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Abstract

Though motion planning has been studied extensively 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 environments.

In particular we apply a deformable model to the robot and obstaclesin the environment and we presert a
kinodynamic planning algorithm suited for this type of deformable motion planning. The planning algorithm

is basedon the Rapidly-Exploring Random Tree(rr t) path planning algorithm. To the best of our knowledge,
this is the rst work that plans paths in totally deformable environments.



Figure 1: Barriers Environment. Both the robot (the cube) and the obstacles(the plate barriers) in this environ-
ment are deformable. This image sequencds shown from left to right and from top to bottom.

1 Intro duction

The type of deformable motion planning addressedhereinvolvesplanning paths in environments where the robot
and obstaclesare extremely exible. Many situations arise where the environment can consist of elastically
deformable objects. Examples of this type of planning could range from planning a path to move a mattress in
a houseor surgical applications. Motion planning for highly deformable objects is a problem that has received
very little attention although it is important to be able to solve these problems.

One way to approximate exibilit y that has beenstudied in motion planning is to approximate the robot as
an articulated robot, a linkageof rigid bodies. While this represenation is su cien t for sometypesof situations,
such asmany industrial settings, a more exible represetation is neededfor problemsthat require robots to have
larger deformations and for problemsthat require not only the robot but the obstaclesin the environment to be
deformable.

Unlike planning paths for articulated robots, deformable motion planning involves the planning of feasible
paths for objects that can completely change their shape depending on the interaction with the environment.
Examples of this include planning for elastic or air- lled objects, metal sheetsor long exible tubes. Moreover,
for sewral cases,sud as virtual surgery applications, it is important to be able to model ervironments that
include both rigid objects, which could include bonesand surgical instruments, and deformable objects, which
could include soft tissue, exible cartilidge or exible tubes.

Other applications of deformablemotion planning include computer graphicsand games. Motion of deformable
objects in these areasis mostly generatedusing simulation becausemanually generating natural-lo oking defor-
mation is extremely di cult and time consuming, even for an expert. On the other hand, it is also di cult
to cortrol the trajectory and the nal resting location of a simulated deformable object. Naturally deformable
motion planning can provide an intuitiv e and interactive tool to corntrol the motion of deformable objects by
allowing the usersto set start and (intermediate) goal con gurations.

Issues. One problem facing motion planning for deformable objects is having a (deformation) model that
accurately re ects the physical properties of objects while maintaining the e ciency of the planner. As we have
seenfrom the previously proposedmethods, it is a di cult problem to maintain both properties. For example,
a planner that usesa physically correct deformation model can be very slow [1] and a planner that usesonly
geometricdeformations canresult in unnatural motion [3]. The conceptof visually plausible deformation hasbeen
usedin planning motion for deformable objects to acceleratethe speedof the planner [3,5]. An aspect of visually



plausible deformation that has not beenaddressedbut needsto be is how well a deformable model presenesthe
volume of an object undergoingdeformation. Another issuethat should be consideredwhen selectinga deformable
model is how important it is for the model to handle varying material properties.

The workspacesstudied in most previouswork generallyinclude only static and rigid obstacles. While problems
with dynamic workspacehave beenaddressedefore,e.g.,[8,12], to the best of our knowledge,there is no previous
work that plans paths in totally dynamic and deformable environments, such asunder water ervironments or the
internal body.

Our approac h. As outlined above, there is a needfor motion planning that can e cien tly generatenatural
motion for deformable robots to maneuver among obstaclesthat can be either rigid or deformable themsehes.

In this work, we addressthis problem and study motion planning problemsin highly deformable workspaces.
We represent deformable objects (robots and/or obstacles), as tetrahedral meshesand the dynamics of these
tetrahedral meshesare modeled using a Finite Element Method [22] that includes volume presenation.

The proposedmethod plans a path for the robot by iterativ ely applying manipulation forcesto the the robot
until it reachesa con guration nearthe goal con guration. While we only apply forcesto the robot, obstaclesthat
are deformable will receive external forcesthrough contact with the robot and other obstacles. Thus, ead state
of the problem spaceconsistsnot only of the position and velocity of the robot but the positions and velocities
of the obstaclesaswell. Figure 1 shaws a sequenceof imagesillustrating a solution path found by our planner in
a highly deformable ervironment. As far as we are aware, this is the rst work that plans paths in this type of
ervironments.

Outline . This paper is organizedasfollows. In Section 2 we discussrelated work. An overview of our method
is described in Section3. The deformablemodel we useis described in Section4, planning is discussedn Section5
and nally we will closewith results and discussion.

2 Related Work

There have been a number of deformable models developed. The goal of studying these models is to obtain
a deformable model that can accurately re ect objects with varying properties. In this section we will give an
overview of somedeformablemodelsthat have beendeveloped, mostly in computer graphics. We will then discuss
someattempts that have beenmade at deformable motion planning.

2.1 Deformable Mo dels

Deformations which do not addressphysical properties include functional deformations (scale, bend, twist) [2]
and free-form deformation [21]. Mass-spring, Finite Elemert Methods and point-based systemsare among the
most commonly usedstrategiesfor building deformableobjects with physical properties. Details of thesemethods
are described below. While it is impossiblefor us to provide a complete review of work on modeling deformable
objects here, se\eral surveys are available on this topic [6,20].

Mass-spring . Mass-springsystemsare one of the most common forms of deformable models. In mass-spring
systems,objects are modeled as interconnected points connectedto ead other by springs [6]. These springs can
either be modeled as linear or nonlinear springs for varying material e ects. This type of system often results in
\sti " equations causingstable numerical integration to be di cult.

FEM based systems. In recert years, sewral Finite-Element Method (FEM) based deformation models
have beendeweloped [9,18,22]. Using an FEM-based system, objects are divided into a set of discrete geometric
elemers in order to approximate the volumetric structure of the object. Various deformation models can be
applied to these meshesthat are usedwith the nite elemen method. A strength of FEM baseddeformation is
that they can handle large deformations.

Point-based systems. Somemeshfree models have also beendeveloped [17,19]. These mesh free methods
usemodelscomposedof points or particles and perform the deformation on thesepoints. Various object properties
have beensimulated in this way including elastic, plastic and melting properties.



2.2 Deformable Motion Planning

Motion planning for deformable objects is not new. The methods described below all require the ervironment
to be static and are all extensionsof the Probabilistic Roadmap Method (prm s) [11], which sampleand connect
random con gurations in the (reduced) con guration spaceof the robot. The f-prm framework [1,14] has been
proposedfor planning for models using physically correct deformations. f-prm usesa variation of a mass-spring
system that attempts volume presenation by minimizing the energy in a deformed state. Due to expensivwe
operations for solving mecanical models and generating collision detection data structures, their planner is not
suitable for real-time useand hassofar only beenapplied to simple objects, such asa sheetof metal or a pipe-like
robot.

A prm-basedmethod for path planning using geometric deformation is proposedin [3]. In this work a more
e cien t planner has been proposed by considering only geometric deformation that does not require volume
presenation. The problem with this approad is that it could result in unrealistic deformation and hence,
simulated paths that would not make sensein the real world.

Another attempt at motion planning for deformable robots in a static ervironment was preseried in [5]. The
planning was done using prm s with a point robot and the deformation model was a variation of mass-spring
systems. The scheme preseried for volume presenation is not suitable for large deformations which would be
apparert in situations wherethe robot is required to fold or benddramatically. Analysis of the volume presenation
schemewas not preseried.

3 Overview

The motion planning problems that we are interested in for this work can typically be stated as follows: given
a workspace, the objective is to nd a sequenceof forcesto move a deformable object (robot) from its start
con guration to its goal con guration amonga set of rigid or deformableobstacleswithout intro ducing unrealistic
deformations. In addition to the manipulation forcesgeneratedby the motion planner, the motion planner hasto
deal with other forcesthat are de ned by the system, e.g., gravity, and thosethat are intro ducedby deformations
and interactions amongrobots and obstacles,e.g., volume presenation and collision responseforces. Figure 2(a)
illustrates 5 typesof forcesthat can be applied to deformable robots and obstacles. It is these forcesthat bring
the state of the system forward. Details of the deformable model and how these forces can be generated are
discussedin Section 4.
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Figure 2: (a) Forcesthat can be applied to both robots and obstacles.Fy, Fp, Fy, Fm and G are volume and
distance presenation, collision response,manipulation, and gravity forces,resp. Fy is always zerofor obstacles.
(b) llustrations of how an rr t expandsduring planning. A state S(t) is brought toward a randomly sampled
point x by applying forcesF(t) to robots and obstaclesfor a certain amourt of time dT;.

Becauseboth robots and obstaclescan be deformable in our system, a state S(t) of the system at time t
contains the position and velccity of all movable vertices. These states 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 constructed using the Rapidly-Exploring Random Tree (rr t) [13,15] approact
by iterativ ely sampling a random position x in workspaceand manipulating the state with the robot closestto x
towards x for a certain amourt of time. Details of our planning method are discussedin Section 5.

By kinodynamic planning usingan rr t , we are able to accurately plan paths in thesedynamically deformable
ernvironments. The prm framework that hasbeenusedin all previous work, described in Section 2.2, is generally



not suitable for represerting and handling the dynamic nature of deformable objects. This is becausethe current
shape of the objects not only dependson the current state of the system but also depends on previous system
states.

4 The Deformable Mo del

The deformable model that we have chosento work with comesfrom [22]. This is an FEM-based system that
considersenergiesthat the model usesin order to stabilize the system. Objects in the environment are considered
to be represerted in the form of tetrahedral meshes. More information for this model will be described in the
following section. We will alsodescribe the collision detection [23] and responsesystems[7] usedin the framework.

4.1 Mo del

where p; are masspoints in the tetrahedral mesh. Forcesare derived from the energy constraints that are of the
form

1
E(PoiiiiiPn 1) = EkC2 1)

wherek is the sti ness coe cien t for the given constraint C. A force F', for a given masspoint p; and constraint
C, is derived from the energy constraint resulting in

QE = kC@ (2
@; @;

At ead time step the forceson ead masspoint are found and usedfor numerical integration, which is described
in Section4.2. Although three constraints were described in [22], we will only describe the distance and volume
preserving forces used in our model. Surface area preserving forces are omitted since they are most useful for
planar tetrahedral mesheswhich we do not use.

Distance PreservingForces. A distance preserving potential energyEp is usedto maintain distancesbetween
connectedmasspoints in the tetrahedral mesh. The distancepreservingpotential energyusesthe distancebetween
neighboring masspoints at a giventime and the distancein the undeformedstate to compute the potential energy
at that time. This energyis given by
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The purposeof this forceis to restore the distancesof deformed links to their original lengths. Damping, which
greatly improvesthe numerical integration, is also usedfor the distance preserving forces,as described in [22].
Volume Preserving Forces. Volume presenation forcesare computed in a manner similar to distance preser-
vation forces. The energy constraint for ead tetrahedron is given by Equation 4. V; is the initial volume of the
tetrahedron being consideredand the force computed will restore the volume of a deformed tetrahedron. This
force will alsowork to restore the volume for inverted tetrahedra [22].

Ev (pi; PPk Py) =
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The forcespreseried to presene distance and volume of a tetrahedral meshwill work on deformedtetrahedral
meshesin order to restore the tetrahedral meshto the original shape. By varying parameterskp and ky , various
material properties can be simulated. The complexity of the tetrahedral meshesdeterminesif the deformable
model can be usedin real-time.




4.2 Integration

We useVerlet Integration asour numerical integration schemeasdescribed in [22] and shown in Equation 5. This
method was shown to be stable and fast. The speed comesfrom only having to compute the forcesF(t) once
per time step. F(t) is the sum of Fp (t), Fy (t) and any additional external forceswhich could include gravity,
manipulation forcesor collision forces.
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4.3 Collision Detection

Collision detection for deformable objects is particularly dicult since the size and shape of the objects are
continuously changing [24]. In our motion planning library for deformable objects, we usethe collision detection
algorithm preseried in [23]. This algorithm can quickly determine collisions for deformable objects relying on
spatially dividing objects and restricting more expensiwe collision detection calls betweenobjects that are in areas
that are spatially close. This processis doneat ead time step of the simulation sincethe objects are dynamically
changing.

First in [23], vertices and tetrahedra are spatially hashed. Vertices are only spatially hashedto one hash cell
by the vertex position. Tetrahedra can be hashedto multiple hash cells depending on which cellsthe axis-aligned
bounding box (AABB) of the tetrahedron possibly overlaps. Intersection tests betweenvertices and tetrahedra
can then be done using barycertric-coordinate tests. In this way vertices can be labeled as being either collision
free or in collision. More information on handling collision vertices is described in the next section.

4.4 Collision Response - Consistent Penetration Depth

In this sectionwe give an overview of the collision responsesystemusedwhich is basedon [7]. This type of collision
response computes penalty forceswhich are basedon the penetration depth of colliding vertices. Although we
will give an overview of the system, the reader can refer to [7] for a more detailed description.

The rst stepis nding the colliding vertices asdescribed in Section4.3. After this step, it can be determined
whether or not a vertex is in collision. Basedon these colliding vertices, intersecting edgescan be found. Inter-
secting edgesare edgesthat comefrom the tetrahedral meshwhich contain onevertex that is in collision and one
vertex that is not in collision. The intersecting edgesare usedto nd the intersection point and a normal to the
penetrated surface. Next, the penetration depth and direction of all intersecting vertices is computed. Finally,
the penetration depth and directions of all vertices that were not connectedto intersecting edgesis computed.
The depths and directions of these points is computed by propagating the values of the neighboring colliding
vertices giving closer neighboring vertices more weight. We use a linear responsefunction for colliding vertices
basedon the penetration depth and direction.

5 Kino dynamic Planning

Using kinodynamic planning, we are interestedin nding a path from somestart state s to a goal state g. States
in this framework can be consideredto be

S(t) = 58 :

where x(t) and v (t) are lists of the objects position and velocities at time t. During the simulation, forcesF (t),
are usedto manipulate the deformable object, restore the deformed object to its original shape and ensurethe
deformed objects are collision free. Manipulation forcesare usedto move the object through the ervironment

and will be described further in Section5.1. Forcesusedto restore the shape and the collision-free state of the
deformable objects are Fp (t), Fv (t) and F (t) as previously described.



Our general path planning algorithm for completely deformable environments is shavn in Algorithm 1. The
manipulation forcesare usedto move the object through the ervironment, thus exploring the environment. It
is important to note that in line 12 we store the state of the deformed robot as well as the deformed state of
any deformable obstaclesin the ervironment. This makesthe complexity of the planning much more di cult.
Though, in doing sowe are able to obtain paths that look much more physically realistic. We can avoid storing
states of objects that are not deforming. These deformed states for the robot and obstaclesare restored at each
iteration which preverts discortin uities in the path.

The step sizeusedat ead iteration dT should not be confusedwith the time step, h, usedduring numerical
integration. h is usually much smallerthan dT which allows the manipulation force F (t) to be applied for many
time steps. In this way, we can grow a tree from a start state s to a state that is within a certain distance of the
goal state g.

Algorithm 1 Kinodynamic Planning for Deformable Environments

Require: atree T, total iterations |, minimum time step Tmin , and maximum time step Tmax
1: for 12 f0;1; ;g do

2: X = arandom point in bounding box or the goal position

3:  Snear = Nearest neighbor to robot COM in T to x

4:  Fu (1) = GetManipulationF orce(Snear ,X)

5. Let dT be arandom time step, where Tmin < dT < Tmax
6: Scur = Shear

7. for k2f0;1; ;dTg do

8: Fpi (t) = Calculate Penetration Forces

9: Shew = Scur .UpdateState(Fpr (t), Fm (), Fo (t), Fv (1))
10: Scur = Shew

11:  end for

12:  add Sy to T and add an edgebetween S¢,r and Spear
13: end for

14: return T

5.1 Manipulation Forces

Manipulation forcesare selectedat random depending on the weight assignedby the userto that manipulation
force. Selectinga manipulation forceto apply for agiventime dT correspondsto the function GetManipulationF orce(Snear ,X)
in line 4 in Algorithm 1. For example, we can assign higher weights to the manipulation forceswe think will
help more in the planning phase. In the following we describe the types of manipulation forcesused during our
planning.

Bo dy manipulation forcesare applied to ead vertex in the tetrahedral mesh. The forcesresult in translating
the robot by a given force vector. The direction of the force is given by the vector betweenthe random position
X in the environment and the current robot's certer of mass(COM) in Snear - The magnitude of the body force
applied is selectedat random suc that the force is lessthan a prede ned maximum force. This type of force
is useful in pushing the object to various locations in the environment and when changesin orientation are not
neededto move through a given area.

Control Point manipulation forcesare applied only to certain vertices. A control point vertex for a robot's
tetrahedral meshis selectedat random. The cortrol point, alongwith any other meshverticeswithin a prede ned
radius, have a manipulation force applied to it that is generatedin a way similar to the body forces. This type of
force is useful in changing the orientation of the object as a whole. By applying a force to only certain vertices,
the object will rotate causingthe changein the body's orientation.

Interp olation canbe usedto get from onestate in the tree to another state. Although in a generalframework
this force could be usedto transition betweenany two statesin a roadmap, we only usethe interpolation forces
to move from a state in the tree to the goal state g. This type of force will help to quickly get from the current
con guration to a state near the goal state.



5.2 Query

During the query phase,the tree is searhed for a robot state that is within a certain threshold of the goal state.
Although our current implementation usesEuclidean distance between the certer of massof the states in the
tree and the goal state, a more precisedistance metric could be used. This might involve averagingthe distances
betweenead vertex of the statesin question. When simulating the path, an interpolation force is applied at the
end of the path to allow the robot to cometo rest near the goal state.

6 Details and Exp erimen tal Results

In this section, we will discusssomeof the implementation details of our framework and presen the performance
and exibilit y of the proposedmotion planner for deformable objects under various situations.

6.1 Implemen tation Details

We generatea tetrahedral mesh of a given boundary represerted geometry (i.e., polygonal mesh) by rst using
corvex decomposition and then computing a Delauny triangulation on ead componert of the decomposition [4,10].
Although our base planner can e cien tly handle an ervironment with 2500 tetrahedra, more interesting and
realistic shapes can easily have tens of thousands of tetrahedra which becomea bottleneck of the planner's
e ciency .

In order to handle more complex geometries,we use hierarchical deformation. Hierarchical deformation has
beenshown to perform e cien tly using bounding boxesfor motion planning [3]. Instead of using bounding boxes,
we use cornvex shellsthat can tightly approximate the target shape to produce more natural deformations. More
precisely we rst approximate a shape using seweral disjoint corvex shells [16]. Tetrahedral meshesare then
generated from these corvex shells. Deformations applied to the tetrahedral meshesare indirectly applied to
the enclosedgeometry using Free Form Deformation (FFD) [21] (which computesthe global coordinates of eah
vertex x of the geometry at every simulation time step using the Barycertric coordinates of x in Xx's enclosing
tetrahedron). An illustration of this processis shown in Figure 3.

6.2 Experiment Setup

We test our deformable planner with the ervironments shown in Figures 1, 6, 8, and 10. Using these examples,
we will show that the proposedplanner can e cien tly handle large deformations, and highly dynamic situations
in complex environments with a large number of tetrahedra and triangles and with both deformable and rigid
obstacles. Details of thesetest setsare preseried in Table 1. All of our experimental results are obtained using
a notebook computer with a 1.7 GHz CPU with 1 Gb memory.

Table 1: Environmen t Prop erties and Exp erimen tal Results .

Environmen t Obstacles Total Sol. Sol.
names types Tetra | Iteration Time (min)
Barriers 1 deformable 673 500 10:34
Barriers 2 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 showsthe number of tetrahedra in the environment including a robot and obstacles. Sol. Iteration
and Sol. Time are the number of iterations to expand the tree and the time (in minutes) to solve the problem,
resp.



(1. input model) (2. convex shells)

(3. tetrahedral mesh) (4. bind input to the mesh)

(5. deform mesh) (6. deformed input)

Figure 3: Hierarchical deformation. First, convex shellsare built from the input model. Next, a tetrahedral mesh
is built from the corvex shell. Then, the input model is bound to the tetrahedral mesh. Finally, deformations
that are applied to the tetrahedral meshcan be indirectly applied to the input model.

6.3 Experiment 1: Barriers

Paths in the barriers environment result in large deformation; seeFigure 1. The obstaclesin the ervironment are
the two plates positioned on opposite walls. The obstaclesdo not have an external gravity force applied to them
and so the deformation occurs as a result of collision. The goal state of the robot (cube) is on the opposite side
of the plates from the start state. The large deformation occurs as the robot maneuwers through the plates, in
the processcausinglarge deformations.

Barriers 1 ervironment is a simpli ed versionof Barriers 2 ervironment. The simpli cation comesfrom Barriers
1 having lesstetrahedra to represen the sameobstacles. The actual workspacethat the robot travels through
is the samein both environments. Barriers 2 is one of the more computationally complex ervironments tested
due to the number of tetrahedra. As shown in Figure 4, the volume of the objects in the ervironment remains
relatively stable even during the times the obstaclesundergo large deformation. We noticed similar results in the
Barriers 1 environment with volume changelessthan three percert for all objects.

6.4 Experiment 2: Windo ws

The robot in this ervironment has seweral ways to read its goal. The ervironment consists of four chambers
connectedthrough passageof varying size. The passagevay from the start chamber to the goal chamber is smaller
than all of the other passageways connecting neighboring chambers. Also, somepoints of the obstacleare held
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Figure 4. Barriers Environment. Volume di erences of robot and obstaclesfrom their rest shape during path
traversal.

xed during the simulation to allow the obstacleor passage-wys to maintain its samebasic structure. During the
simulation and planning phases,the passageways have gravity as an external force. We allow the robot (sphere)
to be much more exible asit hasto squeezethrough ead passageway from one chamber to another. The path
obtained shaws the robot taking a path that requireslessdeformation and so, is energetically more feasible.

The volume di erence for the obstacle during the simulation of the path remains fairly constart. As shown
in Figure 5, the robot, which is very exible, usually maintains a volume di erence that is lessthan six percert.
Howevwer, there are times when the volume di erence reachesten percert.
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Figure 5: Windows Environment. Volume di erences of robot and obstaclesfrom their rest shape during path
traversal.

6.5 Experiment 3: Falling Objects

In the falling objects environment, the objects are free to fall given gravity as an external force. The robot has
to maneuwer through the opening in the falling plate beforeit reachesthe ground. The goal state of the robot
(bunny) is above the plate. The other falling object in the environment is a dragon (Obstacle 1). This is a
highly dynamic ervironment asthe robot hasto plan the path asobjects are falling, making planning much more
di cult.



Figure 6: Windows Environment. Both the robot (the sphere)and the obstacle (the wall with windows) in this
ernvironment are deformable. This image sequences shown from left to right and from top to bottom.

The volume changefor the falling plate remains closeto constart through out the simulation. Although the
volumesfor the robot and the other obstaclein the ervironment vary quite a bit, they remain within ten percen
of their initial volume. This is a good result given the amourt of collision and external forces applied to all
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Figure 7: Falling Objects Environment. Volume di erences of robot and obstaclesfrom their rest shape during
path traversal.

6.6 Experiment 4: Body Parts

The body parts environment is a simplied model of the human body consisting of a heart, lungs and a liver
which are all deformable objects. The spine is modeled as a rigid body. In this ervironment, the robot is the
heart and hasto reac a goal state in front of the lungs and liver. The lungs and liver both have xed points that



Figure 8: Falling Objects Environment. Both the robot (the bunny) and the obstacle (the dragon and the wall
with a hole) in this environment are deformableand free ying. This image sequences shown from left to right.

prevent them from moving too much in the environment although these objects do deform. The deformation of
thesehigh resolution meshesis done using FFD as previously described.

We are able to obtain a path for the heart that slides betweenthe lungs as shawvn in Figure 10. The percert
of volume changefor all the deformable objects in this ervironment is typically within v e percent. Given the
interaction neededbetweenthe robot (heart) and obstacles(lungs, liver and spine), the amount of deformation
obtained is reasonable.
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Figure 9: Body Parts Environment. Volume di erences of robot and obstaclesfrom their rest shape during path
traversal.

7 Conclusion

In this paper, we proposed a motion planning method that nds paths for deformable robots in completely
deformable environments. To generaterealistic motion, our deformable model considersvolume presenation and
our results showv that the volumes of all deformable object (including robots and obstacles)are well presened
within ten percert di erences from their rest shape. The proposedplanner is a tree-basedplanner that constructs



Figure 10: Body Parts Environment. The robot (the heart), three obstacles(the lungs and the liver) in this
ervironment are deformableand one obstacle(the spine)is rigid. This image sequences shavn from left to right.

a tree in the state spaceof the systemuntil the tree reachesor closeto the goal state. Our experiment results
shaw that our planner can e cien tly handle complex and dynamic environments with thousands of tetrahedra.
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