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Abstract—We presenta novel algorithm for motion plan-
ning of a deformable robot in a static ervironment. Given the
initial and nal con guration of the robot, our algorithm com-
putes an approximate path using the probabilistic roadmap
method. We use“constraint-based planning” to simulate robot
deformation and make appropriate path adjustmentsand cor-
rectionsto compute a collision-freepath. Our algorithm takes
into account geometric constraints like non-penetration and
physical constraints like volume presewation. We highlight
the performance of our planner on different scenarios of
varying complexity.

Index Terms—motion planning, deformable models, phys-
ical constraints, probabilistic roadmap algorithms

|. INTRODUCTION

Motion planningis a classicalproblemin robotics.The
basicproblemis de ned asfollows: Given a robotandan
ernvironmentwith a setof obstacles,nd a collision-free
path from an initial con gurationto a nal con guration.
This problem has beenwell studiedfor more than three
decadesHowever, most of the existing work hasfocused
on robotsthatareeitherrigid bodiesor articulatedmodels.
There is relatively little researchon motion planning of
a deformablerobot. Flexible robotsare becomingincreas-
ingly importantin industrialand medicalapplications For
instancemotion planningcanbe usedfor cableplacement
in largefactoryplantsandbuildings,wire routingfor nano-,
micro-, to mega-scaleelectronicandmechanicastructures,
sugical procedureplanningand simulation, etc.

Someexisting planning algorithmscomputea path by
exploring the spaceof all valid con gurations of a robot.
However, whenthe robotis e xible or can easily change
its shapethe dimensionalityof its con guration spacecan
becomeextremely large. Even a simple discretizedde-
formableobjectcanhave hundredsof degreesof freedom.
As aresult,the algorithmsfor rigid robotsare not directly
applicableto deformablerobots.

Main Results: One of our major goalsis to investicate
anddevelop physically-basednotion planningmethodsfor
generaldeformablerobots. More speci cally, we address
the following modi ed motion planningproblem:Given a
robot which deformsin a physically realistic mannerand
anervironmentwith mary staticobstacles,nd apathfrom
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Fig. 1. TheBall in Cup Scene:The goal is to plan a path to
move the ball into the cup. Sincethe cup's rim has about the
samediameteras the ball, a deformationon the ball simpli es
the path planning The image, geneated by our planner shows
the path of the deformingball as it movestoward the center of
the cup.

aninitial con gurationto a nal con guration.In addition,
we would like to designa plannerto be as efcient as
possible.

Our approachis built upon constaint-basedplanning
We use the probabilistic roadmap(PRM) plannerfor a
point robotto generateaninitial trajectoryandincorporate
physical constraintfrom modeldeformationto controlthe
motion of the robot. The initial trajectorymay have colli-
sionswith the obstacle We useconstraint-basedynamics
to simulaterobot deformationand make appropriatepath
correctionsto computea collision-freepath.

It is possibleto substituteary otherroadmapgeneration
algorithmto replacePRM in our framework. Currently we
use non-penetratiorand volume preseration constraints
for the deformablerobot, so that the robot will deform
as it comesin close contact with the obstaclesin a
physically plausiblemannerIn orderto achieve interactve
performancewe relaxthe strict globalvolumepreseration
constraintby implementinga local method that sets a
thresholdon the amountof deformation(e.g. elongtion
or compressionjand on internal pressure uctuation. We
demonstratehe performanceof our planneron different
scenariof varying compleity.



Organization: The rest of the paper is organized as

follows. Section 2 discussesrelated work. We give an

overview of our approachin Section3. Section4 presents
the plannerin more detail and Section5 describesthe

algorithmfor modelingrobotdeformationIn section6, we

discussvariousimplementationissuesand highlight some
experimentalresults.

Il. RELATED WORK

In this section,we give a brief overview of prior work
in randomizedmotion planningalgorithmsanddeformable
models.

A. Randomizedvotion Planning

The motion planning problem has been well studied
in robotics and computationalgeometry for more than
three decadeq1]. The compleity of exact or complete
algorithms is exponential in the number of degrees of
freedomof the robot. As a result, most practical planners
are basedon spatial subdvision of workspaceor con g-
uration spaceinto cells [2], potential eld methods[3] or
randomizedsampling [4]. In particular the probabilistic
roadmapplanners(PRMs) have beensuccessfuin solving
mary dif cult instance®f the motion planningproblem.A
PRM plannergeneratesamplesat randomin con guration
spaceattemptingto connecteachsampleby a simple C-
spacepathto one of the samplealreadyfound. Over time,
the graphthusproducedendsto representhe connectvity
of the C-spacereasonablyvell, anda querycanbe rapidly
performedby linking the searchpoints to the graphand
thensearchinghe graph.

Many algorithms have been proposedto improve the
performanceof PRM plannersin terms of developing
better sampling stratgies and handling narrav passages
[5], [6], [7], [8]- Most of theseapproachesre limited to
rigid or articulatedrobots. Over the last few years,some
algorithmsfor motion planningof deformablemodelshave
beenproposedHollemanetal. [9] andLamirauxetal. [10]
presenteda probabilistic plannercapableof nding paths
for a e xible surfacepatchby modelingthe patchasa low
degree Bezier patch. Anshelerich et al. [11] presenteca
path planningalgorithmfor simple volumessuchas pipes
and cablesby usinga mass-springepresentationBayazit
et al. [12] describeda two-stageapproachthat initially
computesan approximatepath and re nes the path by
applying free-form deformationto the robot.

B. DeformableModels

Deformablemodelshave beenwidely usedin computer
graphics, computervision, medical imaging, physically-
basedmodeling and related areas[13], [14]. They have
beenusedfor shapeediting and analysis,computerani-
mation,objectreconstructionimagesegmentationtraining
systemsand simulation. Someof the simplestdeformable
modelsdo not take into accountphysical propertiesand

are basedon functional deformation[15] and free-form
deformation[16].

The simplest physically-baseddeformablemodels are
basedon a mass-springystemwhereanobjectis modeled
as a collection of point massesconnectedby springsin
a lattice-like structure.The spring forces may be linear
or non-linear and mass-springmodels are widely used
in computeranimation.In practice, mass-springsystems
are easyto constructand can be simulatedat interactve
rateson currentcommodityhardware.However, the choice
of spring constantsused in the simulation can become
a major issue. Moreover, the underlying discrete model
can becomea poor approximationof the actual physics.
More accuratephysical models treat deformableobjects
as a continuum,i.e. solid objectswith massand enegy
distributed throughoutand the continuummodelsare de-
rived from equationsof continuummechanicsOne of the
most commonly used continuousmodel is nite element
methods(FEM). The objectis decomposednto elements
joined at discretenode points and a function that solves
theequilibriumequations computedor eachelementThe
computationatequirement®f FEM canbe high andit can
be dif cult to usethem for real-time applications.Other
continuum models include Snales [17] and discretized
deformationenegy models[13].

I1l. OVERVIEW

In this section we introducethe notationusedin therest
of the paper andgive an overview of our constraint-based
planningframework.

A. Notationand De nitions

The deformablerobot, R is representedsatime depen-
dentsetof massesm;, connectedy edgesg;, 8i; 1 i
N and8j;1 j M, whereN representshe numberof
nodesandM is the numberof edgesdescribingthe robot
R. Eachmasshasan associatedtatevectors; = (X;; Vi),
representingthe current position and velocity of each

collectively representghe robot's shapeand position at
time t.

Using this representatioras a discreteform of FEM,
we can representthe state of the robot as S(t) =

connectvity of the robot does not change during the
simulation, so eache; will remainthe samethroughout
the planning process.Each edge has an associatedtress
value and threshold,stress and , respectiely. We use
these values to implement volume preseration for the
deformablerobot.

We alsode ne a deformationenepgy function E (X) of
the robot. E (X ) simulatesthe potentialenegy of elastic
solids,andis a measuref the amountof deformation.The
robot canbe interactvely deformedas contactsoccurwith
the obstaclesin the environment. This deformationmay



changethevolumeV (X)), aswell astheenegy E(X). To
simulatephysically plausibledeformation,we needto nd
anew con gurationof X , thatpreseresthetotal volumeof
the deformedrobot, while minimizing the the total enegy
of the system.

We assumethat the setof obstaclesn the ervironment
arerigid andthey arerepresenteésO = fo0;;0;:::g in
the workspace,W. Our roadmapG consistsof a set of
milestonesN = fngy;::;nig, andlinks, L = fly;:::;1kQ,
which form a graph-like structure(i.e. G = fN;LQg).
A path, P along this roadmapis a sequenceof valid
milestoneghat are connectedy valid links.

Problem Formulation: Giventhesede nitions, we restate
our problem as: Find a sequentialset of robot con g-
urations X (t1);::;; X (ty) such that no X (tj) intersects
ary obstaclein O and X (tj) satis es the non-penetration
and volume preseration constraints,where X (t;) is the
initial con guration of the robot, and X (t; ) is the nal
con guration.

B. Constained-BasedPlanning

Garber and Lin proposedto reformulate the motion
planning problem as simulating a constraineddynamical
system, called “constraint-basedmotion planning” [18].
This formulationis dueto the closeresemblancéetween
motion planning and the boundaryvalue problem, where
the boundaryconditionscan be mappedto the initial and
goal con gurations of the robot as a dynamical system.
Theplanningalgorithmis usedto computetheintermediate
statesthatlink the two andsatisfythe constraintdmposed
on the dynamicalsystem.

The key differencesbetweenthis approachand existing
geometrictechniquess that motion planningis no longer
treatedas a purely geometricproblem. With this frame-
work, we canautomaticallyincorporatehe mechanicahnd
physical propertiesof the robotsand obstaclesin addition
to their geometricdescription. This framework is based
on constraineddynamics[19] used for physically-based
modeling,whereconstraintsare enforcedby virtual forces
imposedon the system.By combining these constraint
forcesinto a simulationframenwork, the constrainealynam-
ical systemcanguidethe robotto follow theseconstraints,
suchasvolume preseration constraintsat eachtime step,
which can lead to a path toward the nal con guration.
An overview of the framevork and the computationof
constraintforcesis shavn in Fig. 2. We refer the readers
to [18] for more detail.

C. Extensionto DeformableModels

In the earlier work on using constraint-baseanotion
planningfor articulatedrobotsin a dynamicenvironment,
eachrobotis treatedasarigid body, or a collectionof rigid
bodiesandis moved subjectto differenttypesof constraint
forces[18]. In this paperwe introduceconstraintsiesigned
to guide the deformablerobot through the ervironment

Fig. 2. Constaint-BasedMotion Planning Framevork: C; are
constaints, S; are different types of constaint solves. Eact
virtual force f ¢ is introducedto the simulationsystemthrougha
enegy function E (Ci (q)) associatedwith the constaint C; (),
whee g representsa con guration.

to the desiredgoal con guration. Using global analysis
from ary roadmapalgorithm (e.g. PRM) to computea
possiblepath for a point robot, we de ne both geometric
and physical constraintsthat move the deformablerobot
to avoid both staticand moving obstaclesandalsofollow
an estimatedpath to the goal. This approachtransforms
a motion planning probleminto one of de ning suitable
physical constraintsand then simulating the deformable
body dynamicsof the scenewith each constraintacting
asa virtual force on the robot.

Guiding Path: Our framevork allows the use of ary
estimatedpath computedby either quick global analysis
of the erwvironment,suchrandomsampling[4], [8], [20] or
userguidedinput [21].

Constraints: To achieve the desiredresultswithout ro-
bustnesgroblems,we further classify the constraintsnto
soft and hard constraintsand treat them differently Hard
Constaintsarethosethatabsolutelymustbe satis edatev-
ery time stepof the simulation,suchasnon-penetratioand
volumepreserationconstraintsA wide rangeof constraint
solersexiststo nd the solutionsfor hardconstraint418].
SoftConstaints sene asguidesto encourageor in uence
the objectsin the sceneto behae in certain ways, such
asmoving along a certainpath. They are simulatedusing
penaltyforces. The estimatedpath will be usedas a soft
constraintto guidethe planningof the deformablerobot or
a rigid robot moving through a deformableervironment.
Our proposedalgorithm will computethe new path by
taking into considerationthe interaction of the e xible
robot with the obstaclesn the workspace.

Proximity Queries: We can also take adwantage of
methodsproposedn [22], [23] thatusesgraphicshardware
to quickly perform proximity querieson the workspaceor
to provide dynamicallyupdateddiscretizeddistance elds
for obstacleavoidanceinvolving deformablemodels.
Discretization of Continuum: As for modeling the
deformationof the robot or the ervironment, there exists
mary possible approachesFor example, these may in-
cludephysically-basedfree-formdeformation(FFD), mass-
spring systems,boundary element methods(BEM), and



nite elementmethods(FEM). For coding simplicity and
runtime performancewe chosean implementationbased

on the spring-massystemto validateour basicapproach.

However, we can easily incorporate ary discretization
techniquewith this algorithmic framework.

IV. ALGORITHM

Our algorithm consists of two phases:(a) off-line
roadmapgenerationand (b) a runtime path query phase
basedconstrainedlynamicsimulation.The plannerfollows
the basicstepsbelow:

1) Roadmap Generation: Createa roadmap,G =
fM;Lg of the environmentwith a point robot

2) Path Estimation: Find aninitial pathP in G from
the initial to goal con guration.

3) Path Query: While the robot is not in its nal
con guration

a) Take a stepin the simulation,andsett = t+ h
b) If constraintsaarenot satis ed asa resultof this
simulationstep

Perform a roadmap pruning step and
correctthe robot's motion

A. RoadmapGeneation

As describedearlier the goal of this phaseis to create
the setM of milestonesandsetL of links. For the sale
of simplicity and ef ciency, we treatthe robot as a point
robot. This stratgy for simplifying the problemmalkesthe
generationof eachmilestonesimple and quick.

Like a standardPRM, we can set milestonesto be
randomsamplesof the con guration space.For eachm;,
we rst determingf it is avalid milestoneby performinga
very quick checkto determineif it is inside ary obstacle.
Then,we can nd either the nearestk milestonesor all
milestonesthat are within somesearchradiusof m; and
placetheminto a set,N, of neighboringmilestones.For
eachmilestonem; in N, we determineif there exists a
straight-line path from m; to m; that doesnot intersect
ary obstaclein O. If sucha pathexists,we adda link, I,
from m; to m; to L. We alsointroduceextra milestones
for the initial and nal con gurations, perform link tests
on these,andaddthemto the roadmapBYy repeatingthese
stepsfor someuserde ned numberof milestoneswe can
quickly generatea roadmapfor the point robot.

It is likely that the initial roadmap generatedcould
causethe restingstateof the robot to be intersectingwith
the ernvironment. If the robot must reach one of thees
milestonesduring the simulation, it is possiblethat the
robot will have to deformto reachthe goal con guration
subjectto the physical constraint.In caseswhenit cannot,
the edgeslinking to this milestonewill be pruned away
andthe plannercanlook for anotherpath.

Onepotentialdravbackto this methodis thatthe result-
ing pathmay not be a minimal enegy path.This caneasily
be accomplishedy computingthe minimal distancefrom

anobstacleto the link andweightingthe links accordingly

Sincethelargestdeformationsaremostlikely to occurnear
an obstacle,by staying farther away from obstacleswe

canreducethe enegy requiredto performall deformations
alonga path. The main bene t of computingthe roadmap
in this manneris speedand simplicity.

B. Path QueryPhase

The online path query relies heaiily on the constraint-
baseddynamicssimulation of the deformablerobot. We
startby rst generatinganinitial pathP directly from the
roadmap,G, by using Dijkstra's shortestpath algorithm.
Oncean estimatedpathis computed,we begin our simu-
lation loop with the robot at its initial con guration.

Each object is representedby some state which is
typically a tuple of attributeslike positionor velocity. For
rigid objects,the statecanalsoinclude angularorientation
and angularvelocity. By using the state representations,
we solve motion equationsusing various numericalmeth-
ods to determinethe next step. Typically, these motion
equationseither include or can be augmentedoy adding
various forces. The forces can representconstraints,col-
lision impulses,or other external forces like gravity. By
incrementallytaking simulationstepsandsatisfyingproper
geometric, physical and mechanicalconstraints,we can
control and in uence the motion of the object as the
simulationstepsforward toward the goal con guration.

The robot itself hassomebuilt in constraintsjncluding
a hardnon-penetratioronstraintwith obstaclesanda hard
volume preseration constraintwhich, however, is loosely
approximatedn our currentimplementation(seethe next
section).It also maintainsa soft path-folloving constraint
and enegy minimization constraintthat essentiallytries to
keepthe robot at its equilibrium state.

Given the set of constraintswhich are treatedas vir-
tual forces in the system, each simulation step is then
solved using numerical methodsto adwance toward the
goal con guration. The following fragmentshaws a single
simulationstepor a path query stepfor our planner

For eachsimulationor path query step:

1) Accumulateall externalforces,F. (e.g.gravity).

2) DeformtherobotR (asdescribedn the next section)

3) Computeconstraintforces,F.

4) Givenall forces,solve the Ordinary DifferentEqua-

tions describingthe dynamicalsystem

5) If constraintsare not satis ed,

a) Setthe lastvalid milestoneasthe next destina-
tion

b) Remawe the currentedgein the roadmap

¢) Find a new path from the last valid milestone
to the goal

d) Computenewn constraintforces and solve the
ODE, usinglast stateof the robotR andF¢

6) Set the next robot state to be the current ODE
solutionandsett = t + h



Fig.3. A simpledeformablerobotin restingcontactwith a plane
The left is the wireframed(mass-spring)attice of the image on
the right.

This fragment is repeateduntil we reach the nal
con guration. This simulation framewvork generatesobot
motionsthat look physically plausibleat a relatively fast
rate.The processingf the deformationis animportantstep
and alsoone of the mostcomputationallyexpensve steps.
We will describeit next.

V. ROBOT DEFORMATION

We representthe deformablerobot as a mass-spring
system.n principle,a mass-springystemis a setof point-
massesthat are connectedin a lattice by an underlying
spring structure(seeFig. 2). As in our deformablerobot
statethatis associatedvith eachmassm;, is the states; =
(xi;Vv;). By aggreating the x;'s into a vector X , we get
a 3N -dimensionalsystemwhosemotion can be described
by the following second-ordedifferential equation:

Mx+ Cx+ Kx=F;

whereM andC arediagonalmatrices,andK is a banded
matrix. Thei" diagonalelementof M is simply the value
of m; and similarly the i" diagonalelementon C is a

dampeningconstantfor the massm;, which is usually
assigneduy the user K is bandedsinceit mustrepresent
springforceswhich arefunctionsof distancebetweentwo

massesF is a 3N -dimensionalvectorwhich includesthe

external forcesactingupon eachmass.

A. DeformationEnegy Function

The elasticdeformationenegy measureshe amountof
deformation.The deformationis essentiallylocal stretches
in variousdirections.If the motionis simply a rigid trans-
formation, meaningthatit preseresthe distancedetween
all particles(no stretches)the enegy must be zero. The
local deformationis governedby the deformationgradient.
The right Caucly-GreentensorC = FTF measureghe
length of an elementaryvector after deformation,and is
insensitve to rigid body transformations.

Let E(X) be the enegy densityfunction of an elastic
solid undepgoing deformation.The total enegy is obtained
by integratingE (X ) over the entirevolume of the solid. E
canbe expressedas a function of the right Caucly-Green
tensorC for elasticmaterialsunlesszeroE is allowed for
a non-rigid transformation(spuriouszero-enggy mode).

In fact, the simplestlaw usesa quadraticfunction of the
right Caucly-GreentensorC [LeTal94]. SinceF andC are
a linear and quadraticfunctionsof X respectrely, E is at

leasta quartic function of X. We have chosenthe enegy
function of a springnetwork that connectghe neighboring
nodes.The enegy function can be written as:

X

E«(X)= SGidj L))
i
wherej is theindex of aspringandL; is thenaturallength
of the springandd; is the distancebetweentwo nodesx;
andxy connectedy the spring.
Basicallywe would like to nd X by solving

min E(x) subjecttor V(X)

Here we relax the hard volume preseration constraint
by allowing the changein volume to be less than a
given tolerance . This problem can be solved by using
a global constrainedminimization technique.Our current
implementationusesa local methodthat checkswhether
the internal pressureuctuation is boundedandthe defor

mationat eachedgee; doesnot exceedcertainpre-de ned
tolerance(i.e. stress < ;) to achieve the sameeffects.

B. WolumePreservation

Onelimitation of the mass-springystemis the dif culty
to represenbbjectswith sharpedges.A possiblesolution
would be to add extra angularsprings.In orderto achieve
a similar effect and satisfy the volume preseration con-
straint, we rely on the ideal gas law. By de nition, the
force dueto pressureon a surface,Fp, hasthe magnitude:

Fp = PA

where P is the total pressureinside the object, A is the
surface areaand F, hasthe samevector direction as the
facenormalf pointing away from the surface.To quickly
approximatehe pressurensidethe object,we usetheideal
gaslaw:

PV = nRyT

whereV is the volume of the robot, n is the numberof
moles of gas, Ry is the universal gas constantand T is
the temperaturef the gas.For ary given situation,we can
setnRyT to be a userde ned constantsinceit shouldnot
vary within the simulation.The remainingunknawn in this
equationis the volume of the robot.

C. WolumeComputation

To computethe volume, we breakthe spaceinto trian-
gular prisms. Eachprism is formed as the sweptvolume
from the triangle to its projectionontothe X Y plane.
To nd the volume of the prism, we multiply the average

heightby the areaof the projectedtriangle. Or:
X
V= Apaseh;

where 1
Abase = E((pZ p1) (Ps P1)):



and
_ (p1+ p2+ pa),
=g

It is importantto notethat PV is a constant.Thus, if
P doesnot vary much, thenV would not changemuch
either

h

D. DeformationStep

Oncewe solve for P, we cancomputeF, for atriangle.
By computingthis quantity for each mass,we obtain a
simple simulationof pressurdn a soft object. The follow-
ing codefragmentshaws theloop involved in handlingthe
deformations:

1) Performcollision detection
2) Handle ary collisions to enforce non-penetration
constraint
3) Accumulatethe springforces,Fq
4) Computethe volume,V of the object
5) SetP = nRyT=V
6) For eachfacef on the objects geometry
a) SetF, = PA
b) For eachvertex v of f
Find the pressurdorceson v by adding
Fp divided by the numberof facesinci-
dentalto v.

Sincea collision canresultin penetrationit is important
to checkfor contactsduring the simulation.For robustness
of the implementationwe considerthat the robot is col-
liding with an obstacle,f the robotis within toleranceto
an obstacle or whenthe robot hasactually intersectedhe
obstacle.

To acceleratethe collision detection,we imposea uni-
form grid aroundthe workspaceThe sizeof grid cell is set
to be the size of the longestedgeof the deformableobject
in its minimal enegy state.With this setting,in mostcases
we only have to checkeight grid cells per step.Then,we
can perform a standardcollision checkbetweenthe robot
andthe obstaclesn thesecells. Collision responsés then
performedbasedon if the collision resultsfrom edge-edge
intersectionor point-faceintersection.

Taking discrete time steps can occasionally lead to
situationswherethe object penetrate®r intersectsone of
the obstaclesjf it is moving fast enough.We can handle
this situationby performingbacktrackingin time andthen
applying the collision resolutionstep.

One of the featuresof this simulation-basedpproach
is that it maintainsseveral of the hard constraintsauto-
matically In particular the non-penetratiorconstraintis
performedby collision detectionand contactresolution.

VI. IMPLEMENTATION AND RESULTS

We have implementedand testedthis algorithm on a
laptop with a 1.5 GHz Pentium-M processqr512 MB of
main memory and a 64 MB ATl Radeon9000 Mobility
graphicscard. To test the effectivenessof our algorithm,

Fig. 4. Soft-bodyrobots with varying internal pressues. The
leftmostrobot has a relatively low pressue, while the rightmost
hasa fairly high pressue. Themiddleimage hasa pressue value
in betweerthe other two.

Fig. 5. Theresultsof a simple test ervironment.The robot is
shownin wireframe andis deformingbetweersomeof the larger
sphees.Ead of thelarger spheesare stationary rigid obstacles.

we appliedour plannerto various scenarioghat evaluate
differentaspectof the planner They are asfollows:

Ball In Cup - The simplestof the scenarios,this
ervironmenthasa spherical,deformablerobot which
must nd its way into a cup. The cup's rim hasbeen
adjustedso that the ball will barelybe ableto t in,
andwill thushave to deformto do so. (SeeFig. 1)
Many Spheres - This is primarily a test on how
varying degreesof geometriccomplity affects the
performanceof the planner The environmentis com-
posedof a collection of spheresof varying positions
andradii. A spherical,deformablespheremust move
throughthesesphereso reacha goalin the opposite
cornerof the space.(SeeFig. 5)

Walls with Holes - Basedon one of the Parasol
Motion Planning benchmarkd25], this scenehas a
sequenceof four walls, eachof which has a small
hole. In orderto reachits goal, the robot must make
its way through each hole. We modi ed the model
to have a wide, exible cylindrical robot that either
cannot,or barelycan, t throughthe holes.It is wide
enoughthat nding acollision free pathwould bevery
dif cult, if notimpossible,f the robotwasrigid. The
goal of this scenariowasto t a deformablerobot
througha small space.(SeeFig. 6)

Tunnel - This is also basedon a Parasol Motion
Planningbenchmarl25]. The scenecontainsa small



Scenario| Obstacle| Robot | Path | Total Average
(tris) (tris) Est. | Sim. Step

time | time time
(sec) | (sec) (sec)

Ball

In Cup 500 320 1 415 0.015

Sphere

World 3200 320 1 333.16 | 0.077

Holes

In Walls | 216 720 48 605.958 | 0.037

Tunnel 72 720 575 | 833.24 | 0.068

TABLE |
This table highlightsthe performanceof our plannerrunning on
a laptop with 1.5GHzPentium-4processarWe highlight the
geometriccompleity of the ervironmentin term of the number
of triangles.We also report the high-level path geneation time
and simulationtime Thelast columnreportsthe average time
taken per simulationstep.

tunnelwith two bendsin it. Like in the Walls bench-
mark, we augmentthe model by having a robot that
is both long andwide. Theseconstraintsvould malke
it impossiblefor a rigid robotto nd a collision-free
path.This scenaridestedthe planners ability to force
the robot to bend and deform aroundsharpcorners.
(SeeFig. 7)

Resultsfrom eachof thesetestscan be seenin their
associatedgures and are also summarizedin Table I.
The rst two columnsof the table describethe geometric
compleity of the scene,for both the robot and the ob-
stacles.The next columnsgive performanceaesultsof the
plannerby highlighting the time spentin various stages.
One column gives the time the planner spentin high-
level path generation,and the next gives the total time
the plannerspentin simulation steps.Lastly, we give an
averagesteptime for eachsimulationstep.

Taking differencesof systemsinto account,the average
steptime reportechereis comparabldo thetime to process
purely geometric deformations(basedon FFD) usedin
other plannersfor deformableobjects[12]. However, our
techniquealsotakesinto accountthe physical constraints.

As can be seenfrom the table, the bulk of the time is
in the simulationsteps.Thesestepsinclude the force cal-
culation, collision resolution,establishingconstraintsand
solvingtheresultingsystem Our currentimplementatioris
not optimizedandthe performanceof eachof thesestages
canbe further improved.

VII. ANALYSIS AND FUTURE WORK

In this paper we have presenteda new framework for
motion planningof deformablerobots.We usea constraint-
basedplanningalgorithmand imposenon-penetratiorand
volumepreservingconstraintsalongwith enegy minimiza-
tion. Our approachis applicableto all robotsthat can be
represente@s closedobjects.Our framewnork canuseary
roadmapgenerationalgorithm, as well as ary discretized

deformationmodel.We have appliedour algorithmto four
differentscenariosandthe initial resultsare promising.

Our approacthassomelimitations. It currentlydoesnot
have the ability to include differential constraintson the
robot's motion. Its motion is determinedentirely by the
soft-constraintwhich moves it towards the goal and the
responsdo otherexternalforcesandcollisions. Moreover,
our robot is restrictedto a closed shape.Our planner
useslocal techniqguesto computea trajectory and cannot
guaranteea physically plausible motion and deformation
for all cases.

There are mary avenuesfor future work. In order to
incorporatedifferential constraintswe would like to use
RRT algorithm [20]. Also, with the recentadwancesin
graphicshardware, graphicsprocessingunits (GPU) have
extra featureswhich could be very useful for accelerating
the performanceour planner Moreover, GPU basedinter-
sectionor visibility computationsanbe usedto accelerate
link queriesand collision detectionandthe plannercanbe
usedin more comple environments[26].

Currently the coefcients usedin our plannerare esti-
mated empirically We would like to obtain better coef-
cients throughphysical measurementdMe would like to
further comparethe resultsof our plannerwith realscenar
ios andevaluateits effectivenessFinally, we would like to
extendthe plannerto ervironmentswherethe obstaclesire
non-rigid or moving, aswell asbettermodelingof friction,
sliding androlling contactsbetweendeformablesurfaces.
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