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Abstract

This paper presents algorithms for animating de-
formableobjectsin real-time. It focuseson computingthe
deformationof an objectsubjectto external forcesandde-
tectingcollisionsamongdeformableandrigid objects.The
targetedapplicationdomainis surgical training. This ap-
plication reliesmore on visual realismthanexact,patient-
speci�cdeformation,but requiresthatcomputationsbeper-
formedin real-time. This is in contrastwith pre-operative
surgical planning, where computationsmay be doneoff-
line, but mustprovide accurate results. To achieve real-
timeperformance, theproposedalgorithmstake advantage
of the factsthat mostdeformationsare local, human-body
tissuesare well damped,and motionsof surgical instru-
mentsare relativelyslow. They havebeenintegratedinto
a virtual-realitysystemfor simulatingthesuturingof small
bloodvessels(microsurgery).

1. Intr oduction

Real-timesimulationof deformableobjectsis neededin
many areasof graphicanimation,for exampleto generate
cloth motionsin interactivevideogamesandto provide re-
alistic graphicrenderingof soft human-bodytissuesin sur-
gical trainingsystems.Deformableobjectsraisea complex
combinationof issuesrangingfrom estimatingmechanical
parameters,to solving large systemsof differential equa-
tions,to detectingcollisions,to modelingresponsesto col-
lisions.See[10] for problemsandtechniquesin clothmod-
elingand[8] for issuesarisingin surgicalsimulation.Many
issuesstill lackadequatesolutions,especiallywhensimula-
tion mustbereal-time.

Here,we focuson two main problems: (1) computing
thedeformationof a viscoelasticobjectsubjectto external
forces,and (2) detectingcollisionsamongdeformingand

rigid objects. Our main goal is to develop ef�cient data
structuresandalgorithmsthat canprocesslarge modelsat
aratecompatiblewith real-timegraphicanimation(30Hz).
To achievethisgoal,weexploit thefactthatmany deforma-
tionsarelocal. By propagatingforcesin acarefullyordered
fashionthroughanelasticmass-springmesh,weeffectively
limit the computationsto the portionsof objectsthat un-
dergo signi�cant deformations.To acceleratecollision de-
tection,we pre-computehierarchicalrepresentationsfor all
objectsin thescene;whenobjectsarebeingdeformed,we
only updatethosepartsof the hierarchiesthat needto be
modi�ed.

We have usedthesealgorithms,alongwith other tech-
niques,to build a systemfor microsurgical training.Micro-
surgery involvesthe repairof approximately1mm vessels
andnervesundera microscope.Using a forceps,the sur-
geonmaneuversa suture(needleand thread)throughthe
two endsof a severedvesselandtiesseveralknotsto stitch
thetwo endstogether. Thetwo partsof thevesselundergo
deformationscausedby their interactionswith the suture
andtheforceps.Thesurgeonreceivesonly visualfeedback,
asthe vesselis too small to produceany perceptiblereac-
tion force.Microsurgeonsacquiretheir initial skills through
monthsof practicein an animal lab. Goalsof our system
includea decreasein training time, objective evaluationof
the training, andan alternative to using lab animals. The
needfor suturesimulationhasbeenpreviously addressed
in [8, 19].

Sections2 and 3 presentour simulationand collision-
detectionalgorithms.Section4 describesthemicrosurgical
system.Section5 discussescurrentandfuturework.

2. Computation of Object Deformations

Researchonmodelingdeformableobjectshasincreased
dramaticallyin thepastfew years.Mostproposed3D mod-
els fall into two broadcategories,mass-springmeshesand



�nite elements. A mass-springmeshis asetof pointmasses
connectedby elasticlinks. It representsthe tissuegeome-
try andis usedto discretizetheequationsof motion.Mass-
springmodelshavebeenusedin facialanimation[25], cloth
motion[3], andsurgical simulation[11], to cite only a few
works. They arerelatively fastandeasyto implement,and
allow realistic simulationfor a wide rangeof objects,in-
cludingviscoelastictissuesencounteredin surgery.

Finiteelementmodels(FEMs)useameshto decompose
thedomainoverwhich thedifferentialequationsof motion
aresolved,but do not discretizetheseequations.Themesh
representsthe domaininitially occupiedby the objectand
theFEM techniquecomputesavector�eld representingthe
displacementof eachpoint in this domain. For example,
FEMs have beenusedto model facial tissueand predict
surgical outcomes[13, 15, 22]. They may be moreaccu-
ratethanmass-springmodels,but they aremorecomputa-
tionally intensive, especiallyfor complex geometriesand
large deformations.Somesystemsuseeithermass-spring
or FEM techniquesdependingon thesituation[16]. Others
usepreprocessingstepsto reduceFEM computation[4, 7],
and [21] extendsthe “tensor-mass”model of [7] to non-
linear elasticicty. Otherexamplesof mass-springmodels,
FEMs,andalternatemodelsaretoonumerousto cite here.

Mass-springmeshesseembettersuitedfor surgicaltrain-
ing – the applicationdomain consideredin this paper–
which relies more on visual realism than exact, patient-
speci�c deformation,but requiresthat simulationsbe per-
formed in real-time. In contrast,FEMs may addressbet-
ter the needsof otherapplications(e.g.,pre-operative sur-
gical planningandpredictingthe long-termoutcomeof a
surgery),wherecomputationscanbedoneoff-line, but must
provideaccurate,patient-speci�cresults.

2.1. Mass­springelasticmesh

We representthe geometryof a deformableobjectby a
3D meshM of n nodesN i (i = 1,...,n) connectedby links
L ij , i; j 2 [1; n]; i 6= j . Eachnodemapsto a speci�c point
of the object, so that the displacementsof the nodesde-
scribethe deformationof the object. The nodesandlinks
on the object's surfacearetriangulated,whereasthe other
nodesand links areunrestricted,thoughit is often conve-
nient to arrangethem in a tetrahedrallattice. Figure 1a
showsthesurfaceandunderlyinglinks of ameshrepresent-
ing aseveredbloodvessel;thismeshcontains98nodesand
581links. Themorecomplex meshin Figure1bconsistsof
40,889nodesand212,206links forming a tetrahedrallat-
tice.

Themechanicalproperties(viscoelastic,in mostsurgical
simulationapplications)of theobjectaredescribedby data
storedin thenodesandlinks of M . A massm i andadamp-
ing coef�cient ci areassociatedwith eachnodeN i , anda

stiffnesskij is associatedwith eachlink L ij . The internal
forcebetweentwo nodesN i andN j is F ij = � kij � ij u ij ,
where� ij = l ij � r l ij is thecurrentlengthof thelink minus
its restinglength,andu ij is the unit vectorpointing from
N i towardN j . Thestiffnesskij maybeconstantor function
of � ij . In eithercase,F ij is a function of the coordinate
vectorsx i andx j of N i andN j . This representationcan
describeobjectsthatarenonlinear, non-homogeneous,and
anisotropic.Wetypically initialize theparametervaluesus-
ing available biomechanicaldataand tune thembasedon
commentsgivenby surgeonsinteractingwith our models.

At any timet, themotion/deformationof M is described
by asystemof n differentialequations,eachexpressingthe
motionof anodeN i :

mi a i + ci v i +
X

j 2 � ( i )

F ij (x i ; x j ) = m i g + F ext
i (1)

wherex i is the coordinatevectorof N i , v i anda i areits
velocity andaccelerationvectors,respectively, m i g is the
gravitational force,andF ext

i is the total externalforceap-
plied to N i . � (i ) denotesthesetof theindicesof thenodes
adjacentto N i in M .

2.2. Simulation algorithm

We have developeda “dynamic” and a “quasi-static”
simulator. The dynamicsimulatorusesclassicalnumeri-
cal integrationtechniquessuchasfourthorderRunge-Kutta
to solve Eq. 1. However, in many situationsencountered
in surgical simulation,a simpleralgorithmbasedon quasi-
static assumptionsgives realistic resultsat a much faster
rate.We describethisquasi-staticsimulatorbelow.

Assumptions. Wereferto thenodesof M thataresub-
ject to externalforcesasthecontrol nodes.We assumethat
thepositionof eachsuchnodeis givenat any time. In our
surgicalsimulationsystem,thecontrolnodescorrespondto
theportionsof tissuethatarepulledor pushedby surgical
instrumentsor held �x ed by bonestructuresor clamping
tools. Thepositionsof thedisplacedcontrolnodesareob-
tainedonlineby readingthepositions/orientationsof track-
ing devices. We alsoassumethat the velocity of the con-
trol nodesis small enoughso that themeshachievesstatic
equilibrium at eachinstant. This is a reasonableassump-
tion for soft objectswith relatively high dampingparame-
ters,which is thecasefor mosthuman-bodytissues.When
theseassumptionsdonothold, thedynamicsimulatormust
beused.

Quasi-staticalgorithm. Undertheaboveassumptions,
weneglectdynamicinertialanddampingforces.Theshape
of M is de�ned by a systemof equationsexpressingthat
eachnon-controlnodeN i is in staticequilibrium:

X

j 2 � ( i )

F ij (x i ; x j ) � m i g = 0: (2)
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Figure 1. Mesh examples

Let I be the setof indicesof all the non-controlnodesof
M , andlet � beaconstanttimestep(in our implementation
� is setto 1/30 s). At eachtime t = k� , k = 1; 2; :::, the
quasi-staticsimulatorsolvesEq. 2 for the positionsof all
the non-controlnodes. To achieve real-timeanimation,it
returnsthesepositionswithin time � . Thealgorithmis the
following:

Algorithm QSS:
1. Acquirethepositionsof all thecontrolnodes
2. Repeatuntil time � haselapsed

For every i 2 I
(a) f i  

P
j 2 � ( i ) F ij � m i g

(b) x i  x i + � f i

Step2 computestheresidualforceappliedto eachnode
and displacesthe node along this force. A conjugate-
gradient-stylemethodcanalsobeusedby moving thenode
alonga combinationof theold andthenew forces.Ideally,
thevalueof thescalingfactor� shouldbechosenaslarge
aspossiblesuchthat the iterationconverges. This choice
typically requiresexperimentaltrials.

Thetimeoutconditionof Step2 guaranteesthatQSSop-
eratesin real-timeevenasthesizeof themeshM increases.
Hence,Step2 is not guaranteedto reachexactequilibrium
at every step,that is, someN i 's will have a non-zeroforce
f i actingon themafter� amountof time. As meshsizein-
creases,eachiterationof Step2 will take longer, andthus
fewer loopswill bepossiblein theallowedtime. By com-
paringthepositionscomputedby QSSto theactualequilib-
riumpositions(computedwithouttimeout),wecanmeasure
how the accuracy of the simulationdegradesas the mesh
complexity increases.

Step2(b) updatesthepositionof eachnon-controlnode
usingthemostrecentlycomputedpositionsof theadjacent
nodes,ratherthanthosecomputedat thepreviousiteration
of Step 2. This schemeis most advantageouswhen the
nodesare processedin a wave-propagationorder starting
at the displacedcontrol nodesandexpandingtowardsthe

Figure 2. Simulation of a cutting operation

nodesfarthestaway from any displacednode. This order-
ing is computedby abreadth-�rstscanof themeshM :

Algorithm NODE-ORDERING:
1. Initialize I to theemptylist
2. Mark thedisplacedcontrolnodesin M to beat level 0
3. For k = 1; 2; :::; mark theunmarkednodesadjacentto
a nodeat level k � 1 to beat level k, andstorethemin I ,
until all non-controlnodeshavebeenmarked.

The displacednodesmay be arbitrarily distributedover
the mesh. The outcomeof NODE-ORDERINGis a list I
of nodessuchthat if index i appearsbeforeindex j in I
thenthelevel of N i is lessthanor equalto thatof N j . QSS
processesthenodesasthey havebeenorderedin I .

Nodeorderingenablesanothermajorcomputationalsav-
ings. During an iterationof Step2, if the positionsof all
thenodesat somelevel k aremodi�ed by lessthana small
pre-speci�edamount,thenthealgorithmstopspropagating
the deformationfurther. In this way, the numberof levels
treatedat eachiterationadjustsautomatically. This compu-
tationcutoutis especiallyusefulwhenobjectdeformations
arelocal.

While QSS is being executed, any change in the
set of displacednodesonly requiresre-invoking NODE-
ORDERINGto computeanew orderedsetI . Similarly, the
mesh's topologymaychangeat any time. For example,in



Figure2 a cuttingoperationis beingperformed.Links are
removedfrom themeshasthey arecrossedby thescalpel,
sothatthemeshusedby QSSchangesfrequently. (In prin-
ciple, sucha cutting operationviolatesassumptionsmade
above, and a dynamicsimulatorshouldbe used. Never-
theless,QSS,which was usedto produceFigure 2, gives
realisticresults.)

Performance evaluation. The above algorithmsare
written in C++ andrun on a 450MHz processoron a Sun
Ultra 60 workstationwith 1 GB RAM. To addressvisual
realism,we askedsurgeonsto verify that thedeformations
weresimilar in shapeandvelocity to thoseencounteredin
clinical operations.Figure6 showssuchdeformations.

We did otherexperimentsto quantitatively evaluatethe
performanceof QSS. In particular, we createda regular
meshwhosenodesform a rectangularlattice. Eachnode
is linkedto its neighborsin thex, y, andz directions.It is
alsodiagonallylinked to neighborsin the xy, xz, andyz
planes.All links aregiventhesameconstantstiffness.Our
meshesrangedfrom a3x3x3box(27nodesand64links) to
a20x20x20box (8000nodesand66120links).

Given one suchmesh,we �x the nodesof the bottom
face,anddisplacethemiddlenodeof thetop faceupwards
by oneunit. We thenrun QSS,but insteadof runningStep
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 i andx i for all the non-controlnodes.
We repeatseveral timesthis cycle of displacingthecontrol
node(by anadditionalunit) anddoingk iterations,andafter
eachcycle we recordthepositionof eachnode.Errorsare
computedasthedistancesbetweenthesepositionsandthe
actualequilibriumpositions.Theequilibriumpositionsare
foundby runningQSSuntil the force on eachnon-control
nodeis zero.

Figure 3a shows maximumand averageerrorsfor the
different meshsizesfor 5 consecutive cycles of unit dis-
placementfollowedby k = 10iterations.Weseethaterrors
increaseslightly as the box grows from 27 to 216 nodes,
but thenminimally assize increasesto 8,000nodes. The
largerboxeshavemany nodeswhichmaybemoving hardly
atall, whichcontributeto loweringtheaverageerror. How-
ever, themaximumerror follows thesamepatternat about
twice theaverageerror, andremainsat mostabout10%of
the magnitudeof the displacementof the control nodefor
all meshsizes.

Figure3bshowsmaximumerrorafteroneunit displace-
mentfor differentnumbersk of iterations.It comparesQSS
with andwithout the computationcutoutdescribedprevi-
ously. Theplotsfor two differentboxesareshown together,
andwecanseethaterrorsarequitelow in all cases,evenfor
the largestbox andthe lowestnumberof iterations.When
usingthe cutout,errorsdo not strictly drop off to 0 asthe
numberof iterationsincreases,but themoreimportantdif-

ferenceis the sharpdecreasein the time requiredper iter-
ation. Table1 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
given only 10 or fewer iterationsof QSSStep2 per time
interval. Furthermore,the cutout method can complete
theseiterationsin theappropriate1/30second,andscaleto
meshescontainingthousandsof nodeswith no signi�cant
performancepenalty.

3. Collision Detection

Researchon collision detectionbetweenrigid objects
has a long history in robotics, graphics,and solid mod-
eling. Two main families of methodshave been pro-
posed: feature-based(e.g. [1, 17, 18]) and hierarchical
(e.g. [6, 9, 14, 20, 23]). A feature-basedmethodexploits
temporalandspatialcoherencein the geometricmodel to
maintainthepairof closestfeatures.A hierarchicalmethod
pre-computesa hierarchyof boundingvolumesfor every
object. During a collision test, the hierarchiesareusedto
quickly discardlargesubsetsof theobjectsurfacesthatare
too far apartto possiblycollide. Hierarchiesusingvarious
primitive volumeshave beenproposed.While somevol-
umesallow closer-�t approximation,they alsoyield more
costlyintersectionchecks.Spheresgivegoodresultsovera
broadrangeof objects.

Althougheachapproachhasdistinctadvantages,thehi-
erarchicalapproachis bettersuitedwhenobjectsarehighly
concave.Themainissuein usingit with deformableobjects
is thatpre-computedhierarchiesmaybecomeinvalid when
objectsdeform,while re-computingnew onesat eachcolli-
sion querywould be too time consuming.Below, we pro-
poseanalgorithmthatdoesnot modify thetopologyof the
hierarchyrepresentingan object,but only updatesthe size
andlocationof theprimitivevolumeslabelingthenodesof
thishierarchy. Ouralgorithmderivesfrom theoneproposed
by Quinlan[23] for rigid objects.

Fewer works exist for deformableobjects(e.g. [2, 26,
11, 24, 27]). The algorithmin [26] is the closestto ours.
It alsobuilds a treeof �x ed topologicalstructure.But this
treeis not balanced(which mayseriouslyincreasethecost
of collision queries)andits nodesareAABBs. The main
difference,however, is in the tree-maintenancealgorithm.
Unlike [26], our algorithmexploits thelocality of mostde-
formationsto minimize the numberof nodeupdates.The
algorithm in [27] is speci�cally aimed at detectingself-
collisions of cloth-like objects,an issuethat we have not
carefullystudiedsofar.



Figure 3. (a) Maximum (solid lines) and average (dashed lines) error vs box size (b) Maximum error
without (solid lines) and with (dashed lines) computation cutout vs number of iterations

Mesh Nodes Edges Iterationsat 30Hz Iterationsat 30Hz
without cutout with cutout

6x6x6 216 1440 24 24
8x8x8 512 3696 9.5 13

10x10x10 1000 7560 4.6 8
15x15x15 3375 27090 1.2 7
20x20x20 8000 66120 0.4 6

Table 1. Effect of computation cutout on sim ulation rate

3.1. Quinlan' s algorithm

Sphere tr eeof an object. Let A bea (rigid) objectrep-
resentedby its triangulatedsurfaceS. Quinlan's algorithm
coversevery trianglein S with smallspheresof prede�ned
radius" andconstructsan approximatelybalancedbinary
treeT thathasoneleaf persphereof radius" . Eachother
nodeN in T is a spherethat enclosesall the leaf spheres
of thesub-treerootedat N . T is constructedby recursively
partitioningthesetE of leafspherescontainedin asub-tree
(initially thesetof all leafspheresin T) into two subsetsE1

andE2 of equalcardinality, until eachsubsetcontainsasin-
gleleafsphere.Thepartitioningoperationtriesto minimize
theintersectionandtheradii of thetwo spheresthatrespec-
tively enclosethe leaf spheresin E1 andE2. A technique
to partition thesetE �rst computesthebox that is aligned
to theobject's coordinateframeandcontainsthecentersof
theleaf spheresin E . It thendividestheleaf spheresalong
thelongestsideof this box.

Collision detection. Let T1 and T2 be the respective
spheretreesof two (rigid) objectsA1 andA2. A collision
queryis speci�edby thepositionandorientationof A1 rela-
tive to A2. Collisiondetectionis performedby a depth-�rst
traversalof T1 andT2 during which pairsof spheresfrom

the two treesare examined. If two intermediatespheres
have null intersection,then the leaf spheresthey contain
cannotpossiblyintersect,andthe traversalis pruned;oth-
erwisethe childrenof oneof the two nodesareexamined.
If two leafspheresintersect,thetwo trianglestiled by these
spheresareexplicitly testedfor collision. For N1 andN2,
the root spheresof T1 andT2, respectively, the following
algorithmreturns1 if it detectsacollision,and0 otherwise:

Algorithm COLLISION(N1, N2):
1. If N1 andN2 havenull intersectionthenreturn0
2. Else

(a) If bothN1 andN2 areleaf spheresthentestthe
correspondingtwo trianglesfor collision; return1 if
they collideand0 otherwise
(b) If N2 is smallerthanN1 thenswitchN1 andN2

(c) If COLLISION(N1,left-child(N2)) = 1 then re-
turn1

Elseif COLLISION(N1,right-child(N2)) = 1 then
return1

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 theradii andpo-
sitionsof somespheresareadjusted.Moreover, themainte-
nancealgorithmperformsadjustmentsonly wherethey are
needed.

Construction of aspheretr ee.LetS bethetriangulated
surfaceof adeformableobjectA in someinitial shape.The
pre-computedtreeT for A differs from the onein [23] in
two ways:

(1) Insteadof tiling thetrianglesof S with smallequal-
sizedspheres,weassigneachtriangleasingleleafsphereof
T – thesmallestsphereenclosingthetriangle.Hence,when
S undergoesa deformation,the numberof leaf spheresof
T remainsconstant.Moreover, updatingtheradiusandpo-
sition of thesphereenclosinga deformingtriangleis faster
thancomputinga new tiling.

(2) The approximatelybalancedstructureof T is still
generatedby recursively partitioning the leaf spheresinto
two subsetsof equalsize. But the radiusandposition of
eachnon-leafsphereis computedto enclosethe sphere's
two children. This yields a slightly biggerspherethanthe
onecomputedto containthe descendantleaf spheres,but
thecomputationis muchfaster.

Collision detection. COLLISION is usedunchanged.
Maintenance of a sphere tr ee. Eachdeformationof

onetriangleof S requiresadjustingtheradiusandposition
of thecorrespondingleaf sphereandof all its ancestorsup
to therootof T . Ouralgorithmperformsthosechangesonly
prior to processinga query. Theoperationis donebottom-
up,usingapriority queueQ of spheressortedby decreasing
depthsin T . Q is initialized to containall the leaf spheres
thatenclosetrianglesthathavebeendeformedsincethelast
updateof T . It is thenusedasfollows:

Algorithm MAINTENANCE:
While Q is notemptydo

1. w  extract(Q)
2. Adjust theradiusandpositionof w
3. Insert(Q,parent(w))

Theonly spheresthataremodi�ed arethosethatcontain
atleastonedeformedtriangle.Eachsuchsphereis modi�ed
only once,evenif it containsseveraldeformedtriangles.

Clearly, MAINTENANCE will performbetterwhende-
formationsarelocal thanwhenthey arescatteredthrough-
outS. Morespeci�cally, a localdeformationof S affecting
k � s triangles,wheres is thetotal numberof trianglesin
S, resultsin a total updatetime of O(k + logs). Instead,if
the k trianglesarespreadover the leaves,this costcanbe

Figure 4. Collision­detection perf ormance

O(k logs). However, in the worst case,if many triangles
have changedshape,themaintenanceoperationonly takes
timeO(s).

3.3. Performanceevaluation

The above algorithmswere implementedin C++. We
give resultsof experimentalperformancetestson an Intel
400-MHzPentiumII processor, with 256-MB memoryand
runningWindows2000.

Sphere tr eeconstruction. The pre-computationof an
object's spheretreeneednot beparticularlyef�cient, since
it is doneonly onceperobject,prior to any simulation.Our
softwarerunsin timeproportionalto thenumberof triangles
andtakeson theorderof 0.1millisecondspertriangle.

Sphere tr ee maintenance. To evaluate MAINTE-
NANCE we considereda surfaceS initialized to 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 deformationbetween1 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 processseveral times. After computingthe
spheretreefor the�at surface,we ranMAINTENANCE to
updatethis treeafter variousdeformations.We measured
a runningtime for MAINTENANCE of 0.06milliseconds
perdeformedtriangle.

Collision queries We consideredtwo objects. One is
modeledas a �at squaremeshof 8 by 8 units tessellated
with 8,192triangles.Theotherobjectis a sphericalball, 2
units in diameterandtessellatedwith 1,024triangles. We
moved the ball along a straightpath thoughthe centerof
thesquaremesh,from 64 unitsseparationto oneunit pen-
etration.Thequerytimesfor differentrelative positionsof
the objectsare shown in Figure 4. When the objectsare
far apart,eachqueryis extremelyfastandtakeson theor-
derof tenthsof a millisecond.Whenthey getcloserthan1
unit together, querytime grows quickly (dark curve) to an



Figure 5. Setup for micr osur gery

asymptoteof just under60 milliseconds,asmorespheres
in thetreeshadto beexaminedto rule out a possiblecolli-
sion.Oncetheobjectsarein collision, thequerytimedrops
sharplyto under10 milliseconds(grey curve). This sharp
dropsuggeststhata timeoutcouldbe imposedon COLLI-
SION, with a relatively minor risk of not detectinga col-
lision once in a while. We did similar experimentsafter
deformingthe two objectsandupdatingtheir spheretrees
usingMAINTENANCE.Weobservednosigni�cant degra-
dationof thequerytimes,evenfor ratherlargedeformations
of theobjects.

4. Micr osurgical Simulation System

SystemOverview. Figure 5 shows a user interacting
with our system,by manipulatingrealsurgical instruments
(here, forceps)mountedon electromagnetictracking de-
vices. The positions/orientationsof the trackers are read
at 100 Hz, and the openingand closing of the forcepsis
obtainedonline by readinga sensor. The instrumentsare
renderedon thegraphicdisplay, alongwith thedeformable
objects(in microsurgicalsimulation,aseveredbloodvessel
andasuturemadeof aneedleandthread).Thegraphicdis-
play is updatedat 30 Hz. Theuserhascompletecontrolof
theviewpointandmayusestereoglasses.

ThesimulatorQSSof Section2 computesthedeforma-
tionsof thevessel,while thesuture'sdeformationsarecom-
putedasdescribedbelow. All collisionsarehandledusing
thealgorithmof Section3. Themostfrequentcollisionsare
betweentheforcepsandthevessel,theneedleandtheves-
sel,thethreadandthevessel,thethreadandtheforceps,the
threadwith itself, andonehalf of thevesselwith theother.
Our implementationon a dual-processormachine(SunUl-
tra 60, two 450 MHz processors)allows the processingof
deformationsandcollisiondetectionto notcon�ict with the
rendering.

Models. Eachhalf of the vesselis modeledasa trun-
cateddouble-hulledcylinder (Figure 1a). The inner and
outercylindersaremodeledby severallayersof nodes,with
the layersevenly spaced,andeachlayerconsistingof sev-

eralnodesevenlyspacedaroundacircle. Eachnodeis con-
nectedby deformablelinks to its neighborswithin a layer
andin neighboringlayers. Therearealsoconnectionsbe-
tweenthenodesof the innerandoutercylinders. Oneend
layerof eachvesselis �x ed in space,representingthe fact
thatthevesselsareclampeddown duringsurgery, andonly
a portion of their length can be manipulated. When the
two partsof thevesseltouchoneanother, their meshesare
merged(weassumestickingcontact)andQSScomputesthe
deformationof this new mesh.

Simulation of the suture. The threadis deformable,
but not elastic. We model the sutureasan articulatedob-
ject with 200shortstraightlinks sequentiallyconnectedat
nodesacting as sphericaljoints. Any nodeof the suture
may be constrainedby anotherobject. For example,one
nodemight be graspedby a forceps,andthus its position
is constrainedby the forceps. If the suturehas pierced
througha vessel,a nodewill beconstrainedby theposition
of thevessel.Themotionof thesutureis calculatedusinga
“follo w-the-leader”techniquepresentedin [5]. Pulling on
oneor bothendsof thesuturealwaysresultsin deforming
thethread,exceptwhenthereis no remainingslackandthe
suturehaspiercedthroughthevessel;thenthedisplacement
causesthevesselto deform.

Examplesof interactions. Figures6a and6b show de-
formationsgeneratedby forcepsholding oneor two parts
of the blood vessel. In Figures6c and 6d the sutureis
piercedthrougha vessel,andpulls down �rst on oneend
of thevesselandnext on bothendsto bring themtogether.
Figures6e and 6f show an examplewherethe sutureis
wrappedaroundaforcepsandanotherwhereit collideswith
itself andthevessel.In theseexamples,thefull setof com-
putations(deformation,collisiondetection,tool simulation,
etc.) is doneat 30 Hz. Note thediversityof deformations
achievedby thevessels.

5. Conclusionand Future Work

Wehavedesignednew fastalgorithmsfor simulatingthe
deformationsof softobjectsanddetectingcollisionsamong
deforming and rigid objects. Thesealgorithmstake ad-
vantageof several characteristicsof surgical training: (1)
visual realism is more important than accurate,patient-
speci�c simulation; (2) most deformationsare local; (3)
human-bodytissuesarewell damped;and(4) surgical in-
strumentshave relatively slow motions. Our simulatorex-
ploits thesecharacteristicsto solve quasi-staticequations
usinga“wave-propagation”techniquethathasanautomatic
computationcutout when deformationsbecomeinsigni�-
cant. Thecollision algorithmexploits deformationlocality
to minimize thenumberof updatesin thehierarchicalrep-
resentationsof thedeformingobjects.

Thesealgorithmshave beenintegrated into a virtual-



Figure 6. (a),(b) Forceps deforming severed vessel, (c) Suture pulling vessel down, (d) Suture pulling
two vessels tog ether, (e) Suture wrapped around forceps, (f) Suture colliding with self and vessel
end

reality systemfor simulating the suturingof small blood
vessels.This systemhasbeenusedby plasticandrecon-
structive surgeonsin our lab and at variousexhibits, and
deemedrealisticandpotentiallyvery useful. Our next step
is experimentalandclinical veri�cation, by havingsurgeons
who are learningthe procedureusethis tool, and assess-
ing thequalityof theirvirtual repairsthroughmeasurements
suchasangleandpositionof vesselpiercing.We will then
try to establishquantitatively how practicingwith thesimu-
latoraffectsfuturequality of realvesselrepairs.

We are also investigatingother surgical applications.
While forcefeedbackis irrelevantin microsurgery, it is crit-
ical in many otherapplications[8]. QSScancomputethe
force appliedto eachdisplacedcontrol nodein an elastic
mesh. But it doesnot achieve an updaterate compatible
with hapticinteraction(roughly1000Hz). To connectour
simulator to haptic devices, we are developing fast tech-
niquesto interpolatebetweenforcescomputedby QSS.The
elasticmeshmodeldoesnot allow the explicit representa-

tion of incompressibilityconstraintsoften encounteredin
human-bodytissues.A techniqueproposedin [12] to over-
comethis limitation is to apply arti�cial corrective forces
to surfacenodesto keeptheobject'svolumeapproximately
constant.Extendingour collision-detectionmoduleto ef�-
ciently detectcollisionsof an objectwith itself is another
short-termgoal.

Therearemany otherissuesto consider, suchasthede-
tectionof meshdegeneracies(e.g.,whena link crossesan-
other)andthemodelingof collision responses.As moreis-
suesareaddressedin a simulationsystem,morealgorithms
will runconcurrently, andtheiref�ciency will becomeeven
morecritical.
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