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Abstract

This paper presents algorithms for animating de-
formableobjectsin real-time It focuseon computingthe
deformationof an objectsubjectto externalforcesand de-
tectingcollisionsamongdeformableandrigid objects.The
targetedapplicationdomainis sumical training. This ap-
plication reliesmore on visual realismthan exact, patient-
speci c deformationput requiresthat computationbeper-
formedin real-time Thisis in contrastwith pre-opeative
sumgical planning whele computationsmay be done off-
line, but mustprovide accurate results. To achieve real-
time performancethe proposedalgorithmstake advantaye
of the factsthat mostdeformationsare local, human-body
tissuesare well damped,and motionsof sumical instru-
mentsare relatively slow They havebeenintegratedinto
a virtual-reality systenfor simulatingthe suturingof small
bloodvesselgmicrosuigery).

1. Intr oduction

Real-timesimulationof deformableobjectsis neededn
mary areasof graphicanimation,for exampleto generate
cloth motionsin interactve video gamesandto provide re-
alistic graphicrenderingof soft human-bodytissuesin sur
gicaltraining systemsDeformableobjectsraisea comple
combinationof issuesrangingfrom estimatingmechanical
parametersto solving large systemsof differential equa-
tions, to detectingcollisions,to modelingresponseso col-
lisions. Seg[10] for problemsandtechniquesn clothmod-
elingand[8] for issuesarisingin suigical simulation.Many
issuesstill lack adequatsolutions especiallywhensimula-
tion mustbereal-time.

Here, we focuson two main problems: (1) computing
the deformationof a viscoelasticobjectsubjectto external
forces,and (2) detectingcollisions amongdeformingand
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rigid objects. Our main goal is to develop ef cient data
structuresand algorithmsthat can procesdarge modelsat
aratecompatiblewith real-timegraphicanimation(30 Hz).

To achievethis goal,we exploit thefactthatmary deforma-
tionsarelocal. By propagatingorcesin acarefullyordered
fashionthroughanelasticmass-springneshwe effectively

limit the computationgo the portionsof objectsthat un-

demo signi cant deformations.To accelerateollision de-
tection,we pre-computéierarchicarepresentationfor all

objectsin the scenewhenobjectsarebeingdeformedwe

only updatethosepartsof the hierarchieshat needto be
modi ed.

We have usedthesealgorithms,alongwith othertech-
nigues.to build a systemfor microsugicaltraining. Micro-
sumgery involvesthe repairof approximatelylmm vessels
and nervesundera microscope.Using a forceps,the sur
geonmaneuersa suture(needleand thread)throughthe
two endsof a severedvesselndties severalknotsto stitch
the two endstogether The two partsof the vesselundego
deformationscausedby their interactionswith the suture
andtheforceps.Thesumgeonreceivesonly visualfeedback,
asthe vesselis too smallto produceary perceptiblereac-
tion force. Microsuigeonsacquiretheirinitial skills through
monthsof practicein ananimallab. Goalsof our system
includea decreasén training time, objective evaluationof
the training, and an alternatve to using lab animals. The
needfor suturesimulationhasbeenpreviously addressed
in[8, 19].

Sections2 and 3 presentour simulationand collision-
detectioralgorithms.Section4 describeshe microsungical
system.Section5 discussesurrentandfuturework.

2. Computation of Object Deformations

Researcton modelingdeformableobjectshasincreased
dramaticallyin the pastfew years.Most proposedD mod-
elsfall into two broadcateyories,mass-springneshesand



nite elementsA mass-springneshis asetof pointmasses
connectedy elasticlinks. It representshe tissuegeome-
try andis usedto discretizethe equationf motion. Mass-
springmodelshave beenusedn facialanimation[25], cloth
motion[3], andsumical simulation[11], to cite only afew
works. They arerelatively fastandeasyto implement,and
allow realistic simulationfor a wide rangeof objects,in-
cludingviscoelastidissuesncountereéh suigery.

Finite elemenmodels(FEMs)usea meshto decompose
thedomainover which the differentialequationsof motion
aresolved,but do not discretizetheseequationsThe mesh
representshe domaininitially occupiedby the objectand
theFEM techniquecomputes vector eld representinghe
displacemenbf eachpoint in this domain. For example,
FEMs have beenusedto model facial tissueand predict
sumgical outcomeq13, 15, 22]. They may be more accu-
ratethanmass-springnodels,but they aremore computa-
tionally intensive, especiallyfor complex geometriesand
large deformations. Somesystemsauseeither mass-spring
or FEM techniqueslependingn the situation[16]. Others
usepreprocessingtepsto reduceFEM computatior{4, 7],
and[21] extendsthe “tensormass”model of [7] to non-
linear elasticicty Otherexamplesof mass-springnodels,
FEMs,andalternatemodelsaretoo numerouso cite here.

Mass-springnesheseenbettersuitedfor sumgicaltrain-
ing — the applicationdomain consideredin this paper—
which relies more on visual realism than exact, patient-
speci ¢ deformation,but requiresthat simulationsbe per
formedin real-time. In contrast,FEMs may addresset-
ter the needsof otherapplications(e.g., pre-operatre sur
gical planningand predictingthe long-termoutcomeof a
sumgery),wherecomputationganbedoneoff-line, butmust
provide accuratepatient-speci cresults.

2.1 Mass-springelasticmesh

We representhe geometryof a deformableobjectby a
3D meshM of n nodesN; (i =1,...n) connectedy links
Li,i;j 2 [1;n];i & j. Eachnodemapsto aspeci ¢ point
of the object, so that the displacement®f the nodesde-
scribethe deformationof the object. The nodesandlinks
on the object's surfaceare triangulated whereaghe other
nodesandlinks are unrestrictedthoughit is often corve-
nient to arrangethemin a tetrahedrallattice. Figure la
shavsthesurfaceandunderlyinglinks of ameshrepresent-
ing aseveredbloodvesselthis meshcontains98 nodesand
581links. Themorecomplex meshin Figure1b consistof
40,889no0desand 212,206links forming a tetrahedralat-
tice.

Themechanicapropertiegviscoelasticin mostsumgical
simulationapplications)f the objectaredescribedy data
storedin thenodesandlinks of M . A masan; andadamp-
ing coefcient ¢; areassociatedvith eachnodeN;, anda

stiffnessk;; is associatedvith eachlink L; . Theinternal
forcebetweertwo nodesN; andN; isF; = ki j uj,
where j = Ij rl; isthecurrentiengthof thelink minus
its restinglength,anduj; is the unit vectorpointing from
N; towardN; . Thestiffnessk; maybeconstanbrfunction
of . IneithercaseF j is afunctionof the coordinate
vectorsx; andx; of N; andN;. This representatiorcan
describeobjectsthatare nonlinear non-homogeneousnd
anisotropic We typically initialize the parametewvaluesus-
ing available biomechanicatlataand tune them basedon
commentgivenby suigeonsnteractingwith our models.

At ary timet, themotion/deformatiorof M is described
by a systemof n differentialequationseachexpressinghe
motionof anodeN;:

miaj + GV + Fij (xi;xj)=mig+ F> (1)
j2 (i)
wherex; is the coordinatevectorof N;, vi anda; areits
velocity and accelerationvectors,respectiely, m;g is the
gravitational force,andF ' is the total externalforce ap-
pliedto N;. (i) denoteghesetof theindicesof thenodes
adjacento N inM .

2.2 Simulation algorithm

We have developeda “dynamic” and a “quasi-static”
simulator The dynamicsimulator usesclassicalnumeri-
calintegrationtechniquesuchasfourth orderRunge-Kutta
to solve Eq. 1. However, in mary situationsencountered
in sumgical simulation,a simpleralgorithmbasedon quasi-
static assumptiongyives realistic resultsat a much faster
rate.We describethis quasi-statisimulatorbelow.

Assumptions. Werefertothenodesof M thataresub-
jectto externalforcesasthe contmol nodes.We assumehat
the positionof eachsuchnodeis givenat ary time. In our
sumgical simulationsystemthe controlnodescorrespondo
the portionsof tissuethat are pulled or pushedby sumical
instrumentsor held x ed by bone structuresor clamping
tools. The positionsof the displacedcontrol nodesare ob-
tainedonlineby readingthe positions/orientationsf track-
ing devices. We alsoassumehat the velocity of the con-
trol nodesis small enoughso thatthe meshachieresstatic
equilibrium at eachinstant. This is a reasonabl@ssump-
tion for soft objectswith relatively high dampingparame-
ters,which is the casefor mosthuman-bodytissues When
theseassumptionslo not hold, the dynamicsimulatormust
beused.

Quasi-staticalgorithm. Underthe above assumptions,
we neglectdynamicinertialanddampingforces.The shape
of M is de ned by a systemof equationsexpressingthat

eachnon-controlnodeN; is in staticequilibrium:
X
Fij (XiiXj)
i2 (i)

mig = O (2)



Figure 1. Mesh examples

Let | bethe setof indicesof all the non-controlnodesof
M, andlet beaconstantime step(in ourimplementation

is setto 1/30s). At eachtimet = k , k = 1;2;:::, the
guasi-staticsimulatorsolves Eq. 2 for the positionsof all
the non-controlnodes. To achieve real-timeanimation,it
returnsthesepositionswithin time . Thealgorithmis the
following:

Algorithm QSS:
1. Acquirethe positionsof all the controlnodes
2. Repeauntil time haselapsed

Foreveryi 2 |
(a)fi j2 (i)Fij mig
() xi xi+ f;

Step2 computedheresidualforce appliedto eachnode
and displacesthe node along this force. A conjugate-
gradient-stylanethodcanalsobeusedby moving thenode
alonga combinationof theold andthe new forces.Ideally,
thevalueof the scalingfactor shouldbe chosenaslarge
aspossiblesuchthat the iteration corverges. This choice
typically requiresexperimentatrials.

Thetimeoutconditionof Step2 guaranteethatQSSop-
eratesn real-timeevenasthesizeof themeshM increases.
Hence,Step2 is not guaranteedo reachexactequilibrium
atevery step,thatis, someN;'s will have a non-zeroforce
f , actingonthemafter amountof time. As meshsizein-
creaseseachiterationof Step2 will take longer, andthus
fewer loopswill be possiblein the allowedtime. By com-
paringthepositionscomputedy QSSto theactualequilib-
rium positions(computedvithouttimeout),we canmeasure
how the accurag of the simulationdegradesas the mesh
compleity increases.

Step2(b) updateghe positionof eachnon-controlnode
usingthe mostrecentlycomputedbositionsof the adjacent
nodes ratherthanthosecomputedat the previousiteration
of Step2. This schemeis most advantageousvhen the
nodesare processedn a wave-propagatiororder starting
at the displacedcontrol nodesand expandingtowardsthe

Figure 2. Simulation of a cutting operation

nodesfarthestaway from ary displacednode. This order
ing is computeddy a breadth- rstscanof themeshM :

Algorithm NODE-ORDERING:

1. Initialize | totheemptylist

2. Mark thedisplacedcontrolnodesin M to beatlevel 0
3. Fork = 1,2;:::; markthe unmarlednodesadjacento
anodeatlevel k 1 to beatlevel k, andstorethemin I,
until all non-controlnodeshave beenmarked.

The displacedhodesmay be arbitrarily distributed over
the mesh. The outcomeof NODE-ORDERINGIs allist |
of nodessuchthatif index i appearsbeforeindex j in |
thenthelevel of N; is lessthanor equalto thatof N; . QSS
processethe nodesasthey have beenorderedn I .

Nodeorderingenablesanothemajorcomputationasav-
ings. During aniteration of Step2, if the positionsof all
thenodesat somelevel k aremodi ed by lessthana small
pre-speci edamountthenthe algorithmstopspropagating
the deformationfurther. In this way, the numberof levels
treatedat eachiterationadjustsautomatically This compu-
tation cutoutis especiallyusefulwhenobjectdeformations
arelocal.

While QSS is being executed, ary changein the
set of displacednodesonly requiresre-invoking NODE-
ORDERINGto computeanew orderedset! . Similarly, the
meshs topology may changeat ary time. For example,in



Figure2 a cutting operationis beingperformed.Links are
removedfrom the meshasthey arecrossedy the scalpel,
sothatthe meshusedby QSSchangegrequently (In prin-
ciple, sucha cutting operationviolatesassumptionsnade
above, and a dynamic simulator should be used. Never-
theless,QSS,which was usedto produceFigure 2, gives
realisticresults.)

Performance evaluation.  The above algorithmsare
written in C++ andrun on a 450 MHz processoon a Sun
Ultra 60 workstationwith 1 GB RAM. To addressvisual
realism,we asled surgeonsto verify thatthe deformations
weresimilar in shapeandvelocity to thoseencounteredh
clinical operationsFigure6 shavs suchdeformations.

We did otherexperimentsto quantitatvely evaluatethe
performanceof QSS.In particular we createda regular
meshwhosenodesform a rectanguladattice. Eachnode
is linkedto its neighbordn thex, y, andz directions.lt is
alsodiagonallylinked to neighborsin the xy, xz, andyz
planes.All links aregiventhe sameconstanstiffness.Our
meshesangedrom a 3x3x3box (27 nodesand64 links) to
a20x20x20box (8000nodesand66120links).

Given one suchmesh,we x the nodesof the bottom
face,anddisplacethe middle nodeof thetop faceupwards
by oneunit. We thenrun QSS,but insteadof running Step
2 for a x ed amountof time, we do a x ed numberk of
iterations(k = 100, 50, 20, 10, or 5), wherean iteration
involvesupdatingf ; andx; for all the non-controlnodes.
We repeatseveraltimesthis cycle of displacingthe control
node(by anadditionalunit) anddoingk iterations andafter
eachcycle we recordthe positionof eachnode. Errorsare
computedasthe distancesdetweerthesepositionsandthe
actualequilibrium positions.The equilibrium positionsare
found by running QSSuntil the force on eachnon-control
nodeis zero.

Figure 3a shavs maximumand averageerrorsfor the
different meshsizesfor 5 consecutie cycles of unit dis-
placemenfollowedby k = 10iterations.We seethaterrors
increaseslightly asthe box grows from 27 to 216 nodes,
but then minimally assizeincreasego 8,000nodes. The
largerboxeshave mary nodeswvhich maybemoving hardly
atall, which contrituteto loweringthe averageerror. How-
ever, the maximumerror follows the samepatternat about
twice the averageerror, andremainsat mostabout10% of
the magnitudeof the displacemenof the control nodefor
all meshsizes.

Figure3b shovs maximumerrorafteroneunit displace-
mentfor differentnumbersk of iterations.It compare®QSS
with and without the computationcutout describedprevi-
ously Theplotsfor two differentboxesareshavn togethey
andwe canseethaterrorsarequitelow in all casesgvenfor
the largestbox andthe lowestnumberof iterations. When
usingthe cutout, errorsdo not strictly drop off to 0 asthe
numberof iterationsincreaseshut the moreimportantdif-

ferenceis the sharpdecreasén the time requiredper iter-
ation. Table 1 displaysthe numberof iterationsthat QSS
performswhile maintaininga 30 Hz updaterate, without
andwith cutout.

These experiments demonstratethat for the objects
given, we can reasonablymaintaina small relative error
givenonly 10 or fewer iterationsof QSS Step2 per time
interval. Furthermore,the cutout method can complete
theseiterationsin the appropriatel/30secondandscaleto
meshegontainingthousandof nodeswith no signi cant
performanceenalty

3. Collision Detection

Researchon collision detectionbetweenrigid objects
has a long history in robatics, graphics,and solid mod-
eling. Two main families of methodshave been pro-
posed: feature-based(e.g. [1, 17, 18]) and hierarchical
(e.q0.[6, 9, 14, 20, 23]). A feature-basednethodexploits
temporaland spatialcoherencen the geometricmodelto
maintainthe pair of closestfeatures A hierarchicamethod
pre-computes hierarchyof boundingvolumesfor every
object. During a collision test, the hierarchiesare usedto
quickly discardlarge subsetof the objectsurfacesthatare
too far apartto possiblycollide. Hierarchiesusingvarious
primitive volumeshave beenproposed. While somevol-
umesallow closert approximationthey alsoyield more
costlyintersectiorchecks.Spheregive goodresultsover a
broadrangeof objects.

Although eachapproacthasdistinctadvantagesthe hi-
erarchicalapproachs bettersuitedwhenobjectsarehighly
concae. Themainissuein usingit with deformableobjects
is thatpre-computedhierarchiegnay becomenvalid when
objectsdeform,while re-computingnew onesat eachcolli-
sion querywould be too time consuming.Below, we pro-
poseanalgorithmthatdoesnot modify thetopologyof the
hierarchyrepresentingn object,but only updateghe size
andlocationof the primitive volumeslabelingthe nodesof
this hierarchy Ouralgorithmderivesfrom theoneproposed
by Quinlan[23] for rigid objects.

Fewer works exist for deformableobjects(e.g.[2, 26,
11, 24, 27]). Thealgorithmin [26] is the closestto ours.
It alsobuilds atreeof x edtopologicalstructure.But this
treeis not balancedwhich may seriouslyincreasethe cost
of collision queries)andits nodesare AABBs. The main
difference,however, is in the tree-maintenancalgorithm.
Unlike [26], our algorithmexploits the locality of mostde-
formationsto minimize the numberof nodeupdates.The
algorithmin [27] is speci cally aimed at detectingself-
collisions of cloth-like objects,an issuethat we have not
carefullystudiedsofar.
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without (solid lines) and with (dashed lines) computation cutout vs number of iterations

Mesh | Nodes| Edges| Iterationsat30Hz | Iterationsat30Hz
without cutout with cutout
6X6x6 216 | 1440 24 24
8x8x8 512 | 3696 9.5 13
10x10x10| 1000 | 7560 4.6 8
15x15x15| 3375| 27090 12 7
20x20x20| 8000 | 66120 0.4 6

Table 1. Effect of computation

3.1 Quinlan's algorithm

Sphere tr eeof an object. Let A bea(rigid) objectrep-
resentedy its triangulatedsurfaceS. Quinlan's algorithm
coversevery trianglein S with smallsphere®f prede ned
radius" and constructsan approximatelybalancedbinary
treeT thathasoneleaf persphereof radius". Eachother
nodeN in T is a spherethat enclosesall the leaf spheres
of thesub-treerootedatN . T is constructedy recursvely
partitioningthesetE of leaf spheresontainedn asub-tree
(initially thesetof all leafspheresn T) into two subsets ;
andE; of equalcardinality until eachsubsetontainsa sin-
gleleafsphere Thepartitioningoperatiortriesto minimize
theintersectiorandtheradii of thetwo sphereshatrespec-
tively enclosethe leaf spheresn E; andE,. A technique
to partitionthesetE rst computeghe box thatis aligned
to the object's coordinatdrameandcontainsthe centersof
theleaf spheresn E. It thendividestheleaf sphereslong
thelongestsideof this box.

Collision detection. Let T; and T, be the respectie
spheretreesof two (rigid) objectsA; andA,. A collision
queryis speci edby thepositionandorientationof A, rela-
tiveto A,. Collision detectionis performedby a depth- rst
traversalof Ty and T, during which pairsof spheregrom

cutout on simulation rate

the two treesare examined. If two intermediatespheres
have null intersection,then the leaf sphereshey contain
cannotpossiblyintersect,andthe traversalis pruned;oth-
erwisethe childrenof oneof the two nodesare examined.
If two leaf spheresntersectthetwo trianglestiled by these
spheresare explicitly testedfor collision. For N3 andN»,
the root spheref T; and Ty, respectiely, the following
algorithmreturnsl if it detectsa collision,andO otherwise:

Algorithm COLLISION(N 1, N»):
1. If N; andN, have null intersectiorthenreturn0
2. Else
(&) If bothN; andN, areleaf sphereghentestthe
correspondindgwo trianglesfor collision; returnl if
they collide and0 otherwise
(b) If N, is smallerthanN; thenswitchN; andN;
(c) If COLLISION(Ny,left-child(N2)) = 1 thenre-
turnl
Elseif COLLISION(N1,right-child(N2)) =1then
returnl
Elsereturn0



3.2 Application to deformable objects

To useCOLLISION, we mustmaintainthe spheretree
of every deformingobject. We proposea new spheretree
whosebalancedstructureis computedonly once.Whenan
objectdeforms,the structureof its treeremains x ed, i.e.,
no sphereis ever addedor removed; only the radii andpo-
sitionsof somespheresreadjusted Moreover, themainte-
nancealgorithmperformsadjustment®nly wherethey are
needed.

Construction of aspheretr ee. Let S bethetriangulated
surfaceof adeformableobjectA in someinitial shapeThe
pre-computedreeT for A differsfrom the onein [23] in
two ways:

(1) Insteadof tiling thetrianglesof S with smallequal-
sizedsphereswe assigreachtriangleasingleleaf sphereof
T —thesmallessphereenclosinghetriangle.Hencewhen
S undegoesa deformation the numberof leaf sphereof
T remainsconstantMoreover, updatingthe radiusandpo-
sition of the sphereenclosinga deformingtriangleis faster
thancomputinga new tiling.

(2) The approximatelybalancedstructureof T is still
generatedy recursvely partitioning the leaf spheresnto
two subsetf equalsize. But the radiusand position of
eachnon-leafsphereis computedto enclosethe spheres
two children. This yields a slightly biggerspherethanthe
one computedto containthe descendankeaf spheresput
thecomputationis muchfaster

Collision detection. COLLISION is usedunchanged.

Maintenance of a sphere tree. Eachdeformationof
onetriangleof S requiresadjustingthe radiusandposition
of the correspondindeaf sphereandof all its ancestorsip
totherootof T. Ouralgorithmperformsthosechangesnly
prior to processinga query The operationis donebottom-
up, usingapriority queueQ of spheresortedby decreasing
depthsin T. Q is initialized to containall the leaf spheres
thatenclosdrianglesthathave beendeformedsincethelast
updateof T. It is thenusedasfollows:

Algorithm MAINTEN ANCE:
While Q is notemptydo
1.w extract@Q)

2. Adjusttheradiusandpositionof w

3. Insert@Q,parent{v))

Theonly sphereshataremodi ed arethosethatcontain
atleastonedeformedriangle.Eachsuchspherds modi ed
only once,evenif it containsseveraldeformedriangles.

Clearly MAINTENANCE will performbetterwhende-
formationsarelocal thanwhenthey arescatteredhrough-
outS. More speci cally, alocal deformationof S affecting
k  striangleswheres is thetotal numberof trianglesin
S, resultsin atotal updatetime of O(k + logs). Insteadf
thek trianglesare spreadover the leaves, this costcanbe

=
Time (ms)

/ .

10 1 04 0.01 0.001
Distance

Figure 4. Collision-detection performance

O(klogs). However, in the worst case,if mary triangles
have changedshapethe maintenanc®perationonly takes
time O(s).

3.3 Performanceevaluation

The above algorithmswere implementedn C++. We
give resultsof experimentalperformanceestson an Intel
400-MHzPentiumll processqgrwith 256-MB memoryand
runningWindows 2000.

Sphere tr eeconstruction. The pre-computatiorof an
object's spherdreeneednot be particularlyef cient, since
it is doneonly onceperobject,prior to ary simulation.Our
softwarerunsin time proportionato thenumberof triangles
andtakesontheorderof 0.1 millisecondspertriangle.

Sphere tree maintenance. To evaluate MAINTE-
NANCE we considered surfaceS initializedto a at hor
izontal 100x100grid, with eachsquaresplit into two tri-
angles. Hence,S consistsof 20,000triangles. To create
a local deformationof S, we pick a vertex V, a radius
of deformationbetweenl and10, anda direction (upward
or downward), all at random. Eachvertex within distance

of V is translatedby a distanceinverselyproportionalto
its distanceto V. To createscattereddeformationsof S,
we repeatthis processseveraltimes. After computingthe
spherdreefor the at surface,weranMAINTENANCE to
updatethis tree after variousdeformations.We measured
a runningtime for MAINTEN ANCE of 0.06 milliseconds
perdeformedriangle.

Collision queries We consideredwo objects. Oneis
modeledasa at squaremeshof 8 by 8 units tessellated
with 8,192triangles. The otherobjectis a sphericalball, 2
unitsin diameterandtessellatedvith 1,024triangles. We
moved the ball along a straightpath thoughthe centerof
the squaremesh,from 64 units separatiorto oneunit pen-
etration. The querytimesfor differentrelative positionsof
the objectsare shavn in Figure4. Whenthe objectsare
far apart,eachqueryis extremelyfastandtakeson the or-
der of tenthsof a millisecond. Whenthey getcloserthanl
unit together querytime grows quickly (dark curve) to an



Figure 5. Setup for micr osur gery

asymptoteof just under60 milliseconds,as more spheres
in the treeshadto be examinedto rule out a possiblecolli-
sion. Oncetheobjectsarein collision,thequerytime drops
sharplyto under10 milliseconds(grey curve). This sharp
drop suggestshata timeoutcould beimposedon COLLI-
SION, with a relatively minor risk of not detectinga col-
lision oncein a while. We did similar experimentsafter
deformingthe two objectsand updatingtheir spheretrees
usingMAINTENANCE. We obsenredno signi cant degra-
dationof thequerytimes,evenfor ratherargedeformations
of theobjects.

4. Micr osurgical Simulation System

SystemOverview. Figure5 shavs a userinteracting
with our system by manipulatingreal sumgical instruments
(here, forceps) mountedon electromagnetidracking de-
vices. The positions/orientationsf the trackers are read
at 100 Hz, and the openingand closing of the forcepsis
obtainedonline by readinga sensaor The instrumentsare
renderedn the graphicdisplay alongwith the deformable
objects(in microsugical simulation,a severedbloodvessel
andasuturemadeof aneedleandthread).Thegraphicdis-
play is updatedat 30 Hz. The userhascompletecontrol of
theviewpointandmayusestereoglasses.

The simulatorQSSof Section2 computeghe deforma-
tionsof thevesselwhile thesutures deformationsarecom-
putedasdescribedbelow. All collisionsare handledusing
thealgorithmof Section3. Themostfrequentcollisionsare
betweerthe forcepsandthe vesselthe needleandtheves-
sel,thethreadandthevesselthethreadandtheforcepsthe
threadwith itself, andonehalf of the vesselwith the othet
Ourimplementatioron a dual-processomachine(SunUlI-
tra 60, two 450 MHz processorsallows the processingf
deformationsandcollision detectiornto notcon ict with the
rendering.

Models. Eachhalf of the vesselis modeledasa trun-
cateddouble-hulledcylinder (Figure 1a). The inner and
outercylindersaremodeledoy severallayersof nodeswith
thelayersevenly spacedandeachlayer consistingof sev-

eralnodesevenly spacedarounda circle. Eachnodeis con-
nectedby deformablelinks to its neighborswithin a layer
andin neighboringlayers. Therearealsoconnectionde-
tweenthe nodesof the innerandoutercylinders. Oneend
layer of eachvesselis x edin spacerepresentinghe fact
thatthe vesselsaareclampeddown duringsumgery, andonly
a portion of their length can be manipulated. When the
two partsof the vessetouchoneanothertheir meshesare
merged(we assumestickingcontactlandQSScomputeghe
deformationof this new mesh.

Simulation of the suture. The threadis deformable,
but not elastic. We modelthe sutureasan articulatedob-
jectwith 200 shortstraightlinks sequentiallyconnectedat
nodesacting as sphericaljoints. Any node of the suture
may be constrainedby anotherobject. For example,one
nodemight be graspedby a forceps,andthusits position
is constrainedby the forceps. If the suture has pierced
throughavesselanodewill beconstrainedy the position
of thevessel.The motionof the sutureis calculatedusinga
“follo w-the-leadertechniquepresentedn [5]. Pulling on
oneor both endsof the suturealwaysresultsin deforming
thethread exceptwhenthereis no remainingslackandthe
suturehaspiercedthroughthevesselthenthedisplacement
causeshevesseko deform.

Examplesof interactions. Figures6a and6b showv de-
formationsgeneratedy forcepsholding one or two parts
of the blood vessel. In Figures6c and 6d the sutureis
piercedthrougha vessel,and pulls down rst on oneend
of the vesselandnext on both endsto bring themtogether
Figures6e and 6f shov an examplewherethe sutureis
wrappedaroundaforcepsandanothemwhereit collideswith
itself andthevessel.ln theseexamplesthefull setof com-
putationgdeformationcollision detectiontool simulation,
etc.) is doneat 30 Hz. Note the diversity of deformations
achievedby thevessels.

5. Conclusionand Futur e Work

We have designedhew fastalgorithmsfor simulatingthe
deformation®of soft objectsanddetectingcollisionsamong
deforming and rigid objects. Thesealgorithmstake ad-
vantageof several characteristicof suigical training: (1)
visual realism is more important than accurate,patient-
speci ¢ simulation; (2) most deformationsare local; (3)
human-bodytissuesare well damped;and (4) sumical in-
strumentshave relatively slow motions. Our simulatorex-
ploits thesecharacteristicdo solve quasi-staticequations
usinga“w ave-propagationtechniquehathasanautomatic
computationcutout when deformationsbecomeinsigni -
cant. The collision algorithmexploits deformationlocality
to minimize the numberof updatesn the hierarchicalrep-
resentationsf the deformingobjects.

Thesealgorithmshave beenintegratedinto a virtual-
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Figure 6. (a),(b) Forceps deforming severed vessel, (c) Suture pulling vessel down, (d) Suture pulling
two vessels together, (e) Suture wrapped around forceps, (f) Suture colliding with self and vessel

end

reality systemfor simulatingthe suturingof small blood
vessels. This systemhashbeenusedby plasticandrecon-
structive surgeonsin our lab and at various exhibits, and
deemed-ealisticandpotentiallyvery useful. Our next step
is experimentakndclinical veri cation, by having surgeons
who are learningthe procedureusethis tool, and assess-
ing thequality of theirvirtual repairshroughmeasurements
suchasangleandpositionof vessebpiercing. We will then
try to establislguantitatvely how practicingwith thesimu-
lator affectsfuture quality of realvessefepairs.

We are also investigatingother sumgical applications.
While forcefeedbacks irrelevantin microsugery; it is crit-
ical in mary otherapplicationg8]. QSScancomputethe
force appliedto eachdisplacedcontrol nodein an elastic
mesh. But it doesnot achieve an updaterate compatible
with hapticinteraction(roughly 1000Hz). To connectour
simulatorto haptic devices, we are developing fast tech-
niguesto interpolatebetweerforcescomputedy QSS.The
elasticmeshmodeldoesnot allow the explicit representa-

tion of incompressibilityconstraintsoften encounteredn
human-bodytissuesA techniqueproposedn [12] to over
comethis limitation is to apply arti cial correctve forces
to surfacenodesto keepthe object's volumeapproximately
constant.Extendingour collision-detectiormoduleto ef -
ciently detectcollisions of an objectwith itself is another
short-terngoal.

Therearemary otherissuedo consideysuchasthe de-
tectionof meshdegeneraciege.g.,whenalink crossesan-
other)andthe modelingof collisionresponsesis moreis-
suesareaddresseth a simulationsystemmorealgorithms
will runconcurrentlyandtheir ef ciency will becomesven
morecritical.
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