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Abstract— Though motion planning has been studied exten-
sively for rigid and articulated robots, motion planning for
deformable objects is an area that has received far lessattention.
In this paper we present a framework for planning paths
in completely deformable, elastic envir onments. We apply a
deformable model to the robot and obstaclesin the envir onment
and present a kinodynamic planning algorithm suited for this
type of deformable motion planning. The planning algorithm
is based on the Rapidly-Exploring Random Tree (RRT) path
planning algorithm. To the best of our knowledge, this is the
�rst work that plans paths in totally deformable envir onments.

I . INTRODUCTION

The type of deformablemotion planning addressedhere
involvesplanningpathsin environmentswherethe robot and
obstaclesare extremely �e xible. Many situationsarisewhere
the environmentcanconsistof elasticallydeformableobjects.
Examplesof this type of planningcould rangefrom planning
a pathto move a mattressin a houseor surgical applications.
Motion planningfor highly deformableobjectsis a problem
that hasreceived very little attentionalthoughit is important
to be able to solve theseproblems.

Flexible representationsareneededfor problemsthatrequire
robots to have large deformationsand for problems that
requirenot only therobotbut theobstaclesin theenvironment
to be deformable.Deformablemotion planning involves the
planning of feasible paths for objects that can completely
changetheir shapedependingon the interaction with the
environment.Examplesof this includeplanningfor elasticor
air-�lled objects,metalsheetsor long �e xible tubes.Moreover,
for several cases,such as virtual surgery applications,it is
important to be able to model environments that include
both rigid objects,which could include bonesand surgical
instruments,anddeformableobjects,which could includesoft
tissue,�e xible cartilageor �e xible tubes.

Other applicationsof deformablemotion planning include
computergraphicsand games.Motion of deformableobjects
in theseareasis mostly generatedusing simulation because
manuallygeneratingnatural-lookingdeformationis extremely
dif�cult and time consuming.On the other hand, it is also
dif�cult to control the trajectoryandthe �nal restinglocation
of asimulateddeformableobject.Naturallydeformablemotion
planningcanprovideanintuitiveandinteractive tool to control
the motion of deformableobjectsby allowing the usersto set
startand(intermediate)goal con�gurations.
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Fig. 1. BarriersEnvironment.Both the robot (the cube)and the obstacles
(the platebarriers)in this environmentaredeformable.This imagesequence
is shown from left to right and from top to bottom.

Issues. Oneproblemfacingmotionplanningfor deformable
objectsis having a (deformation)modelthataccuratelyre�ects
the physical propertiesof objectswhile maintainingthe ef�-
ciency of the planner. As we have seenfrom the previously
proposedmethods,it is a dif�cult problemto maintainboth
properties.For example, a planner that uses a physically
correctdeformationmodelcanbevery slow [1] anda planner
that usesonly geometricdeformationscanresult in unnatural
motion [3]. The concept of visually plausible deformation
hasbeenusedin planningmotion for deformableobjectsto
acceleratethe speedof the planner [3], [5]. An aspectof
visually plausible deformationthat has not been addressed
is how well a deformablemodel preserves the volume of an
object undergoing deformation.Another issuethat shouldbe
consideredwhen selectinga deformablemodel is how the
modelhandlesvarying materialproperties.

The workspacesstudied in most previous work generally
include only static and rigid obstacles.While problemswith
dynamicworkspacehavebeenaddressedbefore,e.g.,[8], [12],
to the bestof our knowledge,thereis no previous work that
planspathsin totally dynamicanddeformableenvironments,
suchasunderwaterenvironmentsor the internalbody.

Our approach. As outlined above, there is a need for
motion planning that can ef�ciently generatenaturalmotion
for deformablerobotsto maneuver amongobstaclesthat can
be either rigid or deformablethemselves.

In this work, we addressthis problem and study mo-
tion planning problems in highly deformable workspaces.
We representdeformableobjects (robots and/or obstacles),
as tetrahedralmeshesand the dynamicsof thesetetrahedral
meshesaremodeledusinga Finite ElementMethod[19] that
includesvolumepreservation.



The proposedmethodplansa path for the robot by itera-
tively applying manipulationforces to the the robot until it
reachesa con�guration nearthe goal con�guration. While we
only apply forcesto the robot, obstaclesthat are deformable
will receive externalforcesthroughcontactwith therobotand
otherobstacles.Thus,eachstateof theproblemspaceconsists
of the position and velocity of the robot and the obstacles
as well. Figure 1 shows a sequenceof imagesillustrating a
solution path found by our planner in a highly deformable
environment. As far as we are aware, this is the �rst work
that planspathsin this type of environments.

Outline. Thispaperis organizedasfollows.In SectionII we
discussrelatedwork. An overview of our methodis described
in SectionIII. The deformablemodel we useis describedin
SectionIV, planningis discussedin SectionV and�nally we
will closewith resultsanddiscussion.

I I . RELATED WORK

There have been a number of deformablemodels devel-
oped. The goal of studying these models is to obtain a
deformablemodel that can accurately re�ect objects with
varyingproperties.In this sectionwe will give anoverview of
some deformablemodels that have been developed,mostly
in computergraphics.We will then discusssome previous
attemptsat planningmotion for deformableobjects.

A. DeformableModels

Deformationswhich do not addressphysical propertiesin-
cludefunctionaldeformations(scale,bend,twist) [2] andfree-
form deformation[18]. Mass-springand �nite elementmeth-
ods(FEMs)areamongthemostcommonlyusedstrategiesfor
building deformableobjectswith physical properties.Details
of thesemethodsaredescribedbelow. While it is impossible
for us to provide a completereview of work on modeling
deformableobjectshere,several surveys areavailableon this
topic [6], [17].

Mass-spring. Mass-springsystemsare one of the most
commonformsof deformablemodels.In mass-springsystems,
objectsaremodeledasinterconnectedpointsconnectedto each
other by springs[6]. Thesespringscan either be modeledas
linear or nonlinearspringsfor varying materialeffects. This
typeof systemoftenresultsin “stif f ” equationscausingstable
numericalintegration to be dif�cult.

FEM based systems. In recentyears,several FEM-based
deformationmodelshavebeendeveloped[9], [16], [19]. Using
anFEM-basedsystem,objectsaredividedinto asetof discrete
geometricelementsin order to approximatethe volumetric
structureof the object. Various deformationmodelscan be
appliedto thesemeshesthat are usedwith the �nite element
method.A strengthof FEM baseddeformationis thatthey can
handlelarge deformations.

B. DeformableMotion Planning

Motion planning for deformableobjects is not new. The
methodsdescribedbelow all require the environment to be
static and are all extensionsof the Probabilistic Roadmap
Method (PRMs) [11], which sample and connect random
con�gurations in the (reduced)con�guration spaceof the
robot. The f-PRM framework [1], [13] hasbeenproposedfor

planningfor modelsusingphysically correctdeformations.f-
PRM usesa variation of a mass-springsystemthat attempts
volumepreservation by minimizing the energy in a deformed
state. Due to expensive operationsfor solving mechanical
modelsandgeneratingcollision detectiondatastructures,their
planneris not suitablefor real-timeuseand hasso far only
beenappliedto simpleobjects.

A PRM-basedmethod for path planning using geometric
deformationis proposedin [3]. In this work a more ef�cient
planner has been proposedby consideringonly geometric
deformationthat doesnot require volume preservation. The
problemwith this approachis that it couldresultin unrealistic
deformationandhence,simulatedpathsthat would not make
sensein the real world.

Another attemptat motion planningfor deformablerobots
in a static environment was presentedin [5]. The planning
wasdoneusing PRMs with a point robot andthe deformation
model was a variation of mass-springsystems.The scheme
presentedfor volume preservation is not suitable for large
deformationswhich would beapparentin situationswherethe
robot is requiredto fold or benddramatically. Analysisof the
volumepreservation schemewasnot presented.

I I I . OVERVIEW

The motion planningproblemsthat we areinterestedin for
thiswork cantypically bestatedasfollows:givenaworkspace,
the objective is to �nd a sequenceof forces to move a
deformableobject (robot) from its start con�guration to its
goalcon�gurationamongasetof rigid or deformableobstacles
without introducing unrealistic deformations.In addition to
the manipulationforcesgeneratedby the motion planner, the
motionplannerhasto dealwith otherforcesthatarede�ned by
the system,e.g.,gravity, andthosethat are introducedby de-
formationsand interactionsamongrobotsandobstacles,e.g.,
volumepreservationandcollision responseforces.Figure2(a)
illustrates5 typesof forcesthat canbe appliedto deformable
robotsand obstacles.It is theseforcesthat bring the stateof
thesystemforward.Detailsof thedeformablemodelandhow
theseforcescanbe generatedarediscussedin SectionIV.
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Fig. 2. (a) Forcesthatcanbeappliedto both robotsandobstacles.FV , FD ,
Fpf , FM and G are volume and distancepreservation, collision response,
manipulation,and gravity forces,resp.FM is always zero for obstacles.(b)
Illustrationsof how an RRT expandsduring planning.A stateS(t ) is brought
toward a randomly sampledpoint x by applying forces F(t) to robots and
obstaclesfor a certainamountof time dT1 .

Becauseboth robots and obstaclescan be deformablein
our system,a state S(t) of the systemat time t contains
the positionandvelocityof all movablevertices.Thesestates
are organizedin a tree T as shown in Figure 2(b). We say
that a motion planning problem is solved when the tree T
can be connectedto the goal con�guration. More precisely,
T is constructedusing the Rapidly-ExploringRandomTree
(RRT) [14] approachby iteratively samplinga randomposition
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x in workspaceand manipulating the state with the robot
closestto x towardsx for a certainamountof time. Details
of our planningmethodarediscussedin SectionV.

By kinodynamic planning using an RRT, we are able to
accuratelyplan paths in thesedynamically deformableen-
vironments.The PRM framework that has been used in all
previous work, describedin Section II-B, is generally not
suitablefor representingand handlingthe dynamicnatureof
deformableobjects.This is becausethe currentshapeof the
objectsnot only dependson the current stateof the system
but alsodependson previous systemstates.

IV. THE DEFORMABLE MODEL

The deformablemodel that we have chosento work with
comesfrom [19]. This is anFEM-basedsystemthatconsiders
energies that the model usesin order to stabilizethe system.
Objects in the environment are representedin the form of
tetrahedralmeshes.More informationfor this model,collision
detection[20] and responsesystems[7] will be describedin
the following section.

A. Model
Themodel[19] considersconstraintson tetrahedralmeshes.

Theseconstraintsare of the form C(p0; : : : ; pn � 1) wherepi
are masspoints in the tetrahedralmesh.Forcesare derived
from the energy constraintsthat areof the form

E(p0; : : : ; pn � 1) =
1
2

kC2 (1)

wherek is the stiffnesscoef�cient for the given constraintC.
A force Fi , for a given masspoint pi and constraintC, is
derived from the energy constraintresultingin

Fi (p0; : : : ; pn � 1) = �
@

@pi
E = � kC

@C
@pi

(2)

At eachtime step the forces on eachmasspoint are found
and used for numerical integration, which is describedin
Section IV-B. Although three constraintswere describedin
[19], we will only describethedistanceandvolumepreserving
forces used in our model. Surface area preserving forces
are omitted since they are most useful for planar tetrahedral
meshes,which we do not use.

DistancePreservingForces.A distancepreservingpotential
energy ED is usedto maintaindistancesbetweenconnected
masspoints in the tetrahedralmesh.The distancepreserving
potentialenergy usesthe distancebetweenneighboringmass
pointsat a giventime andthedistancein theundeformedstate
to computethe potentialenergy at that time. This energy is
given by

ED (pi ; pj ) =
1
2

kD

�
jpj � pi j � D0

D0

� 2

(3)

The purpose of this force is to restore the distancesof
deformed links to their original lengths. Damping, which
greatly improves the numerical integration, is also usedfor
the distancepreservingforces,asdescribedin [19].

VolumePreservingForces.Volume preservation forcesare
computedin a mannersimilar to distancepreservation forces.
The energy constraintfor eachtetrahedronis given by Equa-
tion 4. V0 is the initial volume of the tetrahedronbeing

consideredandthe force computedwill restorethe volumeof
a deformedtetrahedron.This force will also work to restore
the volumefor invertedtetrahedra[19].

EV (pi ; pj ; pk ; pl ) =

kV

2

�
1
6

�
pj � pi

�
� ((pk � pi ) � (pl � pi )) � V0

� 2

V 2
0

: (4)

The forcespresentedto preserve distanceandvolumeof a
tetrahedralmeshwill work on deformedtetrahedralmeshesin
orderto restorethe tetrahedralmeshto the original shape.By
varying parameterskD and kV , various material properties
can be simulated.The complexity of the tetrahedralmeshes
determinesif the deformablemodelcanbe usedin real-time.

B. Integration

We use Verlet Integration as our numerical integration
schemeas describedin [19]. This methodwas shown to be
stableandfast.Thespeedcomesfrom only having to compute
the forcesF(t) onceper time step.F(t) is the sum of FD (t),
FV (t) andany additionalexternal forceswhich could include
gravity, manipulationforcesor collision forces.

C. Collision Detectionand Response

Collision detectionfor deformableobjects is particularly
dif�cult since the size and shapeof the objects are con-
tinuously changing[21]. In our motion planning library for
deformableobjects,we use the collision detectionalgorithm
presentedin [20]. This algorithm can quickly determinecol-
lisions for deformableobjects relying on spatially dividing
objectsandrestrictingmoreexpensive collision detectioncalls
betweenobjectsthat arein areasthat arespatiallyclose.This
processis doneat eachtime stepof the simulation.

First in [20], verticesand tetrahedraare spatially hashed.
Vertices are only spatially hashedto one hash cell by the
vertex position. Tetrahedracan be hashedto multiple hash
cells dependingon which cells the axis-alignedbounding
box (AABB) of thetetrahedronpossiblyoverlaps.Intersection
testsbetweenverticesand tetrahedracan then be doneusing
barycentric-coordinatetests.In thiswayverticescanbelabeled
asbeingeithercollision free or in collision.

The kind of collision responseemployed computespenalty
forceswhich are basedon the penetrationdepthof colliding
vertices.Althoughwe will give anoverview of thesystem,the
readercanrefer to [7] for a moredetaileddescription.

The �rst step assumesit has beendeterminedwhetheror
not a vertex is in collision. Basedon thesecolliding vertices,
intersectingedgescanbe found. Intersectingedgesareedges
thatcomefrom the tetrahedralmeshwhich containonevertex
that is in collision andonevertex that is not in collision. The
intersectingedgesareusedto �nd the intersectionpoint anda
normal to the penetratedsurface.Next, the penetrationdepth
anddirectionof all intersectingverticesis computed.We use
a linear responsefunction for colliding verticesbasedon the
penetrationdepthanddirection.

V. K INODYNAMIC PLANNING

Using kinodynamicplanning,we areinterestedin �nding a
path from somestart states to a goal stateg. Statesin this
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framework canbe consideredto be of the form

S(t) =
�

x(t)
v(t)

�
;

where x(t) and v(t) are lists of the object's positions and
velocities at time t. During the simulation, forces F(t), are
usedto manipulatethedeformableobject,restorethedeformed
objectto its original shapeandensurethedeformedobjectsare
collision free.Manipulationforcesareusedto move theobject
throughtheenvironment.Forcesusedto restoretheshapeand
the collision-free stateof the deformableobjectsare FD (t),
FV (t) andFpf (t) aspreviously described.

Our generalpath planning algorithm for completely de-
formable environments is shown in Algorithm 1. The ma-
nipulation forces are used to move the object through the
environment,thus exploring the environment.It is important
to notethat in line 12 we storethestateof thedeformedrobot
as well as the deformedstateof any deformableobstaclesin
the environment.This makes the complexity of the planning
much more dif�cult, but enableus to obtain pathsthat look
much more physically realistic. We can avoid storing states
of objectsthat are not deforming.Thesedeformedstatesfor
the robot and obstaclesare restoredat eachiteration which
preventsdiscontinuitiesin the path.

The step size used at each iteration dT should not be
confusedwith the time step,h, usedduring numerical inte-
gration.h is usuallymuchsmallerthandT which allows the
manipulationforce FM (t) to be appliedfor many time steps.
In this way, we cangrow a treefrom a startstates to a state
that is within a certaindistanceof the goal stateg.

Algorithm 1 KinodynamicPlanningfor DeformableEnvironments
Require: a treeT , total iterationsI , minimum time stepTmin , and

maximumtime stepTmax
1: for i 2 f 0; 1; � � � ; I g do
2: x = a randompoint in boundingbox or the goal position
3: Snear = Nearestneighborto robot COM in T to x
4: FM (t) = GetManipulationForce(Snear ,x)
5: Let dT be a randomtime step,whereTmin < dT < Tmax
6: Scur = Snear
7: for k 2 f 0; 1; � � � ; dTg do
8: Fpf (t) = CalculatePenetrationForces
9: Snew = Scur .UpdateState(Fpf (t), FM (t), FD (t), FV (t))

10: Scur = Snew
11: end for
12: addScur to T andaddan edgebetweenScur andSnear
13: end for
14: return T

A. ManipulationForces
Manipulation forces are selectedat randomdependingon

the weight assignedby the user to that manipulationforce.
Selectinga manipulationforce to apply for a given time dT
correspondsto thefunctionGetManipulationForce(Snear ,x) in
line 4 in Algorithm 1. For example, we can assignhigher
weightsto themanipulationforceswe think will helpmorein
the planningphase.In the following we describethe typesof
manipulationforcesusedduring our planning.

Body manipulationforcesareappliedto eachvertex in the
tetrahedralmesh.The forcesresult in translatingthe robot by
a given force vector. The direction of the force is given by

the vectorbetweenthe randompositionx in the environment
and the currentrobot's centerof mass(COM) in Snear . The
magnitudeof the body force applied is selectedat random
suchthat the force is lessthan a prede�nedmaximumforce.
This type of force is useful in pushingthe object to various
locationsin the environmentandwhenchangesin orientation
arenot neededto move througha given area.

Control Point manipulation forces are applied only to
certainvertices.A controlpoint vertex for a robot's tetrahedral
mesh is selectedat random.The control point, along with
any other mesh vertices within a prede�ned radius, have a
manipulationforce applied to it that is generatedin a way
similar to the body forces. This type of force is useful in
changingtheorientationof theobjectasa whole.By applying
a force to only certainvertices,the objectwill rotatecausing
the changein the body's orientation.

Inter polation canbeusedto getfrom onestatein thetreeto
anotherstate.Althoughin ageneralframework this forcecould
beusedto transitionbetweenany two statesin a roadmap,we
only usethe interpolationforcesto move from a statein the
treeto thegoal stateg. This typeof forcewill help to quickly
getfrom thecurrentcon�gurationto a statenearthegoalstate.

B. Query

During thequeryphase,thetreeis searchedfor a robotstate
that is within a certain thresholdof the goal state.Although
our current implementationusesEuclideandistancebetween
thecenterof massof thestatesin thetreeandthegoalstate,a
moreprecisedistancemetriccouldbeused.Thismight involve
averagingthe distancesbetweeneachvertex of the statesin
question.When simulatingthe path,an interpolationforce is
appliedat the end of the path to allow the robot to cometo
restnearthe goal state.

VI . DETAILS AND EXPERIMENTAL RESULTS

In this section,we will discusssomeof the implementation
details of our framework and presentthe performanceand
�e xibility of the proposedmotion planner for deformable
objectsundervarioussituations.

A. ImplementationDetails

We generatea tetrahedralmeshof a given boundaryrepre-
sentedgeometry(i.e., polygonalmesh)by �rst using convex
decompositionand then computinga Delaunaytriangulation
on eachcomponentof the decomposition[4], [10]. Although
our baseplannercan ef�ciently handlean environmentwith
2500 tetrahedra,more interesting and realistic shapescan
easily have tensof thousandsof tetrahedrawhich becomea
bottleneckof the planner's ef�ciency.

In order to handle more complex geometries,we use
hierarchical deformation. Hierarchicaldeformationhas been
shown to perform ef�ciently using boundingboxes for mo-
tion planning [3]. Insteadof using boundingboxes, we use
convex shells that can tightly approximatethe target shape
to producemore natural deformations.More precisely, we
�rst approximatea shapeusingseveral disjoint convex shells
[15]. Tetrahedralmeshesarethengeneratedfrom theseconvex
shells. Deformationsapplied to the tetrahedralmeshesare
indirectly appliedto the enclosedgeometryusing FreeForm
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Deformation(FFD) [18] (which computesthe global coordi-
natesof eachvertex x of the geometryat every simulation
time step using the Barycentric coordinatesof x in x's
enclosingtetrahedron).An illustrationof this processis shown
in Figure3.

1. input andmesh 2. deformmesh 3. deformedinput

Fig. 3. Hierarchicaldeformation.First, convex shellsarebuilt from
the input model. Next, a tetrahedralmeshis built from the convex
shell.Then,theinput modelis boundto thetetrahedralmesh.Finally,
deformationsthatareappliedto thetetrahedralmeshcanbeindirectly
appliedto the input model.

B. ExperimentSetup
We test our deformable planner with the environments

shown in Figures1, 6, 7, and a humanbody model. Using
theseexamples,we will show that the proposedplannercan
ef�ciently handle large deformations,and highly dynamic
situationsin complex environmentswith a large numberof
tetrahedraand trianglesand with both deformableand rigid
obstacles.Details of thesetest setsare presentedin Table I.
All of our experimentalresultsareobtainedusinga notebook
computerwith a1.7GHzCPUwith 1 Gbmemory. Animations
andmoredetailedresultsareavailableat our websitez.

TABLE I
Envir onment Properties and Experimental Results.

Envir onment Obstacles Total Sol. Sol.
names types Tetra Iteration Time (min)
Barriers1 deformable 673 500 10:34
Barriers2 deformable 2343 1000 44:14
Windows deformable 1710 2200 63:10
Falling Objects deformable 396 1500 16:00
Body Parts rigid/deformable 300 640 14:09

Total Tetra shows the numberof tetrahedrain the environmentincluding a
robotandobstacles.Sol. Iteration andSol. Time arethenumberof iterations
to expandthe treeandthe time (in minutes)to solve the problem,resp.

C. Experiment1: Barriers
Paths in the barriersenvironment result in large deforma-

tion; seeFigure 1. The obstaclesin the environmentare the
two platespositionedon oppositewalls. The obstaclesdo not
have an external gravity force applied to them and so the
deformationoccursas a result of collision. The goal stateof
the robot (cube) is on the oppositeside of the plates from
the start state. The large deformation occurs as the robot
maneuvers through the plates, in the processcausinglarge
deformations.

Barriers1 environmentis a simpli�ed versionof Barriers2
environment.Thesimpli�cation comesfrom Barriers1 having
less tetrahedrato representthe sameobstacles.The actual

zhttp://parasol.tamu.edu/

workspacethat the robot travels throughis the samein both
environments.Barriers2 is one of the more computationally
complex environmentstesteddueto thenumberof tetrahedra.
As shown in Figure 4, the volume of the objects in the
environment remainsrelatively stableeven during the times
the obstaclesundergo large deformation.We noticedsimilar
resultsin theBarriers1 environmentwith volumechangeless
than threepercentfor all objects.
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Fig. 4. Barriers Environment.Volume differencesof robot and obstacles
from their restshapeduring path traversal.

D. Experiment2: Windows

The robot in this environmenthasseveral waysto reachits
goal. The environment consistsof four chambersconnected
throughpassagesof varying sizes.The passageway from the
start chamberto the goal chamberis smaller than all of the
other passageways connectingneighboringchambers.Also,
somepointsof theobstacleareheld�x edduringthesimulation
to allow the obstacleor passage-ways to maintain its same
basic structure.During the simulation and planning phases,
the passagewayshave gravity asan external force.We allow
therobot(sphere)to bemuchmore�e xible asit hasto squeeze
througheachpassageway from onechamberto another. The
pathobtainedshows the robot taking a paththat requiresless
deformationandso, is energetically more feasible.

Thevolumedifferencefor theobstacleduringthesimulation
of the path remainsfairly constant.As shown in Figure 5,
the robot, which is very �e xible, usually maintainsa volume
differencethat is less than six percent.However, there are
timeswhenthe volumedifferencereachesten percent.

E. Experiment3: Falling Objects

In thefalling objectsenvironment,theobjectsarefreeto fall
given gravity asan externalforce.The robot hasto maneuver
throughthe openingin the falling plate beforeit reachesthe
ground.Thegoalstateof the robot (bunny) is above theplate.
Theotherfalling objectin theenvironmentis a dragon.This is
a highly dynamicenvironmentastherobothasto planthepath
asobjectsare falling, makingplanningmuchmoredif�cult.

The volume changefor the falling plate remainsclose to
constantthroughoutthe simulation.Although the volumesfor
the robot andthe otherobstaclein the environmentvary, they
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Fig. 5. Windows Environment.Volume differencesof robot and obstacles
from their restshapeduring path traversal.

Fig. 6. Windows Environment.Both the robot (the sphere)andthe obstacle
(the wall with windows) in this environment are deformable.This image
sequenceis shown from left to right and from top to bottom.

remain within ten percentof their initial volume. This is a
goodresultgiven the amountof collision andexternal forces
appliedto all objects.

F. Experiment4: HumanBodyModel
This environment, shown on the

right, is a simpli�ed modelof the hu-
manbody consistingof a heart,lungs
and a liver which are all deformable
objects. The spine is modeled as a
rigid body. In this environment, the
robot is the heartand has to reacha
goal state in front of the lungs and
liver. The lungs and liver both have
�x ed points that prevent them from
moving too much in the environment
althoughtheseobjectsdo deform.The
deformationof thesehighresolutionmeshesis doneusingFFD
aspreviously described.

We areableto obtaina pathfor theheartthatslidesbetween
thelungs.Thepercentof volumechangefor all thedeformable
objects in this environment is typically within � ve percent.
Given the interactionneededbetweenthe robot (heart) and
obstacles(lungs, liver andspine),the amountof deformation
obtainedis reasonable.

VI I . CONCLUSION

In this paper, we proposeda motion planningmethodthat
�nds pathsfor deformablerobots in completelydeformable
environments.To generaterealistic motion, our deformable
model considersvolume preservation and our results show
that the volumesof all deformableobject (including robots

Fig. 7. Falling ObjectsEnvironment.Both the robot (the bunny) and the
obstacle(the dragon and the wall with a hole) in this environment are
deformableandfree �ying. This imagesequenceis shown from left to right.

and obstacles)are well preserved, within ten percentof their
rest shape.The proposedplanneris a tree-basedplannerthat
constructsa tree in the statespaceof the systemuntil a state
in the treeapproachesthe goal state.Our experimentalresults
show that our planner can ef�ciently handle complex and
dynamicenvironmentswith thousandsof tetrahedra.
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