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Abstract

With the adventof contempoary GPUs, it hasbeenpossibleto performvolumedeformationat interactiverates.
In particular, it hasbeenshownthat deformationcanbeimportantfor the purposef illustration. In sud cases,
rather than being the result of a physically-baseaimulation, volumedeformationis often goal-orientedand

userguided.For this purposeit is importantto provide the userwith toolsfor directly specifyinga deformation
interactivelyandre ne it basedon constaintsor userintention.In manycasesdeformatioris obtainedbasedon

a refelenceobjector image. In this paper we presenta methodfor deformingvolumetricobjectsbasedon user
guidedscatteed datainterpolation.A GPU-basedmplementatiorenablesreal-timemanipulationof 2D images
andvolumesWe showhowthis approac canhaveapplicationsin scienti c illustration, volumeexploration and

visualization geneation of animationsand specialeffects,amongothers.

Catagoriesand SubjectDescriptorgaccordingto ACM CCS} 1.3.3[ComputerGraphics]:Line andCurve Genera-

tion

1. Intr oduction

Recentadvancesn GPUtechnologyhasenabledheinterac-
tive manipulatioranddeformationof volumetricobjects,in-
cludingthoseobtainedrom CT or MR imagesprocedurally
de ned objectsor astheproductof asimulation Becausef
the compleity of volumetric objects,specifyingdeforma-
tionsis acomple task.Surface-basedeformationrmethods
are often of limited usein volume graphicsdueto the in-
ability to representhedesireddeformatiorof theinterior of
objects,andbecause/olumetricdataoften do not containa
explicit representationf thegeometryof the objects Direct
transformatiorof voxels is impracticaland often resultsin
undesiredaliasingand undersamplingffects [MTBO3]. In
othercasesyolumedeformations reducedo thedirectma-
nipulationof the verticesof a control mesh,suchasa free-
form lattice [WRSO01, which limits the typesof deforma-
tionsthatcanbeattained Discontinuouslisplacementnaps
overcomesghislimitation by allowing arbitrarydeformations
andcutsto beappliedto volumetricobject§ CSC068, atthe
costof pre-computinglisplacementapswhich canbedif-
cult to createandplacein 3D spaceto obtaina desiredde-
formation.Othermethodsepresentleformatiorastheprod-
uct of physics-basedimulation,but they are computation-

¢ TheEurographic#ssociation2007.

ally costly anddif cult to controlwhenthe userwishesto
attaina“goal” deformedobject.

For this reason|t is importantto provide a methodfor
volumedeformatiorthatdecreasethecompleity of manip-
ulating millions of voxelsin 3D spaceto simplerandfewer
elementsin this paper we presenia methodfor specifying
thedeformationof a 3D volumetricobjectvia scatterediata
interpolation.In our approachwe guide the 3D deforma-
tion startingfrom a userde ned illustration. The userde-
formsthis 2D imageby transforminga setof controlpoints.
Scattereddatainterpolationis thenusedto build a 2D dis-
placementap,whichis “extruded”into a 3D displacement
map accordingto simple userde ned rules. This displace-
mentmapis thenappliedto the objectto obtaina deformed
volume,usingthe methodologyin [CSC06HhCSC064

Thismethods advantageousverpreviousapproachess
thecompleity of handlinga large numberof control points
in 3D spaceis reducedto a 2D image.By usingscattered
datainterpolation,it is possibleto build a smoothdisplace-
mentmap that resultsin plausibledeformations Although
theuseof 2D imagedimit thetypesof deformatiorthatcan
be generatedn 3D, it is possibleto extendthis ideato di-
rect3D deformationWe believe this hasapplicabilityin 2D
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and3D imagemorphingandanimation,wheredeformation
is guidedby a setof matchingfeaturepoints,in illustration,
wheredeformationis oftenguidedby 2D referenceamages,
andin volumegraphicsin general.

2. RelatedWork

Volume deformationhasbeenpossiblewith the adwent of
programmableGPU's. Oneof the rst to proposethis was
Westermannand Rezk-SalamgdWRS01, RSSSGO], who
de ne deformationas the transformationof nodeslocated
in a proxy mesh,placedin the boundaryof the volume.
Becauseof the existenceof an embeddinggeometry goal-
driven deformationsaredif cult to obtainascontrol points
arenot placedwithin featuresin the volumetricobject. The
useof matchingfeaturedor deformatiorhasonly beenpro-
posedbeforefor volumemorphing,whereaninitial andend
volumesare required[FHSR96 LGL95]. These,however,
were intendedfor non interactve generationof intermedi-
atevolumes,ratherthanfor interactve deformation.Other
volume deformationapproachesise pre-computedproce-
duresto de ne the transformation.Theseinclude spatial
transferfunctions [CSW 03], ray de ectors [KY97], and
discontinuouddisplacemenmaps[CSC06h CSC063 Al-
thoughthesesolve the problemof expressingcomplex de-
formations the creationandplacemenin 3D of thesetools
is a major problem.In this paper we presenta methodfor
obtaining3D displacementsising scattereddatainterpola-
tion. A smoothdisplacemeniapis obtainedby interpolat-
ing the displacemenbf a small numberof control points,
manipulateddirectly by the user We expandon the work
in [CSCO06H, by allowing the userto createthe desiredde-
formationthroughaninteractve illustration. Scattereddata
interpolationhasbeenusedfor the deformationof 2D im-
ages.In [RM95], a numberof approachesreexplored,in-
cluding inversedistanceweightedinterpolationand radial
basisfunctions(RBFs).RBFsincludingrigid structuresvas
explored by [LHH97]. Recentapproacheso image defor
mation are aimedto nding as-rigid-as-possibleleforma-
tions to be effective [ACOL0OO, SMWO€]. In our approach,
we userigidity constraintswith Radial Basis Functionsto
provide moreplausibledeformationsUnlike theseprevious
approachesye do not requirea triangularmeshof theim-
age butratherwork directly onaperpixel basis Furtherwe
proposean extensionwhich allows the introductionof dis-
continuities,usefulfor depictingcuts. Theideaof scattered
datainterpolationwasalsointroducedto the deformationof
3D objects] RM93,KSSH02 BKO5].

3. Overview

Ourapproactworksin two stagesln the rst stagetheuser
createghe desireddeformationby illustratingon a 2D im-
age.The 2D imageis obtainedfrom the volumetricobject,
eitherasa compositegrojection,a maximumintensitypro-
jection (MIP) or directly from a dataslice. This deforma-

tion is performedby de ning a setof control points and
transformingthem directly. The imageis deformedby in-

terpolatingthe displacemenbf the control pointsalongthe
entiresurfaceof theimage.Oncea desireddisplacemenis

obtaineda 3D displacements computedpy extruding the
2D displacementilong the z direction, using simple rules
de ned by the user Onesuchrule could be simply to repli-

catethe 2D displacemeninto a 3D volume. Then,the 3D

displacemenis usedto deformthevolumeusingtheinverse
warpingmethodgproposedn [CSCO06Hk. Thefollowing sec-
tionsdescribethis processn moredetail.

3.1. Deformation via Scattered Data Inter polation

In the rst stageof theprocesswe presentheuserwith a2D
projectionof the 3D volume. This projectioncanbe a rep-
resentatie slice, or a maximumintensity projection(MIP)
obtainedrom the users currentviewpoint.

First, we assumewe have a setof control pointsin R2,

ing a continuousfunction that interpolatesthesedisplace-
mentvaluesat the control points. A numberof approaches
have beenproposedsuchasinversedistanceweightedin-
terpolation,wherethe interpolantis built asweightedaver-
ageof thedisplacementAnothermethodis via RadialBasis
Functions(RBF), wheretheinterpolantis alinearcombina-
tion of basisfunctions,whichonly dependnthedistanceo
the control points (thusnamedradial). In this work, we use
RBF to construciour interpolant.

a continuousfunction f canbe found with the RBF inter
polant:

N
f(x) = & aif (ix i)+ pe(¥) 1)
i=1
wherea; are a setof coefcients and py(x) is a polyno-
mial of degreek. f () is a radial basisfunction,i.e., it only
dependon the euclideandistanceto a point (heredenoted
i Ji)- Thecoefcients a; andof thepolynomialarefoundby
puttingthe controlpointsinto theinterpolant;.e., enforcing
f(x) = fi.

For deformationwe wantto obtaina 2D functionD, cor-
respondingto the displacemenin the x andy directions.
Thentheinterpolantis de ned as:

N
D)= & af (iix xij)+ pk(x) )

i=1
where a = [aj;bj]” is a tuple of coefcients and py =
[p;ak]” is a tuple consistingof two polynomialsof de-
greek. It is commonpracticeto considerthe 2D function
astwo independentunctionsdy anddy, andusetheminde-
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pendentlyto interpolatethe x andy component®f the dis-
placementrespectiely.

In our work, we usepolynomialsof degreek = 1, which

ensureshatthe deformationwould be as-afne-as-possible.

Then,thepolynomialsareof theform px(X) = gox+ q1y+ &
andgg(x) = 1 ox+ | 1y+ 1 2.

In orderto nd thecoefcients, we putthe controlvalues
into Eq.@) andsolve the resultinglinear system.For the x
andy component®f the displacementit leadsto two sym-
metriclinearsystems:

F P aj  _ dx;
P 0 g ~ 0 ®)
F P by _ dy;
P o I, T 0 @

whereF is amatrix of sizeN N, suchthatfj = f (jjx;
Xjji), Pisamatrixof sizeN 3 whereP, = (1;x;;yi) anddx
anddy arethe displacement@ x andy respectrely for the
controlpoints.

This systemcanbe solved with a variety of methodsjn-
cluding iterative approacheslin this work, we considera
smallnumberof controlpoints,whicharesufcient to sketch
a wide rangeof comple deformationsso that the system
canbesolvedexactly or via leastsquaregstimatioratinter-
activerates.

Radial Basis Functions. A numberof radial basisfunc-
tionsf (r) have beenproposedor scattereddatainterpola-
tion, with differentcomputationatostandcontinuity guar

anteegRM95]. They arecalledradialbecausé¢hey only de-
pendon the distanceto the control points.In this work, we
choseWendlands polynomialy 3.1(r) = (1 N4 4r+ 1),

where(1 % =(1 rn*for0 r 1andO otherwise,
for its compactsupportand becauset provides C2 conti-
nuity [Wen93. CompactlysupportedRBFsare desiredes-
peciallywhenthe numberof control pointsincreasessince
otherwisethe interpolanthasto be computedbasedon all

points.

3.2. Generation of 3D Displacements

In orderto usethis methodfor volumetricdeformationwe

generata 3D displacemenfrom the2D displacementzirst,

the 2D displacemenis obtainedby evaluatingEq.(2) atdis-
cretepositionsin a 2D grid. Then,the 2D displacements

extrudedin anorthogonaldirectionto createa 3D displace-
ment. This extrusionis a 1D interpolationbasedon user

de ned rules.Examplesof theserulesare:

Replication. In the simplestcase the 3D displacements
obtainedby simply replicatingthe 2D displacemenalong
the orthogonaldirection (which we will assumeit to be
alongthe z-axis). Then,the 3D displacemenits obtainedas:
D3p(Xx;y;2) = D(x;y) whereD(x;y) is obtainedrom Eq.(2).
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(@) (h)

Figure 1: Deformationof a volumetricbar (createdproce-
durally) (a),(b) Nodal deformationon a 2D grid. Control

points are marked with circles. (c),(d) Resultingdeforma-
tion on the 3D dataset.(e),(f) 2D deformationusinga data
slice (g),(h) Correspondin@gD deformation.

Thisis theapproachakenin Fig. 1, wherethe 2D deforma-
tion is replicatedalongthe z-direction,to represent bend-
ing deformation.

Modulation. In this casethe 3D displacemenis obtained
by modulatingafunctionof thez coordinatewith the2D dis-

placementThis methodis usefulfor progressiely applying
thedeformatioror to provide asmoothdeformatiorfrom the
boundarief the 3D displacementln generalthe 3D dis-

placements obtainedas: D3p(X;y;2) = f(2D(x;y) When
f(2) = z for example,the 3D displacemenis smoothly
interpolatedfrom zero to the 2D displacementgiving a
smoothtransition. An example can be seenin Fig. 2(d),

wherethe deformationis smoothlyinterpolatedn the z di-

rection. Compareto Fig. 2(c), which usesthe replication
rule.
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Inter polation. In the mostcomplex case 3D displacement
is obtainedby interpolationof two or more 2D displace-
ments.In this case tri-linear interpolationprovided by the
graphicshardwarecanbe exploited. Oneof theapplications
of this methodis the creationof 3D displacementthat can
be appliedprogressiely to a volumetricobjectto represent
differentstagesf a proceduree.g.,abendingoperationn
this case we keepintermediate2D displacementsbtained
astheusemovesthecontrolpointsandusethemall together
to createa 3D displacement.

Oncea 3D displacements created,t canbe appliedto
the renderingof deformedvolumetricobjectsusingthe ap-
proachesle nedin [CSCO6hHCSCO06@ whereinversewarp-
ing is usedto transformeachsamplepoint via the 3D dis-
placement.

4. Complex Deformations

Oneof theadwantage®f usingRadialBasisFunctionsasba-

sisfor creatinganinterpolantis the ability to build displace-
mentswith certaindegreeof continuity, and the ability to

represenas-afne-as-possibldransformationslueto its op-

timization mechanismHowever, certaindeformationsnay
be dif cult to representlueto this. For instance,n mary

casesit is desiredo have as-rigid-as-possibldeformations,
ratherthanafne. In othercasessuchaswhensimulating
cuts, global continuity may be a limiting aspectHere,we

describesomewaysin which our approactcanhandlethese
cases.

4.1. Simulating Rigid Transformations

One of the limitations of the above formulation of the in-
terpolantis that it tries to produceafne transformations
wheneer possible,dueto the de nition of the polynomial
pk- Althoughthis is acceptablén mary casesdeformations
that include rotations,suchas a bend,would resultin un-
desiredeffects. For this reasonwe can include additional
constraintdo the problem,so thata morerigid transforma-
tion is obtained.Becausewe are usinga linear polynomial
in theinterpolanttheinterpolationtriesto deformpointsvia
thetransformation:

0= Mx+T
oo, ©
o |1 I,

whereg and| ; arethe polynomial coefcients for the x
andy componentf the interpolant.To ensurea similar
ity transformation,insteadof af ne, we must ensurethat
M>M = r 2|, wherer is auniformscalingand| is theiden-
tity matrix. For arigid transformationM” M = |. However,
theseare non-linearconstraintswhich cannotbe incorpo-
ratedinto thelinearformulation.Insteadof nding anexact
solution to this, we linearize the constraints.For the case
of similarity, this canbe achiezed by addingthe constraints

®=11andg = |o. Thisnew problemthenrequiresnd-
ing thecoefcients in asinglelinearsystemyratherthantwo
independensystemsfor eachcomponentof the displace-

ment.Thenew systemis then:
0 1 0 1

F 0 P 0 "4 1 dx;
0o F oO P aj dy;
P 0 0 O % bj § _B o
0O PP 0 O g A~ 0 ©)
0 0 ki ko I 0
0 0 ky kg 0

wherek; = [1;0;0] andky = [0;1;0] arethelinearizedcon-
straintsfor the similarity transformationThis is a different
approachhantheonein [SMWO0§ for enforcingconstraints,
but our resultsseemvery promising.An exampleis shavn
in Fig. 4, whereakneeis bentusinga singlecontrolpointin
thelower partof theleg. Notethedifferencebetweerthede-
formationin Fig. 4(c), whererigidity constraintsareadded
andthatin Fig. 4(d), with no constraintsThelatterresultsin
unrealisticsquashingf the leg, while the former preseres
for mostparttherigidity of the bentbones,andtherestis
deformedsmoothly This approachalthoughveryfast,hasa
limitation: rigidity constraintsareonly looselyenforceddue
tolinearizationandtheresultingdeformatiorcontainsauni-
form scalingfactor Following theapproachin [IMHO5] one
canregularizethe deformatiorby adjustingthe scalingafter
solving the RBF equations Anotherapproachto introduce
rigidity constraintds borrovedfrom the non-lineammedical
imageregistrationcommunity[LHH97]. In this caseigid-
ity constraintsare includedby consideringa setof “land-
marks”,eachof whichis movedrigidly. Thesdandmarksare
usefulnot only to includerigid featuresput alsoto x cer
tain partsof thedatasetfollowing theapproachn [LHH97],
we canintroducearigid partby modifying the RadialBasis
Functionf (r), suchthatit approachegeroasa point gets
closerto therigid feature.This canbe achiezed by consid-
ering the distancetransformof therigid part. Then,a new
RBF canbebuilt for a pair of pointsx andx;

fr(X;xi) = DOYD (x)f (ix  xijj) (6)

whereD (x) is the unsigneddistancetransformof the rigid

part,sothatit is zerofor pointsinsideit. Thisensureshatall

pointswithin arigid parthave an RBF of zero.An example
is shavn in Fig. 6(c),(d), whereit is appliedto a volumetric
representatioof a horsemodel.Therigidity constraintsare
usedto x thelegs of the horse,asa distancetransformof

the horizontalplanewherethe horsestandsTheincorpora-
tion of morecomple rigidity constraintds currentlybeing
sought.

4.2. Simulating Cuts

Oneof the advantagef RBFsis the ability to obtaindis-
placementghat are at leastC! continuous.However, this
posesa problemfor de ning discontinuousieformation.n
the caseof cuts,C! continuityis desiredin the sub-rgjions
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(a) Original Grid (b) Deformedgrid

(c) GeneratedCut (d) ModulatedCut

Figure 2: Deformationcut addedby the userusinga 2D
grid as a guide (a,b). The 3D displacements found using
Decoupledradial BasisFunctions,andextrudingalongthe
Z directionvia replication(c) and modulation(d).

thatappeaafterthecut. For thisreasonwe devisedwhatwe
call DecoupledRadial Basis Functions(DRBF). For sim-
plicity, let us considera DRBF in 2D with two continuity
regions (i.e., thereis a single cut). The two continuity re-
gionsdivide theimageinto theregionslp andlq. Therefore,
Ip(x) = 1if xisin Ip and0, otherwise andsimilarly for |q.
In addition,we assigncontrol pointsto a particularregion,

cutsis thengivenby:

8

2alaf(ix xj)+p(® lp(x)=1
SaLbif(ix i)+ a®) le)=1 (7)
) otherwise

D(x) =

o

wherea; andb; arethe 2D coefcients, which arefoundin
thesameway asdescribedefore.

To representhe discontinuity we obtaina transparenc
map, A, that is usedto modulatethe opacity of the vox-
els when renderingthe volumetric object, as describedin
[CScCo6H:

A(X) = ( 1 1Ip(x) = Ip(x+ D(x)) " Ig(x) = lo(x+ D(x))
0 otherwise

®
An exampleis shavn in Fig. 2, wherea cut (shovn asayel-
low line) dividesthegrid guidein two regions.Whenapply-
ing adeformationthegrid is split asit crossesheboundary
de ned by the cut, effectively forming a discontinuousie-
formation. Fig. 2(d) also shaws the result of applyingthe
displacemento the bar datasetNote also that a comple
deformationcanbe foundby interpolatingthe displacement
valuesdown to zero,in orderto createa smoothercut (Fig.
2(e)), usingthe modulationrule for 3D extrusion.
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4.3. Complex 3D Deformation

Ourapproactsimpli es thedeformatiorproblemby consid-
eringit alonga 2D direction,ratherthanin 3D spaceThis
malesit very fastfor large datasetsHowever, it alsolimits
the typesof deformationthat canbe obtainedwith our ap-
proach.Therearetwo waysto obtaincomple deformations
in 3D spacebeyondthesimplerulesof replication,modula-
tion andinterpolation.The rst approachs to applyprogres-
sively deformationalongdifferent2D planes After a defor
mationhasbeenapplied theusermayrotatethevolumeand
applyadifferentdeformatioralonga differentplane.Defor
mationsarethencombinedinto a singletransformationyia
blending.A differentapproachs to extendEq. (2) to 3D and
allow the userto handlecontrol pointsin 3D spaceEq. (2)
becomes:

N

Dap(¥) = & sif (iix  xiii) + a(¥) ©)

i=1

wheres;j = [aj;bj;di]” is atuple of coefcients in 3D and
gk is a polynomialof degreek. In thiscaseg = qo+ qix+
g2y + g3z This equationcan be incorporateddirectly into
a 3D volumerenderingsystem However, it is computation-
ally more costly thanour 2D deformationmechanismAn
exampleis shawvn in Fig. 6(a,b),wherethe CT headdataset
is morpheddirectlyin 3D. Anotherexampleis shavn in Fig.
6(c,d), wherea horsemodel,representedolumetrically as
animplicit surface,is deformeddirectly. A fastmechanism
for the solution and applicationof 3D interpolantsis cur
rently beingsought.

5. Resultsand Applications

Our approactenableghe userto interactiely illustratethe
type of deformationthat is desired.The illustration is in
2D, however, the resulting deformationis 3D. By allow-
ing the userto directly de ne the deformation,mary new
typesof deformations/cuts/illustrationsanbe createdOne
exampleis the useof deformationin the analyticalexplo-
ration of morphologyand the study of evolution, as pio-
neeredoy D'Arcy Thompsonin his book “On Growth and
From”. In his work, he usesthe deformationof a 2D Carte-
siangrid to explain andillustrate the morphologicaldiffer-
enceshetweerdifferentanimalspeciesin Fig. 3, anexam-
ple of his illustrationsis depictedwherea rectangulagrid
is usedto inscribean illustration of the Polyprion species.
Another species Antagonia carpos can be inscribedin a
non-lineargrid, obtainedby deformingthe rectangulagrid.
This methodof deformationis essentiallyan interpolation
mechanisngiventhe displacemenof control points,which
correspondo matchingfeaturesof interest.In our casewe
have adaptedhisideato thedeformatiorof thecarpdataset.
We obtained rst a 2D image using MIP and inscribedit
into a 2D grid. After deformingthe imagebasedon the de-
formationgrid of the referencdllustration, we generateca
3D displacementhatsmoothlyinterpolateghe 2D displace-
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mentalongtheZ direction.Resultsareshavn in Fig. 3. Un-
like a 2D illustration, the deformationof a volumetric ob-
ject allows the exploration from multiple viewpoints. This
approachcan be extendedto evolutionary morphingsimu-
lation directly on volumetric objects,extendingthe surface
morphingapproachntroducedn [WAA 05].

Fig. 4 shavs an exampleof usingthis approacho kine-
matic movementof a CT scanof a knee.A 2D imageis
obtainedby computingan MIP projection.A setof control
pointsarede ned alongthe contourof the distalendof the
femurandanothercontrol pointis de ned in the lower part
of the calf. We thendisplacethis control point to simulate
a bendingof the knee.We seethat afne transformations
arenot sufcient for a plausibledeformationwhereason-
strainingthe coefcients to be as-rigid-as-possiblgives a
more natural bending.Note that the lower portion of the
tibia and b ula bonesare deformedrigidly. The obtained
displacemenis usedto deformthe volumetric model. Fig.
5 shaws an applicationof this methodfor the animationof
volumetric objects.In this case,a 3D displacements ob-
tainedat differenttime stepsto simulatea complex defor
mation.Notethatlargedisplacementsanbe simulatedwith
asmallnumberof controlpoints.Becauseachtime stepre-
quiresa 3D displacementhis couldbeexpensve. However,
sinceeach3D displacemenis obtainedfrom a 2D displace-
ment(usingthe replicationmethod) they canbe storedin a
single 3D displacementln suchcase the z dimensioncor
respondgo time insteadof a spatialdimension.A number
of framesare shawvn. Fig. 7 shavs an example of cutting
theabdomerdatasetisingdecoupledRBFs.In this casethe
control pointsaredivided into two regionslp andlq, to the
left andright of the cut, respectrely. By moving the control
pointsin oppositedirections,a cutis obtained.To shav the
effectof cuttingin 2D, we useabackgroundmageof theab-
dominalorgans.In Fig. 7(d), we performdeformatioronthe
3D datasetby obtainingthe 3D displacemenfrom the 2D
manipulation.Fig. 6 shovs two examplesof usingour ap-
proachfor direct3D deformationln this casetheequations
referto 3D displacemendirectly, insteadof 2D. Although
this is computationallymore expensve, it producesmore
compl deformations.Fig. 6(a,b) shavs the deformation
of a CT head.In this case the deformationis incorporated
with a volumerenderingsystem,so that samplepoints are
warpedaccordingto the displacemengiven by solving the
RBF equationsA numberof control pointsareshavn. The
deformatiorof volumetricobjectsarenotonly usefulfor CT
or MR imagesbut alsocanbe usedto deformsurfacemod-
els.In this case a volumetricrepresentationf the modelis
obtainedsuchasassigneddistanceeld, andthendeformed
with our approachFig. 6(c,d) shavs the deformationof a
horsemodelrepresentednplicitly ina256 256 256vol-
ume.To maintainthelegs x ed,we includea rigidity con-
straintasthedistancdo thehorizontalplanewherethehorse
is standingusingEq.(6).

5.1. Implementation Details

In our implementationwe usea combinationof CPU and
GPUto maximizeperformanceBecauseve attemptto ob-

tain complex deformationwith a small numberof control

points, nding the coefcients for the RBF interpolantis

donein the CPU. We use the open sourcelinear algebra
packagelapackto solve the linear systemsof equations.
In our experimentswe have deformationdrom lessthan8

control pointsto up to 32, with a solving time of 0:25 to

2:4 milliseconds.We usea PentiumM processorl.6 GHz

with a QuadroFX Go1400with 256 MB of texture mem-
ory. The generationof the displacemenmap, however, is

doneon the GPU, by evaluatingEqg.(2) on a perpixel man-
ner This is considerablyfasterthan doing it on the CPU.

Fora256 256image,generatiorof thedisplacemenmap
takesabout20 millisecondson the GPU,while it goesfrom

633 (8 control points) up to 2200 milliseconds(32 control

points)in the CPU.Our GPUimplementatiorhasprovedto

beessentiafor real-timeinteraction However, currentGPU

architecturedimits usto a maximumof 32 control points.
Although complex deformationscan be obtainedwith 32

controlpoints,we believe thatthis will beimprovedon new

generation®f GPU's.

6. Conclusions

We have presentec methodfor specifyingdeformationon

a volumetric object basedon scattereddata interpolation.
Ratherthan directly transformingvoxels or elementsin a

proxy meshwereduceheproblemto thedeformatiorof 2D

points.This reduceghe complity inherentwith thetrans-
formation of complex 3D objects.Having a 2D image as
theinputfor deformationis consistenwith mary illustration

procedureswhich oftenusereferencegmagesasinspiration
for thede nition of acomplex deformationln ourapproach
we let the userde ne a setof control pointsin the image
anddisplacethemin 2D space Scatteredlatainterpolation,
basedn compactlysupportedadialbasisfunctions,is used
to createa smoothdisplacemeninap.We shavedhowv com-
plex deformationsmay requireadditionalconstraintssuch
as similarity or rigidity constraintswhich resultsin more
plausibledeformationspr the decouplingof RBFsto sup-
port discontinuitiespeededor cuts.We alsoshavedhow a

3D displacementmapis obtainedby extruding the 2D dis-

placemenbasedn simplerulesde nedby theuser We also
shaved how this approachextendsdirectly to 3D deforma-
tion, but at a considerablecomputationakost. We believe

thatthis methodhasa greatpotentialasa new way of inter

actingwith volumetricobjects.
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