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Abstract
A discretelysampledobjectrepresentation(DSOR)de�nesa graphicalmodelusingdataobtainedby a sampling
process,which takesa collectionof samplesat discretepositionsin spacein order to capturecertaingeometrical
and physicalpropertiesof oneor more objectsof interest.Examplesof DSORsincludeimages,videos,volume
datasetsandpointdatasets.Unlikemanycommonlyuseddatarepresentationsin computergraphics,DSORslack
in geometrical,topological and semanticinformation,which is much neededfor controlling deformationand
animation.Henceit posesa signi�cant scienti�c and technical challenge to developdeformationandanimation
methodsthat operate upon DSORs.Such methodscan enablecomputergraphicsand computeranimationto
bene�t enormouslyfromtheadvancesof digital imaging technology.

In this state of the art report, we survey a wide-range of techniquesthat have beendevelopedfor manipu-
lating, deformingand animatingDSORs.We considera collection of elementaryoperations for manipulating
DSORs,which canserveasbuilding blocksof deformationandanimationtechniques.Weexaminea collectionof
techniquesthat are designedto transformthegeometryshapeof deformableDSORsandpayparticular attention
to their deploymentin surgical simulation.We review a collectionof techniquesfor animatingdigital characters
in DSORs,focusingon recentdevelopmentsin volumeanimation.

Keywords: discretely sampledobject representations,volume datasets,point clouds, images,manipulation,
deformation,animation,volumevisualization,surgical simulation.

1. Intr oduction

With technicaladvancesand cost reduction,digital imag-
ing technologyis rapidly becomingoneof the mosteffec-
tive ways of collecting dataand information. In computer
graphics,many of themostrecentdevelopmentshave grav-
itatedtowardsthehandlingof sampleddataandin graphics
pipelines.For instance,volumerendering[Lev88, Wes90]
enablesdirect renderingof 3D volume data capturedby
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3D scanningdevicessuchascomputedtomography scans;
image-basedrendering[Che95, LH96] enablesdirect ren-
dering of graphicalmodelsand scenesthat are speci�ed
with a set of photographicimages;point-basedrendering
[PZvBG00, ZPBG01] enablesdirect renderingof a large
collectionof samplingpoints representinga surfaceobject
(e.g.,asampleddatasetacquiredusinglaser-scanning).

However, thesedevelopmentsare yet to have a signi�-
cant impactuponcomputeranimation,which encompasses
a wide rangeof graphicstechniquesandis oftenconsidered
the`crown jewels' of computergraphics.It is notdif�cult to
seethatcomputeranimationcouldbene�t enormouslyfrom
the advancesof digital imaging technology, shouldappro-
priate techniquesbe integratedin animationpipelinesfor
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114 Chenetal. / DiscretelySampledObjectRepresentations

handlingdigitally sampleddatadirectly. This would enable
animatorsto gain easyaccessto a vastamountof complex
modelsde�ned in theformsof images,pointsandvolumes.
In thefollowing discussions,wecollectively referto image-,
point- andvolume-basedrepresentationsasdiscretelysam-
pledobjectrepresentations(DSORs).

In this stateof the art report, we survey a wide-range
of techniquesthat have beendevelopedfor manipulating,
deforming and animatingDSORs.In computergraphics,
techniquesfor manipulation, deformationandanimationare
closely inter-related,and sometimestermsare usedinter-
changeably. In this survey, in the context of manipulation,
we considera collectionof elementaryoperationsfor pro-
cessingDSORs.All theseoperationscan serve as build-
ing blocks of deformationand animationtechniques,and
somealsoinvolvedeformationto realizeadesiredmanipula-
tion. In thecontext of deformation, we considera collection
of techniquesthat aredesignedto transformthe geometri-
cal shapeof a deformableDSOR.While minor geometrical
changesare often a `side effect' of a manipulationopera-
tion, a deformationoperationis intendedto precipitategeo-
metricalchanges.In the context of animation, we consider
acollectionof techniquesfor animatingdigital charactersin
DSORsfocusingtheir capabilityof modelingmovementsof
articulated�gures in DSORs.

Thesurvey is organizedasfollows: in Section2, we give
an overview of the generalscopeof deformationand ani-
mation techniquesin computergraphics.In particular, we
brie�y describethe major advancesin surface-basedtech-
niques,whicharenotthefocusof thisreport,but canserveas
benchmarksfor techniquesbasedon DSORs.In Section3,
we provide a formal de�nition of the classof DSORs,and
discusstheir geometricaland graphicalattributes.In Sec-
tion 4, we examinea collectionof elementaryoperationson
DSORs,highlight the fact that suchoperationswill cause
minor, andoftenunintended,geometricalchanges,andpre-
parefor thefurtherdiscussionabouttheirusein deformation
andanimation.In Section5, we considervariousdeforma-
tion techniquesthat have been,or can be, usedto realize
intendeddeformation.In particular, afterabrief overview of
empiricaldeformablemodels,physically-baseddeformable
modelsand direct deformationrendering,we examinethe
deployment of thesetechniquesin surgical simulation,an
applicationareawhereDSORscanhaveamajorrole.In Sec-
tion 6, we focuson the main componentsin the animation
pipelinefor modelingthemovementsof digital charactersin
DSORs.Finally, we offer our observationsandconcluding
remarksin Section7.

2. GeneralScopesof Deformation and Animation

In computergraphicsandits applications,deformationmod-
eling andcomputeranimationaretwo closely inter-related
�elds. While the literatureson deformationand animation
are dominatedby surface-basedmodeling and rendering

techniques,it is certainly sensibleand meaningfulto con-
sider the deformationandanimationof discretelysampled
object representations(DSORs) in the backdropof these
techniques.In this section,we give a generaloverview of
thescopesof deformationandanimation,their relationships
with other�elds in computergraphicsandtheirapplications.
This is followed by an outline of major technicaladvances
in deformationmodeling,andin computeranimation.

2.1. Overview

The temporal behavior of a graphical object may come
in a variety of forms, such as changesof positioning at-
tributes,geometricalshape,color and illumination proper-
ties, andmany otherbehavioral parameters.Among those,
thechangeof geometricalshape,that is, deformation, is the
most well studiedin the literature.A rangeof representa-
tion schemesfor deformableobjectswere developed,and
severalphysically-basedandempiricalcomputationalmod-
elswereformulated.Applicationsof deformationtechniques
includegraphicalmodeling,computeranimation,scienti�c
visualization,haptic interaction,surgical simulation,medi-
cal imaging,pathplanningandcomputervision.

In thetechnicalscopeof computergraphics,thetermcom-
puteranimationis primarily referredto the modeling,con-
trolling andrenderingof temporalbehavior of graphicalob-
jects.It addressesa wide rangeof technicalissuessuchas
motion dynamics,kinetic control,collision detection,actor
modeling,animationcontrol,andsoon[WW92a]. Deforma-
tion of graphicalobjects,including articulatedandsoft ob-
jects,is anintegral partof computeranimationtechniques.

In a broaderterm, computeranimationusually refersto
theprocessof creatingtemporalsequencesof computergen-
eratedimagesand digital visual effects. This processin-
volvesnot only computergraphicstechniques,but alsoan
entireproductionpipelineincluding story development,vi-
sualdevelopment,characterdesign,motioncapture,camera
tracking,texturepainting,imageprocessing,imageretouch-
ing, imagecomposition,colorgradingandsoon [Ker04]. In
theentertainmentindustry, theuseof the termalsoextends
to computer-assistedanimationsuchascomputergenerated
inbetweeningin key-frameanimation.

Figure1 depictstheoverall scopeof deformationmodel-
ing andcomputeranimation,andhighlightsthemaintechni-
calareasof manipulating,deformingandanimatingDSORs,
which will be discussedin detail in Sections4, 5 and6 re-
spectively. Traditionaldeformationandanimationis not the
focusof thissurvey, but will beoutlinedin 2.2and2.3asthe
technicalbackdropof this survey. Continuousobjectrepre-
sentations,which canbe extractedfrom DSORs,areoften
usedto assistin deformingandanimatingDSORs,andmost
techniquesfor manipulatingDSORsmay introduce,often
unintentionally, minor geometricalchangesin DSORs.We
will brie�y examinethesetechniquesin Section4.

c
 TheEurographicsAssociation2005.



Chenetal. / DiscretelySampledObjectRepresentations 115

Scientific Modeling and SimulationComputer-aided Geometry Design Object Digitization

Object Representations (DSORs)
Discretely SampledContinuous Object

Representations (e.g., surfaces) 

Interactive ManipulationMetamorphosis

Volume AnimationDigital Characters in Images

Application: Surgery Simulation

Physically-based Deformation

Direct Deformation Rendering

Empirical Deformable Models

RegistrationSegmentationProcessing

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

�����������������������

discretization (e.g., voxelization)
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Figure1: Themainscopeof thissurvey andrelatedtopics.

2.2. Major Advancesin Deformation

For deformation,readersareencouragedto refer to several
extensive surveys, including surveys of deformationtech-
niquesin thecontext of thefollowing subjectareas.

� computergraphicsandanimation[GM97, NMK � 05],
� animationof articulated�gures [LW98],
� facialmodelingandanimation[NN98],
� medicalimageanalysis[MT96],
� surgical simulation[LTCK03],
� computervision [CF01].

The modelsandtechniquesfor deformationfall into the
following categories:

� Functional and Procedural Models — Models in this
category are normally de�ned mathematicallyand are
not accompaniedby a discretegeometricalrepresenta-
tion suchas a set of control points.The control of de-
formation is hencemanipulatedby changingglobal pa-
rameters(e.g., the radiusof a sphere)or local parame-
ters in a constructive model (e.g.,parametersof a prim-

itive function in implicit surfaces[Bli82]). Somecom-
monly usedmodels in this category are algebraicim-
plicit surfaces[Bli82, Kle89, SP91, Ped95, WGG99], su-
perquadrics[TM91], generalizedcylinders(or sweptvol-
umes)[DBJ97, Coq87, Mil88, Sny92, CBS96] andglobal
andlocaldeformationof solids[Bar84].

� Parametric Models — Models in this category are de-
�ned mathematically, and facilitate a continuousdistor-
tion acrossthe surface of a deformedobject, though
they are usually accompaniedby a discrete geomet-
ric representationwhich provides the principle control
of deformation.Some commonly used models in this
category include a variety of parametricbicubic sur-
face models [KWT87, GP89, LW94, CR94], free form
deformation[SP86, HHK92, CJ91] activecontourmodels
(snakes)[KWT87] andactivesurfacemodels[TPBF87]

� PolygonalMeshes— Modelsin this category arede�ned
by a collectionof inter-connectedpolygonswith shared
verticesandedges.Becausetheserepresentations,espe-
cially triangularmeshes,facilitatefastrendering,they are
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most widely-usedin computergraphicsand animation.
Whilst it is possibleto deformsucha modelby directly
manipulatingits geometricelementssuchas verticesor
faces,direct manipulationbecomesimpractical for ac-
curatecontrol of deformationwhentherearemore than
hundredsof geometricelementsin a model.Hence,it is
commonto associatea deformablepolygonalmeshwith
a high level deformablemodelthat is morecontrollable.
For example,asin free-formdeformation[SP86], a poly-
gonmeshmaybeboundedbyaparametricvolume,whose
deformationgovernsthatof thepolygonalmesh.

� Physically-basedDeformableModels— Models in this
category facilitate the computationof motion and de-
formation basedon speci�c physical laws. Numerical
simulation is an indispensabletool in implementing
mostof thesemodels.Commonlyusedphysical models
andcomputationmethodsincludeLagrangiandynamics
[TQ94], mass-springmodels[FE77], �nite elementmeth-
ods[ZT89], �nite difference[LL93], continuummodels
[TPBF87] andparticlesystems[LTSE92, RHK� 00].

2.3. Major Advancesin Animation

For a general coverage of computer animation, readers
may refer to several books on this subject, including
[FvDFH96, WW92a, Vin92, O'R95, MTT96, Par01] and
[Poc01, Ker04]. In addition,thetechnicalliteratureis rich in
papersin this area.Readersarealsoencouragedto consult
various computer graphics journals, and proceedingsof
somemajorconferenceswhich include:

� SIGGRAPHAnnualConferences(1974-present);
� EurographicsAnnualConferences(1980-present);
� EurographicsWorkshopson Animation and Simulation

(1990-2001)andSIGGRAPH/EurographicsSymposiums
onComputerAnimation(2002-present);

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

� WorkshopsonLifelik eComputerCharacters(1994-1996,
1998);

� WorkshopsonVirtual Humans(1996-1998);
� and many one-time conferences and workshops

(http://www.cs.ubc.ca/˜van/ani.html).

Motion and deformationare the two most fundamental
temporalfeaturesin an animation.It is also necessaryfor
ananimationsystemto addresstheinteractionbetweendif-
ferentobjects.The techniquesfor motion anddeformation
controlincludethefollowings.

� ArticulatedModels— Articulatedmodelsattractedatten-
tion from theearlydaysof 3D animation.A summaryof
varioustechniquescanbefoundin [BBZ91].

� Procedural Control — General proceduralcontrol is
basedon scriptscontrolling actors[Rey82] or on inter-
active motion planning[JW89]. In both casesthe input

is interpretedto generatethe requiredmovementof the
charactersandtheoperationof thecamera,sothata ren-
deringsystemcanproducethe frames.Proceduraltech-
niquesmayinvolveothermethodslistedhere,for example
by implementingphysicallaws.

� Constraint-basedControl — Thisapproachis commonin
robot systems.As such,thereareobvious parallelswith
computeranimation.Among many publications,are an
earlyPhDthesis[Dui86], ef�cient interfacework [ZC95]
andapplicationsto facialanimation[Rut99].

� Physically-basedControl — Physically-basedsimulation
hasa very long history, with commercialapplicationsin
�ight simulatorsbeinganearlyexample.Humanandani-
mal movementsarealsoamenableto physicalsimulation
andof coursethesesametechniquescanbeusedto give
human-like movementsto non humanobjects[LvF00].
Again, therearemany papersin thisgeneralarea.

� StochasticControl — Particlesystemsandtheirrendering
to produce�re works, �re, water spraysandother fuzzy
objectsare the de�niti ve examplesof stochasticcontrol
[Ree83].

� Behavioral Control — This areahas traditionally con-
cerneditself with grosscontrol, with Reynoldswork on
modeling �ocks, herdsand schools[Rey87] as the key
paper. However it hasmore recentlybeenusedto con-
trol quite subtleeffects in humananimation,for exam-
ple in theway emotioneffectstheway a characterwalks
[UT91, DW97].

3. DiscretelySampledObject Representations

A discretelysampledobjectrepresentation(DSOR)de�nesa
graphicalmodelusingdataobtainedby a samplingprocess,
which takesa collectionof samplesat discretepositionsin
spacein order to capturecertaingeometricaland physical
propertiesof oneor moreobjectsof interest.

Digitization is the primary technology for acquiring
DSORsof real-lifeobjectsandphenomena.Thistechnology,
which is basedon measuringvariousphysicalproperties,is
availablein a wide rangeof modalitiesaslisted in Table1.
In mostof thesemodalities,asamplingprocessmayinvolve
the processingof multi-channelor multi-dimensionalsig-
nals,includingconvolutionanddeconvolution,quantization,
andsignalspaceconversion.In this report,weconsideronly
theresultingdigital representationsof sucha samplingpro-
cess.

In somemodalities,samplingpositionsarede�ned by a
regulargrid in theobjectspace.For example,computedto-
mography (CT) scanningnormallyutilizesa 3D anisotropic
grid, wherethe samplinginterval in the z-directiondiffers
from thatin thex andy directions.In many othermodalities,
samplingpositionsarede�nedby aregulargrid in theimage
space.A primary exampleof suchmodalitiesis photogra-
phy, wheresamplingresultsarerecordedon a 2D isotropic
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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

Table1: Exampledatacapturemodalities,andtheir typical characteristicsandrepresentationschemes.

grid thoughindividual samplesmaynot correlateuniformly
to signalsourcesin theobjectspace.

DSORscanalsobeobtainedby samplingcontinuousob-
ject representations.For example,a continuoussurfacerep-
resentationcan be approximatedby an unstructuredpoint
datasetusing a randomizeddiscretizationprocessor by a
volume datasetusing a voxelization process.In many sci-
enceandengineeringdisciplines,suchas�nite elementanal-
ysis and computational�uid dynamics,DSORsare com-
monly usedto approximatecontinuousspatialandtemporal
datarepresentationsderivedfrom theoreticstudies,scienti�c
modelingandcomputersimulation.

DSORscommonlyexhibit asubsetof thefollowing char-
acteristics,which collectively signify the differencesbe-
tweenDSORsandotherschemesfor representinggraphical
objectsandscenes.

� Limitedgeometricalinformation— Most DSORsdo not
containany explicit geometricaldescriptionof theobjects
represented,while somecontainpartial geometricinfor-
mation (e.g., in a point set). It is commonto translate
sampledphysical information(e.g.,X-ray attenuation)to
geometricalinformation(e.g.,an isosurfaceof a tumor).
In addition, DSORs are particularly suited for model-
ing amorphousobjects,suchas�re, dustandsmoke, for
which a precisegeometricaldescriptionis dif�cult to ob-
tain.

� Limited topological information— Theonly topological
informationavailablein aDSORis thespatialor temporal
orderin which sampleswerecaptured.Suchinformation
doesnot imply ade�nite topologicalrelationshipbetween
any two datapointsin theobjectspace,althoughit is often

usedto derive,analyticallyor statistically, moremeaning-
ful topologicalinformation,suchasthepossibleconnec-
tivity betweentwo samplingpoints in the context of 3D
modelacquisitionandtheassociationof asetof voxelsto
thesameobjectin thecontext of segmentation.

� Little semanticinformation— AlthoughaDSOR,suchas
a photographicimageanda computedtomography scan,
maycapturea collectionof objectsin a scene,it doesnot
normallycontainany semanticinformation,abouttheob-
jectsof interest,suchasobject identi�cation andobject
hierarchy.

� Multiple data channels— Many DSORscapturedata
from a complex signalsource(e.g.,re�ectance)or multi-
ple signalsources(e.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 accuracy
(e.g.,the textureof a pieceof textile in an image),but in
others,this bringsabouta degreeof uncertainty(e.g.,the
boundaryof apieceof textile in animage).

The development of techniquesfor manipulating,de-
forming and animating DSORs can be built upon theo-
retic advancesin areasof signalsand sampling [PM96],
point-set[Mor90], discretetopology [CK95], and level-set
[Tsi95, Set96], as well as technologicaladvancesin areas
of deformableobject modeling,computeranimation,sci-
enti�c visualization,volume graphics,point-basedgraph-
ics, image-basedmodelingand rendering,imageprocess-
ing,computervisionandmedicalimaging.Meanwhile,such
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developmentwill alsohave a profoundscienti�c impact in
theseareasandthe �eld of computergraphicsin general.It
will deliver a collectionof usableandeffective techniques
and tools to a wide rangeof applicationsin science,engi-
neering,medicine,andindustriesincluding manufacturing,
mediaandentertainment.

4. Manipulating DiscretelySampledObject
Representations

As discussedabove,mostDSORscontainlimited geometri-
cal,topologicalandsemanticinformation,andthetraditional
notion of `geometry' is usually constructedfrom sampled
physical information.Hence,any manipulationof a DSOR
thatleadsto changesof sampledphysicalpropertiesmayre-
sult in alterationsto geometrical,topologicalandsemantic
attributesderived from the DSOR.Suchalterationsare in
effect `minor deformations'.For instance,varying intensity
valuesof somevoxels in a CT datasetmay lead to a dif-
ferent isosurfacein surfaceextraction,andmodifying con-
�dence level of somepoints in a laserscanmay result in
differenttopologicalconnectivity of thesepointsin surface
reconstruction.

In this section,we examinea rangeof methodsfor ma-
nipulating the raw physical propertiesof DSORs.We �rst
considerthreesetsof algorithms,namelysurfaceextraction
from volumedata,surfacereconstructionfrom point data,
andskeletonization, all of which areusedfor constructing
`geometry',in atraditionalsense,from DSORs.Wethende-
scribea collectionof basicoperatorsfor manipulatingdata
elementsin a single2D or 3D imagerydataset,anddiscuss
morecomplex DSORmanipulationin thecontext of image
andvolumemorphing.This is followedby a brief review of
segmentationtechniquesandregistration techniqueswhere
surface-baseddeformationalgorithmsare often deployed.
Finally we mentiona few interactive systemsfor manipu-
lating DSORs.As many of thesetopics,suchassurfaceex-
tractionandsegmentation,cover a large domainof the lit-
erature,we only give a brief overview of eachtopic in or-
derto outlinetheoverall scopeof DSORmanipulation,and
preparefor thefurtherdiscussionsonDSORdeformationin
Section5 andanimationin Section6.

4.1. Extracting Geometry fr om DSORs

4.1.1. SurfaceExtraction fr om VolumeData

Onecommonapproachfor handling3D volumedatasetsis
to approximatea volumeby a continuouspolygonalmesh
thatcanthenberenderedusingasurface-basedgraphicssys-
tem. Suchapproximationis usually in the form of an iso-
surface(alsocalleda level surface),which is the setof all
points in a scalar�eld with a speci�c scalarvalue t (i.e.,
iso-value).The mostwell-known methodfor extractingan
iso-surfacefrom a regular volume datasetis the marching
cubesalgorithm [LC87]. A more complicatedalgorithmic

problemis extractinganinterval volumeandapproximating
theextractionfor exampleby a tetrahedralmesh[NS97].

What complicatessurface extraction algorithms is the
fact that many basic casesare ambiguous.A similar but
much simpler ambiguity problemalso exists in a classof
2D contouringalgorithmsthatextractcontourlinesfrom 2D
DSORssuchasanimage.[NH91] providedacomputational
solution,calledasymptoticdecide,to resolve the2D and3D
ambiguityproblems.

Somemethodswere proposedto acceleratethe process
of marching cubes by reducing the searchspaceof an
iso-surface.A family of indexing structureswereusedfor
isosurfacing, including active list [GH90], octree[Wv92],
MIN-MAX cell index [Jon95, CMPS96], extrema graph
[IK95], spanspace[LSJ96], and interval tree [CMM� 97].
Anotherapproachis to track an iso-surfacefrom a known
seedpoint or seedcube[HL78, BPS96]. More recently, al-
gorithmsweredevelopedspeci�cally for surfaceextraction
from very largevolumedatasets[CS97, BS03].

Thenumberof trianglesgeneratedby themarchingcubes
algorithm can be excessively large, often leading to inef-
�ciency in storingand renderingthe extractediso-surface.
A noticeableamountof effort hasbeenmadeto reducethe
numberof trianglesor to replacetriangleswith othergeo-
metricprimitives.Therearetwo categoriesof algorithms:

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

� Aftermarchingcubes— Examplesof suchalgorithmsin-
cluderemoving verticesfollowedby localre-triangulation
[SZL92], dispersionof new verticeson top of the orig-
inal mesh,followed by global re-triangulation[Tur92],
andedgemanipulation[HDD� 93]. A large collectionof
further development in this area can be found in the
context of both multi-resolutionsurfacemodeling(e.g.,
[Hop96, Gar99]) and surface reconstructionfrom point
data(see4.1.2).

Recentadvancesin surfaceextractionincludethe recon-
structionof a dual isosurfacein the form of quadpatches
[Nie04], high dimensionalisosurfacing [BWC00], feature-
sensitive isosurfacing [VKKM03] and topology-controlled
isosurfacing[vKvOB� 97, GP00, TFT04, CSv04],

4.1.2. SurfaceReconstructionfr om Point Data

Many dataacquisitiontechniques(e.g.,laserrangescanning
[LPC� 00] and alphamatteacquisition[MBR� 00]) gener-
ateoutputin the form of an arbitrarysetof pointsin space
Wherethepropertiesof thesepointscannotbediscerneddi-
rectly, they mustbe inferredalgorithmically. While thereis
a classof algorithmsfor direct renderingof point datasets
(e.g.,surfels[PZvBG00], andQSplat[LPC� 00]), therehave
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alsobeena collectionof algorithmsfor reconstructingcon-
tinuoussurfacesfrom point datasets.Becauseof noiseand
imperfectionsintroducedin the acquisitionstage,suchal-
gorithmsmust list noisetoleranceasa priority. Most algo-
rithmsavailablecanbeclassi�edas:

� Primitive list — a polygonal mesh is constructedby
addingtopologicalconnectivities to points.For example,
Turk andLevoy [TL94] usedtriangulationto �t a triangu-
lar meshto the point dataandperformedweightedaver-
agingin overlappedareas.Amentaet al. [ABK98] useda
Voronoi-basedapproachto reconstructa triangularmesh.
Bernardiniet al. [BMR� 99] developeda methodfor re-
constructingatriangularmeshby connectingneighboring
pointswith aball pivotedaroundaseedpoint.

� Functionalandparametricsurface— 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] andWheeleret al. [WSI98]
for reconstructingan implicit representationfrom point
datasets.Lei et al. [LBC96] �tted high degree implicit
polynormals to point data. Krishnamurthy and Levoy
[KL96] proposedto �t smooth surfacesto the recon-
structed polygonal meshes.Pratt [Pra87] developed a
least-square�tting algorithm for de�ning an algebraic
surfaceover a point dataset.Lee [Lee00], Alexa et al.
[ABCO� 01], Mederoset al. [MVdF03] AmentaandKil
[AK04] useda moving leastsquaresmethodto �t a con-
tinuoussurfaceto asetof points.Carretal. [CBC01] used
radialbasisfunctionsfor their reconstruction.

4.1.3. Skeletonization

A skeletonis ausefulshapeabstractionthatcapturesthees-
sentialtopologyof an object in both two andthreedimen-
sions.It is usedextensively in commercialcomputeranima-
tion packages,and is thereforeof interestfor volume ma-
nipulation and animation.It refersto a thinnedversionof
the original object but still retainsthe shapepropertiesof
theoriginal object.In 2D, theskeletonis alsoreferredto as
themedial-axis.In 3D, the termskeletonhasbeenusedfor
bothamedial-surfaceandamoreline-likerepresentation.In
[Blu67], agrass-�reanalogyto theskeletonis given,thatis,
theskeletonconsistsof thepointswheredifferent�re fronts
intersect.If a �re wassimultaneouslystartedon theperime-
ter of the grass,the �re would proceedto burn towardsthe
interior of theobject.Whentwo �re frontsmeeteachother
the�re will bequenched.In 2D, the�re will quenchalonga
curve. In 3D, thetwo �re frontswill meetalongasurfaceor
acurve.

Recently, there has been interest in extracting a line-
like 1D skeletal-representationfrom a 3D object. The
line-like skeleton is also referred to as a curve-skeleton
[SNS02], inverse-kinematicbone skeleton (IK-skeleton)

[Dis04], or centerline skeleton. In this survey we refer
to it as a curve-skeleton. Fine curve-skeletons are use-
ful for many different geometric tasks, such as, virtual
colonoscopy and virtual endoscopy [HHCL01, PC87],
3D object registration [AJWB01, AB02, PFY� 99], com-
puter animation (both polygonal and volume animation)
[Blo02, Dis04, GS99, GS01, TK03, WP02, LWM� 03],
matching [SKK02, SSGD03], surface reconstruction
[Ley03], vesseltracking [AB02], and curved planarrefor-
mation[KFW� 02]. While thereis no precisede�nition for
a curve-skeleton, there are numerousdesirableproperties
of both the skeletonandthe skeletoncomputationprocess.
These properties depend upon the application that the
curve-skeleton is being used for, and include thinness,
centeredness,joint separation,reliability, etc.

Theuseskeletonasa meansspecifymanipulationor de-
formationof a volumetricmodel in volumeanimationwill
befurtherdiscussedin Section6.3.

4.2. Processingand Mor phing

4.2.1. ProcessingDSORs

The processingof DSORscanserve to enhancethe visual
interpretationof the data, carry out structural alterations
to objectscontainedwithin, or convert the representation
into an alternative for bettertransmissionor storage.Most
techniquesreviewed in this sectionareappliedto both 2D
[GW01] and3D DSORs.

� Grey level transformations— Basicgrey level transfor-
mationsoperatingonavalueby valuebasisareemployed
to enhanceDSORs,for instance,to increasecontrastdur-
ing visualization.Gammacorrectionis a commonoper-
ation usedto non-linearlybrightenor darken in orderto
enhancecontrastonnon-lineardisplaydevices.

� Statisticalprocessing— Statisticalpropertiesof DSORs
(e.g.,histograms),canbecomputedandusedto enhance
DSORs(e.g.,equalization),High dynamicrange (HDR)
methodswereappliedto imagesusinghistogramequal-
ization [DM97] andtheir usefor displayingvolumedata
onHDR displayswasrecentlystudied[GTH05].

� Spatial �ltering — Filtering can be usedto smoothor
sharpenfeaturesin DSORs,and is also usedfor deter-
mining thederivativeof adiscreteimageor 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 calculatederivatives (e.g. Sobel, Gaussian,Zucker-
Hummel[ZH81], centraldifferences,intermediatediffer-
ences),along with adaptive schemes[THB� 90]. Filter-
ing hasbeenusedto denoisevolumedatato enhancevi-
sualeffects,suchasrefraction[RC04], andto createanti-
aliasedvoxelizationsof objects[ŠK00]. Filteringcanalso
takeplacein thefrequency domainof aDSOR[Mal93].
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� Arithmeticandlogical operations— Arithmeticandlogic
operationscanbeappliedto multiple DSORsto facilitate
combinationaloperationssuchasmaskingandblending.
For example,arithmeticandlogical operationswereused
to provide the DSOR equivalent of CSG, namely con-
structivevolumegeometry(CVG) [CT00]. Changedetec-
tion operations,which are built upon mainly arithmetic
and logic operations,were usedto constructvideo vol-
umesfor thepurposesof videovisualization[DC03].

� Morphological operations— Erosion, dilation, opening
andclosingarecommonlyusedmorphologicaloperations
on 2D and3D DSORs[GW01]. Erosionremovesexter-
nal partsof anobject(dependinguponthestructuringel-
ement),while dilation addspartsto the boundaryof the
object.Openingenlargescracksandcavities, while clos-
ing closesupcavitiesandsmoothsspikes.Morphological
operationscanbeappliedto binarydataaswell asmulti-
valueddata.Distance�eld DSORscanbeusedto facilitate
fastmorphologicaloperations[Jon01].

� Distancetransforms— A distance�eld D is a represen-
tationwhereat eachpoint p within the�eld, D(p) repre-
sentsthedistancefrom p to theclosestpointonany object
within the domain.Given a DSOR,distancetransforms
aretheprocessof applyingtemplatesto eachpixel/voxel
in the DSORin order to propagatedistancesaroundthe
DSOR.Methodsfor distancetransformsincludeCham-
fer [SNS02], Vector [SJ01] andFast Marching Methods
[Tsi95, Set96]. Distance�eld DSORscanbeusedin vol-
ume morphing (see4.2.2), and for voxelizing continu-
ousobject representations(e.g. triangularmeshobjects)
[Jon96, JS01].

There are other DSOR processingmethodsthat may
also introducegeometricalchangesto DSORs,thoughin-
tentionally thesemethodsaims to minimize suchchanges.
Suchmethodsincluding Fourier transform(e.g., [Mal93]),
wavelet transform (e.g., [SS96]), watermarking (e.g.,
[WGKH01] for volumeand[CWPG04] for point datasets)
andcompression(e.g.,[Jon04]).

4.2.2. Metamorphosisof DSORs

Given a starting DSOR Da and a �nishing DSOR Db,
metamorphosis(or commonlyreferredto as morphing) is
a processthat generatesa sequenceof inbetweenDSORs,
D1;D2; : : : ;Dn, which representa smooth transformation
from Da to Db. For DSORsde�ned uponregulargrids,such
asimagesandvolumedatasets,this transformationfrom one
DSORto anotheris usuallyunderthein�uence of two con-
trol structures.Let Ca andCb bethecontrolstructuresasso-
ciatedwith Da andDb respectively. For eachDSORDi , an
inbetweencontrol datasetCi is �rst obtainedasan interpo-
lation of Ca andCb. Ci is thenused,in conjunctionwith Ca
andCb respectively, to deformDa andDb, resultingin two
distortedDSORsDia andDib. The inbetweenvolumeDi is
thenobtainedastheinterpolationof Dia andDib.

Accordingto theuseof controlstructures,approachesto

metamorphosisof DSORscanbeclassi�ed into thefollow-
ing threecategories:

� CrossDissolving— Methodsin this category requireno
controldatasets.Thesimplestcrossdissolvingmethodis
a linear interpolationbetweenthe two DSORswith the
samegrid organizationin the spatialdomain.In volume
morphing,whentheemphasisis givento a particulariso-
surface,distance�elds are�rst constructedfor thestarting
and�nishing volumes,andthecrossdissolvingprocessis
thenappliedto thedistance�elds [PT92, CLS98, BW01].
To enhancethesmoothnessof theinbetweenDSORs,the
Fouriertransformhasbeenusedto scheduletheinterpola-
tion in thefrequency domainby favoring high-frequency
componentsthat are de�ned by the thresholdof an in-
terestedisosurface[Hug92]. Wavelet transformhasalso
beenemployedin volumemorphingin a multi-resolution
manner[HWK94].

Themethodsin this category aregenerallyeasyto use
and require little human interference.The smoothness
of the inbetweenDSORsis well achieved with methods
basedon wavelets and distance�elds. However, meth-
ods in this category have dif�culties in specifyingcom-
plex morphinginvolving geometrictransformationssuch
asrotation.

� MeshWarping — Meshwarpingmethodsutilize control
structuresto de�ne spatialsubdivisionsaswell ascoor-
dinatemappings.With images,a meshwith triangularor
quadrilateralelementsis usuallyusedasaplanarsubdivi-
sionde�ned over the images[SP86]. In 3D, a meshwith
tetrahedralelementsor hexahedralelements(with quadri-
lateralfaces)is usedasavolumesubdivisionovervolume
datasets[CJT95].

In meshwarping, the distortion is constrainedby in-
dividual elements,and it is thereforerelatively easierto
achieve a desiredtransformationwithout causing`ghost
shadows' [BN92] provided thereis no `fold-over' struc-
ture. However, in many cases,thesemethodsrequirea
control meshconsistingof a very large numberof ele-
ments.The manipulationof 3D subdivisions througha
userinterfacealsoseemsto besomewhatproblematic.

� Field Morphing – In �eld morphing,control structures
are usedto specify the correspondingfeaturesof in the
DSORsconcerned.Althoughit requiresuserinput of the
controlstructures,feature-baseddeformationhasdemon-
stratedits �e xibility andcontrollability. A variety of ge-
ometric shapes,such as points, lines, boxes and discs,
have beenusedto specify featuresandcoordinatemap-
pings [BN92, CJT95, LGL95, CJT96, FSRR00]. Due to
theneedsof coordinatemappings,supplementaryvectors
arerequiredfor some3D shapes,resultingin thedif�culty
in de�ning andmanipulatingfeatureswithout a sophisti-
cateduserinterface.
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4.3. SegmentingDSORs

Segmentationisanextensivesubject,duetoboththedemand
for segmentation(particularly in medicalanalysis)andthe
complexity of segmentationin general.Segmentationfor 2D
DSORs(e.g.,images)hasbeenwidely researchedanddoc-
umented.While greateffortshavebeenmadeto devisetech-
niquesfor segmenting3D DSORs(e.g.,volume datasets),
unfortunately, most2D methodsdonot lendthemselvesnat-
urally to 3D. Instead,volume datasetsare commonlyseg-
mentedsliceby slice.

Segmentationis an effective meansfor addingsemantic
informationinto a DSOR,andsuchinformationcanbeuse-
ful to volume deformationand volume animation(e.g., in
determiningthephysicalpropertiesof a voxel). Meanwhile,
deformablemodels,suchassnakes,arealsodeployed asa
tool in somesegmentationtechniques.Segmentationtech-
niquesfor both imagesandvolumescantypically fall into
oneof thefollowing categories.

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 has the advantagethat it can be extendedto
3D quiteeasily. An improvedmethodby [HP03] extendsthe
immersion-basedtransformby building a hierarchicaltree
structurefrom theresultingbasins,allowing for quick iden-
ti�cation of individualobjectswithoutthenecessityof merg-
ing thebasinsentirely.

Algorithms can be designedto choosethresholdsauto-
matically from histogramanalysisas in [KEK03], where
Gaussiancurvesfor boththresholdsareautomaticallyfound.
If the thresholdshave a transitionzoneinbetween,theclas-
si�cation relieson the standarddeviation of the 26 neigh-
borsof thevoxel. The remainderof thealgorithmrelieson
morphologicalclosureandregion-growing techniques,with
someuserinteractionrequiredfor guidancewhere,for ex-
ample,thereis avery �ne gapbetweentwo objects.

Region-growing techniquesattemptto groupsimilar vox-
els into regionsof increasingsize,but the quality of result
largelyreliesonthechoiceof aseedpointto begin.Lin etal.
[LJT01] createdanunseededversionof thealgorithmwhere
seedsareautomaticallyde�ned, removing the requirement
for userinteraction.

4.3.2. Biologically-inspiredMethods

A recenttrend in segmentationhasbeenthe useof arti�-
cial neuralnetworks [RA00]. The strengthof usingsucha
techniqueis that it can learn from past examplesof seg-
menteddatasets.AhmedandFarag[AF97] usea two-stage

systemcomprisingof self-organizingcomponentsanalysis
networks and self-organizing featuremapsfor segmenting
a CT dataset.Self-organizing featuremapsattemptto rep-
resentthe three-dimensionaldatain only two dimensions,
groupingtogethersimilar objectswith no userinteraction.
They arealsotrainedautomatically.

LEGION (locally excitatoryglobally inhibitory oscillator
network) systemsattemptto mimic themannerin which the
brainanalysesfeaturesfrom visualcortex oscillations.This
framework wasderivedfrom theoreticalwork andrecentex-
perimentalevidence.The ideais that the oscillationsin the
visual cortex can be implementedin software, attempting
to reverse-engineerthebrain's framework for detectingand
identifying objectsin a scene.Becauseof thecomplexity of
sucha system,simpli�ed algorithmsaredevelopedto work
with largedatasets[SWY99].

4.3.3. Data Mining Methods

Clusteringcanbede�ned asa measurementof similarity in
imageregions.Clusteringtechniquesattemptto groupvox-
els togetherthat display similar prede�nedcharacteristics.
An N-dimensionalvectoris built from eachvoxel basedon
thepropertiesof thatvoxel, thesetof all N-dimensionalvec-
tors is thenfed into a clusteringalgorithm.Oneof themost
popularclusteringmethodsis K-meansclustering,whichat-
temptsto form n disjoint,nonemptysubsetsby groupingto-
gether`similar' voxels. Closelyrelatedis fuzzy clustering,
which utilizes fuzzy if-thenrulesto determineobjectmem-
bership.

Popularalgorithmsfrom graphtheorycanbeusedin con-
junction with clustering.Edgesare built betweenvertices
(voxels)thatdisplaysimilarproperties[WL93], andarethen
removedfromthegraphwheretheverticestouchingtheedge
fail to satisfythesimilarity measure.Theresultis agraphG
thatconsistsof n unconnectedsubgraphs,whichcorrespond
to thesegmentedregions.

Markov RandomField is a statisticalmodel that canbe
usedalongsideclusteringto achieve automaticsegmenta-
tion. Sucha �eld stochasticallyde�nes local propertiesof
the datasetin a completelygeneralizedmannerby model-
ing spatialinteractionbetweenvoxels[RGR97]. Suchalgo-
rithmsunfortunatelyarecomputationallyexpensive andare
heavily in�uencedby thecontrollingparameters.

4.3.4. Knowledge-basedSegmentation

Knowledge-basedapproachesutilize additional input to
assist with the segmentation process,usually using an
pre-generatedatlas for the known dataset,as adoptedin
[SvL� 03]. This is combinedwith a watershedtransformto
createpartitionsof similar areasof the dataset[SLK� 03].
Theatlasis a pre-segmenteddatasetthat is spatiallyaligned
with thetargetdataset(referredto asregistration[MV98] or

c
 TheEurographicsAssociation2005.



122 Chenetal. / DiscretelySampledObjectRepresentations

atlas-warping).A disadvantageof this methodis thatmulti-
ple datasetsof thesameobjectarerequiredfor atlasgener-
ation,andthereis no guaranteethattheatlaswill matchthe
targetdatasetin asatisfactorymanner.

Atlas information can also be factoredinto previously
stochasticmethods,suchassnakesor statistically-basedseg-
mentation[FRZ� 05] for enhancedprecision.Grauetal. give
animprovedwatershedtransformthatusesprior information
to improveaccuracy [GMA� 04]. In general,atlas-guidedap-
proachesexcel with medicaldatasincethey assistwith not
only thesegmentationstage,but alsowith thecorrectlabel-
ing andidenti�cation of theresultingregions.

4.3.5. Deformable Models

Deformablemodelsoffer a �e xible, accurateapproachto
segmentation.suchmodelsgenerallyhandleimagenoiseex-
tremelywell, andalsoallow for sub-voxel accuracy. Energy-
minimizingsnakes[KWT87, MT95] remainthemostpopu-
lar deformablemodelfor imageandvolumesegmentation.
Snakesareparametriccontourmodelsthatactively (i.e.with
userinteraction)attemptto minimizetheir energy as:

Esnake =
Z 1

0
Eint (s) + Eext (s) + Eimg(s)

whereEint , Eext andEimg representtheinternal(dueto bend-
ing), external (user-de�ned constraints)and image forces
(edgedetection),respectively.

Segmentationof volumedatasetswith thesnakemodelin-
volvesaslice-by-slicesegmentation,with a3D surfacebuilt
from the resultingcontoursfrom eachslice. Ballerini and
Bocchi [BB03] extend the idea slightly by using multiple
snakesthat communicateto segment2D radiogramimages
of the hand.Miller et al. [MBL � 91] extendedthe energy-
minimizationmodelinto thethird dimensionby constructing
apolygonal̀ balloon' insidetheobjectthatgrowstoconform
to thesurfaceof theobjectof interest.Interestingly, theob-
ject classi�cation is a simple thresholdoperation.Tek and
Kimia [TK95] usea reaction-diffusebasedmodi�cation of
the bubblemodelwhich improves the behavior nearsharp
edges.

4.3.6. Interaction-IntensiveApproaches

Humaninteractionis oftenrequiredin medicalsegmentation
to �ne-tune any segmentationefforts madeby the system.
This approachis usedwith greateffect in thePAVLOV sys-
tem [KK99]. A parallelCPU systempowers the rendering
of thesegmenteddatasetto allow for real-timeupdates.The
useris invitedto segmentthedatasetusingthresholding,and
erosionanddilationmorphologicaloperations.

Sherbondyet al. [SHN03] usea GPU-basedimplementa-
tion of theseed-�ll algorithmto segmentareasof interest.A
signi�cant speedupover thatof SSE2-acceleratedCPUcode

wasachieved.Combinedwith hardware-acceleratedrender-
ing, theuseris ableto segmentthedatasetandview results
in real-time.

4.3.7. GeneralizedAlgorithms

Theavailability of high-performancecomputershasacceler-
atedtheuseof volumevisualization,which in turn is pulling
the researchfocusof imagesegmentationinto volumeseg-
mentation.Therequirementof accurateandautomatedseg-
mentationtechniquesfor useparticularlywith medicaldata
oftenpromptsresearchersto devisenew algorithmsandhy-
brid techniqueswhichareoptimizedspeci�cally for asubset
of thehumananatomy. Suchalgorithmstendto excel at the
taskthey aregiven,oftenautomatically.

Generalizedsegmentation algorithms require a large
amountof user interactionto provide a start point within
the dataset,or to guide the algorithm as it attemptsto lo-
cateareasof interest.Suchalgorithmsareusuallystochastic
in nature,attemptingto locateareasof interestaccordingto
thedatafoundduringtherun.It is currentlyunclearwhether
acompletelygeneralvolumesegmentationalgorithmor uni-
�ed setof segmentationmethodscanbedevisedto work pro-
�ciently onavarietyof datasets.

4.4. RegisteringDSORs

Registrationnormally requiresa threestepapproach.In the
�rst stepfeaturesareextractedfrom theDSORs.Thesecond
stepcarriesout a featurecorrespondencein orderto derive
thespatialtransformationbetweentheDSORs,andthethird
steprequiresthecalculationof thedeformationto takeplace
betweentheDSORs.

Thetransformationmaybeglobal(i.e., thesametransfor-
mationappliesover thewholeDSOR)or local(i.e.,different
transformationsapplytosubsetsof theDSOR).Thetransfor-
mationmayberigid (only translationsandrotationsarein-
volved),af�ne (translations,rotations,dilationsandshears),
projective or elastic (e.g., lungs expanding,heartbeating,
joint deforming).

Theprocessof registrationfor projective transformations
(andthespecialcasesof af�ne andrigid transformations)in-
volvesdeterminingthe4� 4 matrix for the transformation.
Thismayneedto bedeterminedatspatialsubsetsin thecase
of local transformations.Elastic registrationusually deter-
minesthetransformationasa functionbaseduponlocation.
In bothcasesdiscontinuitiesmayariseatboundaries.

Brown [Bro92] published a comprehensive survey of
image registration methods.Further registration methods
from the period 1992 to 2003 are surveyed by Zitova and
Flusser[ZF03]. Imageregistrationtechniquesnow spana
wide rangeof researchactivities and applications,includ-
ing: applicationsin remotesensing(multispectralclassi�-
cation,environmentalmonitoring,creatingsuper-resolution
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images,integratinginformationinto geographicinformation
systems),applicationsin medicine(combiningcomputerto-
mography andMRI datato obtainmorecompleteinforma-
tion aboutthepatient,monitoringtumourgrowth, treatment
veri�cation, comparisonof thepatient's datawith anatomi-
calatlases),applicationsin cartography (mapupdating),and
applicationsin computervision (target localization,auto-
maticqualitycontrol),to namea few [ZF03, MV98].

Maintz and Viergever [MV98] presenteda full classi-
�cation of the stagesinvolved in medical registration in
their excellentsurvey, wherethey identify nine criteria for
theclassi�cation.Makelaet al. [MCS� 02] offereda survey
andreview of variousrigid andelastic(cardiac)registration
techniques,and commentedon the performance,accuracy
and suitability of eachtechnique.Cardiacregistrationcan
presenttheadditionalproblemof calculatingtheregistration
in 4D (3D spatialand time). Zuk andAtkins [ZA96] pro-
videda comparisonof several techniquesfor rigid transfor-
mations.

4.4.1. FeatureExtraction and Corr espondence

The �rst stageis to identify featuresin eachDSOR to be
registered,andsecondlyto establisha correspondencebe-
tweenthosefeatures.Theverysimplesttechniques(andper-
hapsmostaccurate),usemarkersintroducedto the DSOR.
In comparingthe variousmedicalregistrationmethods,re-
searchersrefer to the useof (�ducial) markersasthe `gold
standard'[PWL� 98], whereknown markersarephysically
introducedto thescannedobjectsto helpfeaturecorrespon-
dence.Suchmarkersarechosenso that they canbe identi-
�ed accuratelyandautomaticallythusremoving errorsand
costlyinteraction.Theiraccuracy ensuresthatsuchmethods
maybeusedasabenchmarkfor alternativeapproaches.

Wheremarkerscannotbeintroduced(existing dataor in-
troducingthemarkerswill obscureor confusethedata),then
landmarksalreadyin thedatahaveto beidenti�ed for corre-
spondence.In thiscase,techniquessuchascrosscorrelation
(in thespatialor frequency domain),maybeusedto identify
thelandmarks.Penney et al. [PWL� 98] reviewedseveralof
thesetechniquesincludingcrosscorrelation.In somecases,
someuserinteractionmayberequiredto 'correct' misjudged
correspondences[Jon01], or if largeenoughnumbersof cor-
respondencesare found, thosethat exceedthe meanby a
large amountmay be rejected.Otherapproacheshave used
objectnormalswithin the3D scandataand2D X-ray image
datato createcorrespondences[TLSP03], or have usedB-
splinesto de�ne non-rigidtransformationsandthenvarying
thecontrolpointswhilst applyingcorrelation[RSH� 99].

4.4.2. Transform Determination

Oncea featurecorrespondencehasbeencreated,an opti-
mizationprocessmustbefollowedin orderto determinethe
transformation.Quiteoftenasimplerrigid bodytransforma-
tion is usedto calculatedthe grossalignmentbetweentwo

DSORs(calculatedglobally), followed by an elastictrans-
form to createa �ner matchbetweencorrespondingpoints
[ZA96, BF03].

In many cases(e.g.[PSRP00]) the userwill give an ini-
tial indicationof correspondenceandalignmentof �ducial
marker(s)(sometimescalledthe knownpoint method), and
then an iterative processwill adjust parameterswithin a
rangeof translationsandrotationsaroundtheinitial estimate
until the bestsolutionfor the global rigid transformationis
found.Often hierarchicalapproachesareemployed to sim-
plify computationduring the exploration of the parameter
searchspace[Bor88, RSH� 99, BF03].

Optical �ow methods[BFB94] createa vector�eld indi-
catingthecorrespondencebetweentwo DSORs(i.e. thevec-
tor �eld indicatesthedirectionandvelocity thateachvoxel
shouldmovewith in orderto reachits correspondingpoint).
Barronet al. [BFB94] give a goodreview of thevariousap-
proachesfor calculatingthe�o w �eld.

Surfacebasedor segmentationbasedmethodsrely on a
segmentationof thesurfacecontainedwithin thedata(usu-
ally intocontoursets).A distancetransformisusedononeof
thecontoursets,andthenthedistancescoveredby theother
contourareusedto calculatedtheroot-mean-squaredistance
betweenthe two contoursets[Bor88]. This is minimized
by adjustingthe translationand rotation betweenthe con-
tour sets(rigid transformation).Hierarchicalmethodsmay
beusedto increaseconvergence.

In voxelsimilarity or mutual informationor relativeen-
tropy methods[SHH96] 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 sameposition in the second.Maximizing the valuesin
the histogramis equivalent to registeringthe two volumes.
Studholmeet al. [SHH96] usea multi-resolutionapproach
anditeratethroughvarioustranslationalandrotationalval-
uesto maximizethe function. Fei et al. [BF03] alsousea
featurecorrespondencewhich is re�ned usingoptimization
of mutualinformationin volumesof interestaroundthefea-
tures.Thelocal transformis thenmodeledusinga thin-plate
splinetransformationwhich is optimizediteratively. Reuck-
ert et al. alsousea similar methodto �nd theglobal trans-
form, andthenuseB-splinesto model the local transform,
andoptimizethoseusingasmoothnesspenaltyandmultires-
olutionapproach.

In general,it seemsthebestapproach(in termsof speed
andaccuracy) is to determinetheglobalrigid transformhier-
archicallyusinganoptimizationof choice.For thelocalelas-
tic transform,somemodel (suchasB-splinesor thin-plate
splines)is used,andthenoptimizeduntil theapproximating
transformis found.
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4.5. Interacti veManipulation

A small numberof softwaresystemshave beendeveloped
for interactive modelingof volumeobjectsusingprocedural
toolsandoperators[WK95, GH91, AS96]. 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 sawing tool maybeusedto remove a
largepieceof materialfrom anobject,while aheatgunmay
beusedto melt awaysoftmaterialson theobject.

The use of sculpting metaphorfor surface-basedge-
ometric modeling has been studied extensively (e.g.,
[Coq90, Nay90, SPE� 90, SP86]). Galyean and Hughes
[GH91] �rst introducedthis conceptto interactive volume
modeling.A numberof tools were developed,which are
also discretizedand which include `toothpaste'for adding
voxels,`heatgun' for meltingaway voxels,`sandpaper'for
smoothinganobjectby wearingaway theridgesand�lling
the valleys. [WK95] extended this approachto include
`carving' and `sawing' tools. Particular attentionwas paid
to prevent the aliasing causedby the sculpting process.
[AS96] useda force feedbackarticulatedarm to command
volumesculptingtools,including`paint', `melt' `construct',
`burn', `squirt', `stamp'and`airbrush'.[Bar98] proposedan
octree-basedapproachto acceleratevolumesculpting.

Recently, [RE00] proposeda hierarchicalapproachbased
onthescalartensorproductuniformtrivariateB-splinefunc-
tion. Thesculptedobjectis evaluatedaszerosetof thesum
of the collection of the trivariatefunctionsde�ned over a
3D working space,resultingin multi resolutioncontrol ca-
pabilities. The continuity of the sculptedobject was gov-
ernedby thecontinuityof thetrivariates.A collectionof B-
splinepatcheswith arbitraryposition,orientation,andsize
wasusedto representthescalar�led. To sculptthevolume,
userselectsthepatchin which objectis de�ned usingthea
tool to modify thescalarcoef�cients.

5. Deforming DiscretelySampledObject
Representations

In this survey, the term deformation refers to intended
changeof geometricshapeof an object underthe control
of someexternalin�uence suchasa force.To facilitatethe
computationof geometricchanges,adeformablemodelnor-
mally has two primary components,a data representation
andanalgorithmbasedon a physicalor mathematicalcon-
cept.Applicationsof deformationtechniquesincludecom-
puter animation,object modeling,computer-aidedillustra-
tion, surgical simulation,andscienti�c visualization.

In this section,we focuson thosetechniquesthat areof
a strongrelevanceto discretelysampledobject representa-
tions (DSORs).theseincludethosetechniquesthat operate
directly on DSORs,aswell asthoseinvolve geometricrep-
resentationsextractedfrom DSORs.Table2 listsacollection

of previous developmentsin this area,andtheir main tech-
nical characteristics.After a summaryof non-physically-
baseddeformablemodels,we brie�y examineseveral ma-
jor physically-basedmodelsthathavebeendeployedfor de-
formingDSORs.We thenconsidertechniquesfor rendering
deformationdirectly. Finally we give anoverview of DSOR
deformationtechniquesin thecontext of aparticularapplica-
tion, namelysurgical simulation,whereDSORdeformation
couldpotentiallyplayamajorrole.

5.1. Empirical Deformable Models

Empirical deformablemodelsareNon-physically-basedde-
formable models, which are designedto imitate physical
behaviors of deformableobjectswith little or very limited
physicsin their computationalgorithms.

SinceDSORscontain limited geometricaland topolog-
ical information, one commonapproachis to associatea
DSORwith a geometry-basedcontrol structure,which de-
formsupontheinputof adeformationspeci�cationandthen
transfersits geometricchangesto theDSORconcerned.

Severaltraditionalfunctionalandparametricmodelsmen-
tionedin 2.2havebeenappliedtoDSORdeformation,which
include:

� applyingglobal andlocal deformation[Bar84, Bar86] to
volumedatasetsthroughray de�ectors[KY95] or spatial
transferfunctions[CSW� 03];

� applying free-form deformation [SP86] to volume
datasetsthroughvolumeboundingboxes[CSW� 03];

� employing a collection of pre-de�nedproceduraldefor-
mationspeci�cationsto segmentedvolumedatasetsin in-
teractivedataexploration[MTB03];

� transformingavolumedatasetto animplicit model, which
is thenusedto facilitateparametriccontrolfor deforming
thevolumedataset[HQ04];

� applyingsplitting operationsto volumedatasetsandhy-
pertexture in a combinationalmannerusingspatialtrans-
fer functions[IDSC04].

On the otherhand,DSORsaresometimessuperimposed
uponsurfaceor solidmodelsto assistin deformationcompu-
tation.For example,level setswereemployedfor deforming
surface-basedobjects[Whi04, LKHW03], and deformable
distance�elds wereusedto estimatepenetrationdepthfor
elasticbodies[FL01].

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

In recent years, empirical deformable models have
beenappliedto point-basedrepresentations.Theseinclude
free-form deformation [PKKG03], and haptic-texturing
[HBS99].
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Reference Data Representation Computational model Application Context

[Bar84] genericsolidmodels empirical(global/localdeformation)
[Bar86] parametric/implicitsurfaces empirical(spacewarp)
[BAZT04] dynamicmodels �nite element shaperecognitionin 2D images
[BC96] tetrahedralmesh �nite element surgical simulation
[BJ03] sphericalmesh radialelementmethod surgical simulation
[BMW01] triangularmesh massspring soft tissuesimulation
[CB01] longelementmesh �nite element surgical simulation
[CD99] tetrahedralmesh �nite element realtimesurgical simulation
[CBS96] implicit surface empirical(sweptobjects)
[Coq90] polygonalmesh empirical(free-fromdeformation)
[CR94] polygonalmesh empirical(free-fromdeformation)
[CSW� 03] volume empirical(spatialtransferfunction) volumevisualization/animation
[CZK98a] triangularmesh mass-spring,�nite element
[DCA99] tetrahedralmesh �nite elementandtensormass surgical simulation
[DDCB01] hierarchicaltetrahedralmesh `explicit' �nite element real-timedeformation
[FLW93] superquadrics empirical(superquadrics)
[Gib97] volumegrid empirical(chainmail)
[HHK92] rectangularmesh empirical(b-spline-basedFFD)
[IDSC04] volume empirical(spatialtransferfunction) splittingandexplosion
[Jon03] volume �nite differences icemelting
[KCM00] polyhedralmesh,NURBS massspring,�nite element surgical simulation
[KMH � 04] point-based linearelasticity collisionhandling
[KWT87] 2D curveson images energy minimizingsnakes
[KY95] volume empirical(rayde�ectors) volumevisualization
[LKHW03] polygonalmesh empirical(level set)
[LW94] curve,surface,solid empirical(NURBS-basedFFD)
[MDM � 02] tetrahedralmesh �nite element,elasticity real-timedeformation
[MKN � 04] point-based moving leastsquares
[MSCS03] tetrahedralmesh massspring surgical simulation
[MTB03] volume empirical(proceduralmodels) volumevisualization
[MTG04] Hexahedralmesh �nite element
[NC99] rectangularmesh empirical(NURBS-basedFFD)
[NT98] triangularmesh massspring,elasticity
[PDA03] tetrahedralmesh �nite element,non-linearelasticity liver laparoscopic,haptic
[PKKG03] point-based empirical(free-formdeformation)
[PLDA00] tetrahedralmesh �nite element,elasticity laparoscopicsurgical simulation
[PPG04] point-based moving leastsquares contacthandling
[PW89] genericsolid �nite element
[RRTP99] unstructuredsurfacemesh massspring surgical simulation
[RSSSG01] volume empirical(gradientdeformation) hardware-assistedrendering
[SBH� 00] rectangularmesh �nite element laparoscopicsurgical simulation
[SP86] genericsolid empirical(free-fromdeformation)
[SP91] implicit surface empirical(deformationmap)
[TBHF03] triangularmesh �nite volume skeletalmusclesimulation
[TM91] superquadrics empirical(superquadrics)
[TPBF87] curve,surface,solid elasticity
[WMW86] implicit surface empirical(implicit surface)
[WGG99] implicit surface empirical(implicit surface)
[WT04] triangular/tetrahedralmesh �nite element soft tissuesimulation
[WW90] genericsolid low degree-of-freedom
[WW92b] b-splinesurface empirical(parametricmodel)
[XHW� 05] rectangularmesh �nite element heartmodeling

Table2: Summaryof a collectionof exampledeformablemodels.
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5.2. Physically-basedModels

As shown in Table2, almostall physically-basedmodelsare
associatedwith a meshdatarepresentation,typically with
triangularor rectangularelementsfor surfacesandtetrahe-
dral or hexahedralelementsfor solidsor volumes.In most
applicationsinvolvingDSORs,suchdatarepresentationscan
be extractedor reconstructedfrom DSORsusing the tech-
niquesdiscussedin Section4. They can be coupledwith
DSORsandactasthecontrolstructurefor DSORdeforma-
tion. For mesh-centeredphysically-baseddeformablemod-
els,readersareespeciallyencouragedto consultseveral im-
portantsurveys,including....andSTAR4.To maintainacer-
taindegreeof self-containmentof thissurvey, webrie�y de-
scribeseveralcommonlyusedphysically-baseddeformable
models.

� Mass-springModels— In mass-springmodels,anobject
is approximatedasa �nite meshof points.The mechan-
icsof deformationis de�nedasasecond-orderdifferential
equation,which speci�esequilibriumat themeshpoints.
Verticesare adoptedas nodesin a mass-springmodel,
which are connectedvia springsto their neighbors.An
initial conditioncanbeassignedto eachvertex andthein-
ternalforceactingon a verticesis calculatedbasedupon
its local neighbors.This force is then usedto calculate
vertex motionusingNewton's law of motion.

� Finite ElementMethods(FEM) — Unlike mass-spring
models,wheretheequilibriumequationis discretizedand
solvedat�nite masspoints,theFEM systemis discretized
by representingthedesiredfunctionwithin eachelement,
asa�nite sumof element-speci�cinterpolationfunctions.
FEM is usedextensively in computergraphicsfor defor-
mation(e.g.,[PW89, BC96]).

� ContinuumModel— A continuummodelof adeformable
object is a function of the forcesactingon the material
propertiesof the object.Sinceit is not always possible
to �nd a closed-formanalyticsolutionof sucha contin-
uum model,a numberof numericalmethodsareusedto
approximatetheobjectdeformation[TPBF87, TW88].

� Low Degree-of-freedomModels — This classof mod-
els are designedto reducethe computationalcosts of
abovementionedphysically-basedmodels.For example,
one may use a system of equationsthat are linearly
independent[SPE� 90], have a restricted class of de-
formation functions [WW90], add physical behavior to
the traditional geometricmodeling primitives as para-
metric surfacepatches[WW92b], useiterative solutions
for the �rst-order differential equationof deformation
[BBC� 94], preprocessingnon-linearityin high-orderdif-
ferential models [CD99], and linear elasticity theory
[MKN � 04, KMH � 04].

5.3. RenderingDeformation

Traditionally, deformation is performedat the modeling
stage,which resultsin anexplicit deformedobjectto befor-

wardedto therenderingstage.It is oftendesirableto couple
themodelingandrenderingof deformationtogetherto facil-
itate interactive deformationor reducethe needsfor gener-
ating explicit deformedobjectsat eachtime step.This ap-
proachis particularlyeffective whendeformationrendering
is acceleratedby using moderngraphicscards.The major
developmentsin thisareainclude:

� Kurzion and Yagel [KY95] introducedthe conceptray-
de�ectorof for deformingvolumedatasetsduringtheren-
dering stageby deformingviewing rays using linear or
non-linearde�ectors. In additionto traditionalgeometric
transformation,therearede�ectorsdesignedto split and
seethroughexternalsurfacesof avolumeobject.

� Chenet al. [CSW� 03] developedthe conceptof spatial
transfer functionswhich enabledeformationde�ned as
volume objectsin a volume scenegraph.Deformation,
which canbe speci�ed in a hierarchicalmanner, is real-
izedduringtherenderingof thescenegraph.Theconcept
wasdeployed for volumevisualization,free-fromdefor-
mation, image-sweptvolumes,volumeandhypertexture
splitting,andvolumeanimation[CSW� 03, IDSC04].

� WestermannandSalama[WS01] utilized3D texturemap-
ping hardwareto achieve interactive deformationof vol-
ume datasets.Coupledwith backward distortion of 3D
texture coordinates,deformation is realized using de-
formed textures during rendering.Rezk-Salamaet al.
[RSSSG01] used generalpurposerenderinghardware,
coupledwith edgeand faceconstraints,to facilitate the
adaptivesubdivisionof piecewisepatchesof avolumeob-
ject.

� SinghandSilver [SSC03] usedaproxygeometryto spec-
ify manipulationabout joints in the volume. Bounding
boxes are usedwhich can then be moved and rendered
with thetexturemappinghardware(seealso6.2.

� Müller 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 approach was adopted to simulate object
deformationin realtime.

5.4. Deformable Models in Surgical Simulation

The role of deformablemodelsin surgery simulationand
training is diverse,sincethey arerequiredfor collision de-
tection,renderingandhapticssimulation.Whentheuserin-
teractsthrougha virtual tool, forcesappliedto the model
producea deformation,describedasa setof displacements
of theunderlyinggeometry, andthey generateinternalforces
andvibrationswhicharefedbackto theuserashapticstim-
uli.

Although non-physical models,such as 3D ChainMail
[Gib97] andfreeform deformation[SP86], arecomputation-
ally inexpensive, physically basedmodelsarethedominant
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paradigmbecauseof their accuracy. Theseinclude mass-
springmodels[CZK98b, MSCS03] and�nite elementmeth-
ods (FEM). Of thesetwo, the latter is the most common,
becauseit is moreaccurateandcanaccommodatedifferent
materialpropertiesthrougha small numberof parameters.
Furthermore,the focusof mostsurgical simulationsystems
is a simulationon localizedregions,which FEM canhandle
properly(i.e.,noneedto simulatelargedisplacements).

FEM,however, is computationallyexpensivefor real-time
simulation,since it requiressolving large partial differen-
tial equations(PDEs).Techniquesfor achieving real-time
�nite elementsimulation can be classi�ed into two cate-
gories:thosethat simplify the mathematics,andthosethat
speed-upthesolutionalgorithms.In theformercategory we
�nd approachesthat simplify the modeling of elastic tis-
sueusing linear models[ZCK98, BC96]. Linear elasticity
is often preferredbecauseit reducesthe problemto a lin-
ear equationthat can be solved quickly by pre-computing
the inverseof the stiffnessmatrix. However, linear elastic-
ity only is accuratefor smalldeformations.Largedeforma-
tions, suchasglobal rotations,usually result in an unreal-
istic volumegrowth of themodel.For this reason,different
techniqueshavebeenproposedtohandlelargedeformations,
suchaswarpingof thestiffnessmatrix[MDM � 02] andquasi
non-lineardeformation[CD99]. ZhuangandCanny propose
real-timedeformationusingnon-linearelasticity[ZC00]. In
surgery simulation,the problemis often describedasa dy-
namicproblem.Alternatively, theproblemcanbereducedto
a staticproblem,which ignoresbodyforces,inertiaanden-
ergy dissipation.BroNielsenproposedthissimpli�cation for
surgerysimulationfor obtainingreal-timeresponse[BC96].
However, lossof dynamicsmayaffecttherealismof thesim-
ulation andstaticsystemsaremostly usedin surgery plan-
ning, wherethe desiredsolutionis the equilibrium stateof
the deformablemodelafter beingsubjectedto forces,with
no interestin theintermediatestates.

The secondcategory for real-timedeformationincludes
techniquesfor speedingupthesolutionof theresultingequa-
tions.BroNielsenandCotin proposeda techniquebasedon
condensation[BC96], which reducesthesizeof thePDEto
besolvedby ignoringtheinternal�nite elementsin thecom-
putation.They also proposedexplicit integration over im-
plicit integrationfor its reducedcomputationtimeandmem-
ory requirements.However, explicit integrationleadsto in-
stability for large time steps.Anotherpossibility for speed-
up is theuseof multiresolutiontechniques,assuggestedby
Debunneetal. [DDCB01] andWu [WDGT01]. Wu andTen-
dickproposeamultigrid integrationscheme[WT04] tosolve
non-lineardeformationsin real-time.Real-timedeformation
hasalsobeenpossiblewith increasedcomputationcapabil-
ities, suchas parallel processingandspecializedhardware
[SBH� 00, FTBS01] and implementationof matrix solvers
onGPUs[BFGS03].

A challengein surgicalsimulationthatpreventsextensive

useof precomputedquantitiesin FEM is real-timecutting.
Pre-computationof the stiffnessmatrix andappliedforces
forbidstopologychangesin themesh,requiredfor simulat-
ing cutting.Cotin et al. [CD99] proposea hybrid approach
for real-timecutting thatusesa staticmodelin regionsthat
do not requiretopologychangesanda dynamicmodelfor a
limited regionwherecuttingandtearingis needed.

Other approachesto surgery simulation include tensor-
mass models [DCA99, PDA03], Long Elements Meth-
ods (LEM) [CB01], later extended to Radial Elements
Method(REM) [BJ03], andFinite VolumeMethods(FVM)
[TBHF03]. Although they differ from FEM, thesemethods
follow thesameidea:thesamplingof thecontinuumintoele-
mentsandtheintegrationof forcesanddisplacementsbased
on thematerialpropertiesof thoseelements.Surveyscanbe
foundin [LTCK03].

6. Animating DiscretelySampledObject
Representations

Computeranimationrefersto thesimulationof motionand
deformationof objectsor �gures. While simplerigid-body
movementscanbeachievedby rotationor translations,more
complicatedanimationthat involves the movementsof ar-
ticulated�gures requiresmoresophisticatedrepresentation
schemesand control mechanisms.Object representations
that are commonlyusedin animationusually facilitate at
leastG0 geometriccontinuityin objectdescriptions,aswell
as controls of motion and deformationvia parametersor
control-points.Theseinclude contour-based�gures in 2D
cartoonanimation,and 3D articulatedanimation.For in-
stance,in 3D computeranimation,digital charactersare
commonlyrepresentedby articulated�gures which `arehi-
erarchicalstructurescomposedof asetof rigid links thatare
connectedat rotaryjoints [HB03].

However, whenadigital characteris capturedin aDSOR,
themuchdesirablegeometrical,topologicalandsemanticin-
formationis notavailablefor animatingthedigital character.
Therearesofaronly a few piecesof researchthathavebeen
reportedin the literatures.In this section,we �rst examine
techniquesfor animating2D digital charactersin images.
This is followedby discussionsontheanimation(andmove-
ment)of 3D volumetricobjects.

6.1. Animating Digital Characters in Images

In thestudioproductionof digital composition,imagequal-
ity playsa critical role. Thereare really two aspectshere:
animatingdigital characterswhich areimagesof �x edreso-
lution andtheresolutionof thecompositeimageswhich are
the�nal product.

Thedemandfor high-resolutionraisesthememoryload-
ing. Froumentinet al. [FLW00] developeda 2.5Drendering
andcompositionsystemfor animatingimage-baseddigital
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character. Basically, their methodis basedon imagecom-
positingusingeither2D geometricshapesor rasterimages
asinput primitives.Theresolutionof the �nal imageis vir-
tually unlimited.

Traditionalinterpolationmethodswill blur thesharpness
of edgesanddegradethe quality of texture features,espe-
cially the tiny texture featuresunderwarping and morph-
ing operations.That is, visual �a ws canbecomenoticeable
whenpart of an imagethat representsa digital characteris
underdeformation.Thus,they develop a continuousmodel
for suchimage-basedcharacters,whichmaintainsthesharp-
nessof edgesandthe smoothnessof �at areas.As demon-
stratedby Froumentinetal. in [FLW00], snakescanbeused
to de�ne edgesindependentlyof thepixel resolution.Their
snakes in fact pass`through' pixels andpreciselywhereis
determinedby theimagedataitself.As photographicimages
seldomhave areasof constantcolor (unlike cartoons),they
segmentthe imageon texture. It is theseareasof constant
texturewhicharethenboundedby closedsnakecurves.

As shown in Figure 2, this representationof the goose
maintainsthe edgeinformationwell andthusthe composi-
tion quality is maintained,evenwhentherequiredoutputis
atmuchhigherresolutionthantheraw imagedata(right).

(a)snakemodelof swan (b) arbitrarywarping

(c) Digital composition:left: original image;
right: snake-boundaryrepresentation.

Figure 2: 2D DSORscanbedeformedandanimatedusing
a 2.5Drenderingandcompositionsystem.

The previous methodrequiressomeuser-intervention to
identify the areasof constanttexture. In an alternative ap-
proach,SuandWillis [SW04] haveinvestigatedusingimage
interpolationtechniquesto representanimageatany resolu-
tion, independentof the original samplingrate.They again
note that edgesare importantvisually andso theseshould
be retainedwhenresamplingan image.Eachgroupof four
pixels is tested,on the assumptionthat an edgepassesbe-
tweenthem.If so,onepixel valuewill beanoutlier andthe
edgecanbepresumedto passbetweenit andits companions.

Ratherthanexaminetheedgefurther, they usea singleex-
trabit to indicatewhichdiagonalis closestto thedirectionof
thisedge.As this is avery local test,they thenrunoverthese
bits andcomplementany bit which is not in themajority of
thosearoundit, in effectextendingtheedgedeterminationto
anareaof four by four pixels.Thesediagonals,in conjunc-
tion with the four surroundingpixels,createa triangulation
of theentireimage.Simplebilinearinterpolationwithin any
trianglegives the valueat any 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 any casesimple
enoughto be fast in any implementation.The samplescan
of coursebe rotatedif the imagerequiredis a rotatedone;
or be non-uniformlyplaced,if a warpedimageis wanted.
Theresultingimagesarevisually asgoodasmorecomplex
methods.

The above imageinterpolationmethodwasalsousedin
the Quasi-3Danimationsystemof Qi andWillis [QW03],
which builds on the mentionedwork from Labrosse,Frou-
mentinin their earlierwork with Willis. Traditionalcartoon
animationusesa stackof paintedcels, with the layer or-
deringdeterminingvisibility. Eachsackis photographedto
make one frame of animation,then one or more elements
arechangedanda new framephotographed.Qi andWillis
extendedthis approachfor computeruse.In their system,
every cell is a digital image.They retain the layering but
permit the cels to be anywherein 3D. This includeshave
intersectingcels.Eachcel canbe animated,independently
lit from front and behind,and moved aroundin 3D. As a
resultof this freedomof layout, theuserhasmorescopeto
constructtheanimatedworld.Conventionalpixel imagesare
supported,whenthesystemhassomeparallelwith imposters
in virtual reality. However they canalsousetheinterpolated
imagesof SuandWillis, meaningthattherenderingquality
is automaticallyadjustedto that of the �nal image.More-
over, theability to light eachcel from front andbackextends
the visual effectspossible.Finally they usethe betachan-
nel color model [Odd91], which permitsmulti-layer trans-
parency, color blendingandfront andbacklighting, of a re-
alismnotpossiblewith alphachannel.

In-betweenframesare calculatedsemi-automaticallyin
traditionalanimationproductions.However, in motioncap-
turesystems[BLCD02], undesirablevisualartefactscanbe
introducedby in-betweenframes.

The main idea in a motion capturecartoonsystemis to
parameterizecartoonmotion with a combinationof af�ne-
transformationsand key-weight vectors.Thus the solution
to theproblemof inconsistentin-betweenframesis to con-
struct the extendedlinear spacefor every combinationof
hand-picked key-shapesand thengeneratemean-shapesin
betweenkey-shapes,by solvingtheaf�ne matrixandweight
coef�cients.
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TheVisibleManwasaboutto barbecuea lobster.

Thelobsterstruggledto getfree,but endedin the�re.

Thelobsterexploded.

TheVisibleManwavedhis `magicwand', hoping...

Figure 3: Animatingthe motion and splitting of a lobster
usinga block-basedapproach in conjunctionwith motionof
the Visible Man. Both the lobsterand the Visible Man are
de�nedusingdiscretevolumerepresentationsandthe�r e is
de�nedusingaprocedural volumerepresentation[ IDSC04] .

6.2. Block-basedVolumeAnimation

The work in volumeanimationis focusedon repositioning
anacquiredvolumetricmodelinto a new pose,for example,
makingthevisiblemandatasetsit or walk. Mostof thetech-
niquesbelow do not modeldeformations,i.e.,only thevox-
elsaremoving andthemusclesarenot deforming.Clearly,
for large movements,breakagecould occur at joints. Fur-
thermore,sincenow a volumeis available,theissueof how
andwhich internal structuresof the volumemove abouta
particularjoint is adif�cult problem.Below is asummaryof
themethodswhichutilizedblock-likeboundsto groupparts
of thevolumetogetherfor manipulation:

� Wu and Prakash[WP00] �rst proposeda block-based
approachfor controlling the motion of the visible man
dataset.The volumetric representationis �rst dissected
into blocksof voxels,eachrepresentinga majorsegment
of thedigital character. For eachmovement,thedeforma-
tion of theblockstructureis computedusingthe�nite el-
ementmethod.Eachdeformedblock is thenre-voxelized
using3D texture mapping.The combinationof thesere-
voxelizedblocksrepresentsthemotionof thedigital char-
acterateachtimestep.

� Chen,Silverandothers[CSW� 03] employedtheconcepts
of spatialtransferfunction and constructive volume ge-
ometryto achieve theblock-basedanimationwithout the
needfor re-voxelizationateachtimestep.

� SinghandSilver [SSC03, SS04] alsodecomposeda vol-
umeinto blocksin orderto animateadigital charactersin
volumedatasets.Theblockswereusedin conjunctionto a
skeleton.This allowed for real-timemanipulationsalong
the IK-skeletonsinceeachblock could be transformed
andrenderedusingthetexturememory. Theblockswere
stretchedaboutthejoints to preventbreaking.

� Islamet al. [IDSC04] furtherdevelopedthis approachby
incorporatingvolume splitting into the deformation,fa-
cilitating an animationserieswith motion andexplosion
(Figure3). They have alsostudiedthe scalabilityof ani-
mationmodelingandrenderingin termsof thenumberof
blocksused.

6.3. Skeleton-basedVolumeAnimation

In conventional3D computeranimation,digital characters
areanimatedusinga `skeleton',which is a stick �gure rep-
resentationof theobject.Theanimator�rst createsa skele-
ton of the model (called IK skeleton)and then binds the
polygonsto the skeleton.The skeletoncanthenbe manip-
ulatedor animatedto causethecorrespondingmovementin
themodelusingkey framing, inversekinematicsor motion
capture.This processis adoptedby many commercialani-
mationpackages.

Gagvani and Silver [GS99, GS00, GS01] developed a
methodologyfor animatingvolumetricmodelssimilar to the
processusedfor surfacepolygonalmodels.Thisprocess,in-
cludesthreesteps:
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1. skeletonizationandattachmentof volumeto skeleton,
2. modi�cation or manipulationtheskeleton,and
3. reconstructionof thevolumeandrendering.

In this process,a new volumeis createdfor eachmanip-
ulationof theskeleton,similar to a key-frameprocess.The
�rst stepis to skeletonizea volumetricrepresentationof an
objectto beanimatedandto choosebones/jointsto form the
IK skeleton.TheIK skeletoncanbecomputedusingaskele-
tonizationalgorithm(describedin 4.1.3). In [GS00] a thin-
ning procedureis usedto �rst thin the volumebasedupon
the distance�eld andthenthe animatorchoosesjoints and
bones.While thejointsandbones(IK skeleton)areusedfor
animation,the `thinnedvolume' is usedto reconstructthe
volumein the �nal step.Becausea volumeis available,the
IK-skeletoncan either be `centered'within the volume as
in traditionalcomputergraphics,or canlie alongtheactual
skeletonof thevolumeif oneis available(asin thecaseof
thevisibleman,or ananimal).

TheIK-skeletonis thenmanipulated.This canbedonein
any animationpackagesuchasCharacterStudio[ani02a], or
Maya [ani02b] by applyingstandardanimationtechniques
suchaskey-framing,inversekinematicsor evenmotioncap-
ture.Transformationsareappliedto the IK-skeleton,which
in turnspeci�esthetransformationonthe"thinnedvolume".
Eachof thevoxels in thethin volumehasanassociateddis-
tance�eld, whichspeci�esasolidsphereof texturecentered
atthatvoxel.Thevolumetricobjectis reconstructedby scan-
�lling thesolidspheresaboutthetransformedjoint while in-
verselymappinginto theoriginal volumefor correctsample
values.Becausethereis overlapin thespheres,coverageis
maintainedfor small anglesaboutthe joints. (Pleaserefer
to [GS01] for moredetails.)An exampleof thevisible man
jumping rope is shown in Figure 4. Eachframe is created
by mappingmotion-capturedata(a jump-ropesequence)to
an IK-skeletonof thevisible manandreconstructinga vol-
umearoundeachkey frame.Thuseachframeis a new 3D
volumein the new pose.Oncethe volumeis createdit can
berenderedwith standardvolumerenderingalgorithms.Be-
causea new volumeis created,it is availableto be usedin
any applicationthattakesa3D volumeasinput.

7. Conclusions

In this state-of-the-artreport,we have examineda technical
challengefor deformingandanimatingdiscretelysampled
objectrepresentations(DSORs).We have outlinedtheover-
all scopefor this challengeandexamineda family of meth-
ods and techniquesthat have beendevelopedfor manipu-
lating, deformingandanimatingDSORs.In general,tech-
niquesfor manipulatingDSORshave reacheda relatively
maturestatus,with many well studiedtechnicalproblems
and solutions.Techniquesfor deforming DSORsare still
replied heavily on thoseoriginally developedfor surface
andsolid objectrepresentations.However, recentadvances
in closecouplingof deformationandrenderingof DSORs

have openedanexciting new frontier. In termsof animating
DSORs,althoughthereareseveralmajorbreakthroughs,the
overall effort madein thisareais sofar limited.

Consideringtherapidadvancesin imagingtechnologyas
well asDSORrenderingtechnology, it is highly desirableto
take the researchanddevelopmentin aspectsof manipulat-
ing, deformingandanimatingDSORsto anew level.
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