:thosethat simplify the mathematicsandthosethat
speed-ughe solutionalgorithms.In theformercateyory we
nd approacheghat simplify the modelingof elastictis-
sueusing linear models[ZCK98, BC94. Linear elasticity
is often preferredbecausét reducesthe problemto a lin-
ear equationthat can be solved quickly by pre-computing
the inverseof the stiffnessmatrix. However, linear elastic-
ity only is accuratdfor small deformationsLarge deforma-
tions, suchas global rotations,usually resultin an unreal-
istic volumegrowth of the model.For this reasondifferent
techniquefave beenproposedo handldargedeformations,
suchaswarpingof thestiffnessmatrix[MDM 02] andquasi
non-lineardeformatiof CD99. ZhuangandCanry propose
real-timedeformationusingnon-linearelasticity[ZCO(Q. In
sugery simulation,the problemis often describedasa dy-
namicproblem Alternatively, theproblemcanbereducedo
a staticproblem,which ignoresbodyforces,inertiaanden-
ey dissipationBroNielsenproposedahis simpli cation for
sugerysimulationfor obtainingreal-timerespons¢BC96g].
However, lossof dynamicemayaffecttherealismof thesim-
ulation and static systemsare mostly usedin sugery plan-
ning, wherethe desiredsolutionis the equilibrium stateof
the deformablemodel after being subjectedo forces,with
nointerestin theintermediatestates.

The secondcateory for real-timedeformationincludes
techniquegor speedingipthesolutionof theresultingequa-
tions. BroNielsenand Cotin proposech techniquebasedon
condensatiofiBC96), which reducedhe sizeof the PDEto
besolvedby ignoringtheinternal nite elementsn thecom-
putation. They also proposedexplicit integration over im-
plicit integrationfor its reduceccomputatiortime andmem-
ory requirementsHowever, explicit integrationleadsto in-
stability for large time steps.Anotherpossibility for speed-
up is the useof multiresolutiontechniquesassuggestedby
Delunneetal. [DDCBO01] andWu [WDGTO01]. WuandTen-
dick proposeamultigrid integrationschemdWT04] to solve
non-lineardeformationsn real-time.Real-timedeformation
hasalsobeenpossiblewith increasedcomputationcapabil-
ities, suchas parallel processingand specializechardware
[SBH 00, FTBS0] and implementationof matrix solvers
on GPUs[BFGSO03.

A challengen sumgical simulationthatpreventsextensive
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useof precomputedjuantitiesin FEM is real-timecutting.
Pre-computatiorof the stiffnessmatrix and appliedforces
forbidstopologychangesn the mesh requiredfor simulat-
ing cutting. Cotin et al. [CD99 proposea hybrid approach
for real-timecutting that usesa staticmodelin regionsthat
do notrequiretopologychangesanda dynamicmodelfor a
limited region wherecuttingandtearingis needed.

Other approachego suigery simulationinclude tensor
mass models [DCA99, PDAO3], Long Elements Meth-
ods (LEM) [CBO1], later extendedto Radial Elements
Method(REM) [BJ03, andFinite VolumeMethods(FVM)
[TBHFOJ. Althoughthey differ from FEM, thesemethods
follow thesameadea:thesamplingof thecontinuuminto ele-
mentsandtheintegrationof forcesanddisplacementbased
onthematerialpropertief thoseelementsSuneys canbe
foundin [LTCKO3].

6. Animating Discretely SampledObject
Representations

Computeranimationrefersto the simulationof motionand
deformationof objectsor gures. While simplerigid-body
movementsanbeachievedby rotationor translationsgore
complicatedanimationthat involves the movementsof ar
ticulated gures requiresmore sophisticatedepresentation
schemesand control mechanismsObject representations
that are commonly usedin animationusually facilitate at
leastG® geometriccontinuityin objectdescriptionsaswell
as controls of motion and deformationvia parametersor
control-points.Theseinclude contourbased gures in 2D
cartoonanimation,and 3D articulatedanimation. For in-
stance,in 3D computeranimation, digital charactersare
commonlyrepresentedy articulated gures which “arehi-
erarchicaktructurecomposef asetof rigid links thatare
connectedhtrotaryjoints [HBO3].

However, whenadigital characters capturedn aDSOR,
themuchdesirablegeometricalfopologicalandsemantidn-
formationis notavailablefor animatingthedigital character
Therearesofaronly afew piecesof researchihathave been
reportedin the literatures.In this section,we rst examine
techniquedfor animating2D digital characterdn images.
Thisis followedby discussionsntheanimation(andmove-
ment)of 3D volumetricobjects.

6.1. Animating Digital Charactersin Images

In the studioproductionof digital compositionjmagequal-
ity playsa critical role. Therearereally two aspectsere:
animatingdigital charactersvhich areimagesof x edreso-
lution andtheresolutionof the compositeémageswhich are
the nal product.

The demandor high-resolutiorraisesthe memoryload-
ing. Froumentiretal. [FLWOQ] developeda 2.5D rendering
and compositionsystemfor animatingimage-basedligital
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characterBasically their methodis basedon image com-
positingusing either2D geometricshapesor rasterimages
asinput primitives. Theresolutionof the nal imageis vir-

tually unlimited.

Traditionalinterpolationmethodswill blur the sharpness
of edgesand degradethe quality of texture features.espe-
cially the tiny texture featuresunderwarping and morph-
ing operationsThatis, visual aws canbecomenoticeable
whenpartof animagethatrepresents digital characteiis
underdeformation.Thus,they develop a continuousmodel
for suchimage-basedharactersyhich maintainghesharp-
nessof edgesandthe smoothnessf at areasAs demon-
stratecby Froumentiretal. in [FLWO(Q], snalescanbeused
to de ne edgesindependentlyof the pixel resolution.Their
snalesin fact pass'through' pixels and preciselywhereis
determinedy theimagedataitself. As photographiégmages
seldomhave areasof constantolor (unlike cartoons)they
sementthe imageon texture. It is theseareasof constant
texturewhich arethenboundecby closedsnale curves.

As shawvn in Figure 2, this representatiorof the goose
maintainsthe edgeinformationwell andthusthe composi-
tion quality is maintainedgvenwhenthe requiredoutputis
atmuchhigherresolutionthantheraw imagedata(right).

(a)snalke modelof swan (b) arbitrarywarping

(c) Digital compositionieft: originalimage;
right: snale-boundaryepresentation.

Figure 2: 2D DSORscan be deformedand animatedusing
a 2.5Drenderingand compositiorsystem.

The previous methodrequiressomeuserintervention to
identify the areasof constanttexture. In an alternatve ap-
proach SuandWillis [SW04 haveinvestigatedusingimage
interpolationtechniquego represenanimageatary resolu-
tion, independenbf the original samplingrate. They again
note that edgesare importantvisually and so theseshould
be retainedwhenresamplinganimage.Eachgroupof four
pixels is tested,on the assumptiorthat an edgepassede-
tweenthem.If so,onepixel valuewill beanoutlier andthe
edgecanbepresumedo pasdetweerit andits companions.

Ratherthanexaminethe edgefurther, they usea singleex-

trabit to indicatewhich diagonais closesto thedirectionof

thisedge As thisis averylocaltest,they thenrunoverthese
bits andcomplementry bit whichis notin the majority of

thosearoundit, in effectextendingtheedgedeterminatiorio

anareaof four by four pixels. Thesediagonalsjn conjunc-
tion with the four surroundingpixels, createa triangulation
of theentireimage.Simplebilinearinterpolationwithin ary

triangle gives the value at ary requiredpoint. To resample
animage,thenew samplinggrid is logically placedover the

triangulatedimageandthe point valuescalculated As this

is equivalentto Gouraudshading,this canbe donein real-

time on proprietarygraphicscardsbut is in ary casesimple
enoughto be fastin ary implementationThe samplescan
of coursebe rotatedif the imagerequiredis a rotatedone;

or be non-uniformly placed,if a warpedimageis wanted.
Theresultingimagesarevisually asgoodasmorecomple

methods.

The above imageinterpolationmethodwas also usedin
the Quasi-3Danimationsystemof Qi and Willis [QW03,
which builds on the mentionedwork from Labrosse Frou-
mentinin their earlierwork with Willis. Traditionalcartoon
animationusesa stack of paintedcels, with the layer or-
deringdeterminingvisibility. Eachsackis photographedo
make one frame of animation,then one or more elements
are changedanda new frame photographedQi and Willis
extendedthis approachfor computeruse.In their system,
every cell is a digital image.They retain the layering but
permit the celsto be arywherein 3D. This includeshave
intersectingcels. Eachcel canbe animatedjindependently
lit from front and behind,and moved aroundin 3D. As a
resultof this freedomof layout, the userhasmorescopeto
constructheanimatedvorld. Corventionalpixelimagesare
supportedwhenthesystemhassomeparallelwith imposters
in virtual reality. However they canalsousetheinterpolated
imagesof SuandWillis, meaningthatthe renderingquality
is automaticallyadjustedto that of the nal image.More-
over, theability to light eachcelfrom front andbackextends
the visual effects possible.Finally they usethe betachan-
nel color model [Odd91], which permitsmulti-layer trans-
pareng, color blendingandfront andbacklighting, of are-
alismnot possiblewith alphachannel.

In-betweenframesare calculatedsemi-automaticallyin
traditionalanimationproductionsHowever, in motion cap-
ture systemgBLCDO02], undesirablevisual artefactscanbe
introducedby in-betweerframes.

The mainideain a motion capturecartoonsystemis to
parameterize&artoonmotion with a combinationof af ne-
transformationsand key-weight vectors.Thus the solution
to the problemof inconsistenin-betweernframesis to con-
struct the extendedlinear spacefor every combinationof
hand-picled key-shapesand then generatamean-shapem
betweerkey-shapesby solvingtheaf ne matrixandweight
coefcients.
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The Visible Man wasaboutto barbecue lobster

Thelobsterstruggledto getfree,but endedn the re.

Thelobsterexploded.

The Visible Man waved his ‘magicwand', hoping...

Figure 3: Animatingthe motion and splitting of a lobster
usinga blodk-basedappmoach in conjunctionwith motionof
the Visible Man. Both the lobster and the Msible Man are
de nedusingdiscretevolumerepresentationsndthe r eis
de nedusingaprocedunl volumerepresentatiorf IDSCO04.
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6.2. Block-basedVolume Animation

Thework in volume animationis focusedon repositioning
anacquiredvolumetricmodelinto a new pose for example,
makingthevisible mandatasesit or walk. Most of thetech-
niquesbelon do notmodeldeformationsi.e., only the vox-

elsaremoving andthe musclesarenot deforming.Clearly,

for large movements,breakagecould occur at joints. Fur

thermore sincenow avolumeis available,theissueof how

and which internal structuresof the volume move abouta
particularjoint is adif cult problem.Below is asummaryof

themethodswhich utilized block-like boundsto groupparts
of thevolumetogetherfor manipulation:

Wu and Prakash[WPO( rst proposeda block-based
approachfor controlling the motion of the visible man
dataset.The volumetric representations rst dissected
into blocksof voxels, eachrepresenting major sggment
of thedigital characterFor eachmovementthedeforma-
tion of theblock structureis computedusingthe nite el-
ementmethod Eachdeformedblock is thenre-voxelized
using 3D texture mapping.The combinationof thesere-
voxelizedblocksrepresentthemotionof thedigital char
acterat eachtime step.

Chen Silverandotherd CSW 03] emplo/edtheconcepts
of spatialtransferfunction and constructve volume ge-
ometryto achieve the block-basednimationwithout the
needfor re-voxelizationat eachtime step.
SinghandSilver [SSC03 SS04 alsodecomposea vol-
umeinto blocksin orderto animatea digital characterin
volumedatasetsTheblockswereusedn conjunctionto a
skeleton.This allowed for real-timemanipulationsalong
the IK-skeleton since eachblock could be transformed
andrenderedisingthe texture memory The blockswere
stretchedaboutthejoints to preventbreaking.

Islametal. [IDSCO04 furtherdevelopedthis approactby
incorporatingvolume splitting into the deformation fa-
cilitating an animationserieswith motion and explosion
(Figure 3). They have alsostudiedthe scalability of ani-
mationmodelingandrenderingn termsof the numberof
blocksused.

6.3. Skeleton-basedvolume Animation

In corventional 3D computeranimation,digital characters
areanimatedusinga “skeleton’,whichis a stick gure rep-
resentatiorof the object. Theanimator rst creates skele-
ton of the model (called IK skeleton)and then binds the
polygonsto the skeleton.The skeletoncanthenbe manip-
ulatedor animatedo causethe correspondingnovementin
the modelusingkey framing, inversekinematicsor motion
capture.This processs adoptedby mary commercialani-
mationpackages.

Gagwni and Silver [GS99 GS0Q GS0] developed a
methodologyfor animatingvolumetricmodelssimilarto the
processisedfor surfacepolygonalmodels.This processin-
cludesthreesteps:
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1. skeletonizatiorandattachmenbf volumeto skeleton,
2. modi cation or manipulatiorthe skeleton,and
3. reconstructiorof thevolumeandrendering.

In this processa new volumeis createdfor eachmanip-
ulation of the skeleton,similar to a key-frameprocessThe
rst stepis to skeletonizea volumetricrepresentationf an
objectto beanimatedandto choosebones/jointso form the
IK skeleton.ThelK skeletoncanbecomputedisingaskele-
tonizationalgorithm (describedn 4.1.3. In [GS0Q athin-
ning procedureis usedto rst thin the volume basedupon
the distanceeld andthenthe animatorchoosegoints and
bonesWhile thejoints andbones(IK skeleton)areusedfor
animation,the “thinnedvolume' is usedto reconstructhe
volumein the nal step.Because volumeis available,the
IK-skeletoncan either be “centered'within the volume as
in traditionalcomputergraphics,or canlie alongthe actual
skeletonof the volumeif oneis available (asin the caseof
thevisible man,or ananimal).

ThelIK-skeletonis thenmanipulatedThis canbedonein
ary animationpackagesuchasCharacteStudio[ani023, or
Maya [ani02j by applying standardanimationtechniques
suchaskey-framing,inversekinematicsor evenmotioncap-
ture. Transformationsre appliedto the IK-skeleton,which
in turnspeci esthetransformatioronthe"thinnedvolume".
Eachof thevoxelsin thethin volumehasanassociatedlis-
tance eld, whichspeci esasolid sphereof texturecentered
atthatvoxel. Thevolumetricobjectis reconstructetdy scan-

ling thesolidspheregboutthetransformedoint while in-

verselymappinginto the original volumefor correctsample
values.Becausdhereis overlapin the spherescoverageis

maintainedfor small anglesaboutthe joints. (Pleaserefer
to [GSO0] for moredetails.)An exampleof the visible man
jumping ropeis shavn in Figure 4. Eachframeis created
by mappingmotion-capturedata(a jump-ropesequencelo

an IK-skeletonof the visible manandreconstructinga vol-

umearoundeachkey frame.Thuseachframeis a new 3D

volumein the new pose.Oncethe volumeis createdt can
berenderedvith standard/olumerenderingalgorithms Be-

causea new volumeis createdjt is availableto be usedin

ary applicationthattakesa 3D volumeasinput.

7. Conclusions

In this state-of-the-arteport,we have examineda technical
challengefor deformingand animatingdiscretelysampled
objectrepresentationdSORs).We have outlinedthe over-

all scopefor this challengeandexamineda family of meth-
ods and techniqueghat have beendevelopedfor manipu-
lating, deformingand animatingDSORs.In general tech-
niguesfor manipulatingDSORshave reacheda relatively

maturestatus,with mary well studiedtechnicalproblems
and solutions. Techniquesfor deforming DSORsare still

replied heavily on those originally developedfor surface
andsolid objectrepresentationdlowever, recentadvances
in closecoupling of deformationandrenderingof DSORs

have openedan exciting new frontier. In termsof animating
DSORsalthoughthereareseveralmajorbreakthroughshe
overall effort madein this areais sofarlimited.

Consideringherapidadwancesn imagingtechnologyas
well asDSORrenderingechnologyit is highly desirableto
take the researcranddevelopmentin aspectof manipulat-
ing, deformingandanimatingDSORsto a new level.
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