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Abstract

In this paper, we investigate methods for motion plan-
ning for deformable robots. Our framework is based on a
probabilistic roadmap planner. As with traditional motion
planning, the planner's goal is to ¯nd a valid path for the
robot. Unlike typical motion planning, the robot is allowed
to changeits shape (deform) to avoid collisions as it moves
along the path. We proposea two-stageapproach. First an
`approximate' path which might contain collisions is found.
Next, we attempt to correct any collisions on this path by
deforming the robot. We proposeand analyze two methods
for performing the deformations. Both techniques are in-
spired by physically correct behavior, but are more e±cient
than completely physically correct methods. Our approach
can be applied in several domains, including °exible robots,
computer modelling and animation, and biological simula-
tions.

1 In tro duction

Robot automation and motion planning have been
inseparable since the very ¯rst robot. It is common
practice to represent a robot as a set of rigid objects
connectedby joints. Although this representation cov-
ers many common situations, such as most industrial
robots, there are many caseswhere a more °exible
representation of the robot would be desirable.

Any problem that requires a robot to change its
surface or shape is almost impossible for most exist-
ing planners. Yet such problems arise naturally in
many common situations. Moving a long rod through
corridors may require the rod to bend when passing
around corners, or a robot pulling °exible sack may
require the sack to deform when passingthrough nar-
row regions. There are many situations in which the
other objects in the environment are most appropri-
ately modeled as deformableobjects. For example, in
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Figure 1: A brick deformed by a spherical obstacle.

a surgical simulation, the environment contains rigid
bones,somewhatdeformablecartilage, and highly de-
formable tissue.

Deformation, however, is not restricted to robotics.
It is a commonly usedoperation in computer modeling
and animation. Nevertheless,even for an expert, gen-
erating deformation animations, especially for com-
plicated models, is always a very di±cult and time-
consuming task. Moreover, natural-looking deformed
models usually require signi¯cant additional time for
the animator to manually adjust the control points
and parametersuntil the deformation `looks right.'

Representing the deformable object with a very
large number of dof (in the limit, one for each de-
formable point on its surface) could work in principle
for most problems. However, this approach hasthe ob-
vious disadvantage of increasingthe dof to intractable
levelsand it still doesnot provide for a convenient way
of enforcingphysically correct behavior. Thus, ¯nding
an acceptabledeformation within reasonabletime lim-
its is the objectiveof most algorithms. The acceptabil-
it y criteria can be de¯ned by constraints on the topol-
ogy or physical properties which de¯ne the realism
of the deformation. Unfortunately, physically-correct
deformation and speedare usually mutually exclusive.
Thus, a trade{o® between the time required and the
degree of realism required must be made. While a
physically correct deformation is desirable, it might
require several hours to produce. On the other hand,
deformations which do not respect physical properties
might be quickly computable, but produce unrealistic
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results.
Our goal is to ¯nd an acceptabledeformation within

a reasonabletime limit (real-time in somecases).Our
approach is basedon the probabilistic roadmap (prm )
methods [1, 11, 12]. We concentrate on problems
where the robot is deformable and the other objects
are rigid. However, our method can easily be general-
ized to problems where everything is deformable. We
¯rst ¯nd a path in which the robot might collide with
the obstacles. Such paths can be found by using a
reduced-scaleversion of the robot during initial mo-
tion planning or by allowing the robot to penetrate
an obstacleby some(¯xed) amount. As a result, the
initial path may contain collisions for the rigid ver-
sion of the robot. After ¯nding such a path, we iden-
tify the colliding portions and deform the robot in
theseregionsto avoid collisions. We currently employ
two di®erent methods for producing the deformations.
One is a hierarchical approach which ¯rst deformsthe
robot's bounding box, and then the robot itself, and
the secondis a more direct approach which directly
deforms the robot's geometry (but not topology).

The paper is outlined as follows. We ¯rst discuss
related work (Section 2). Section 3 givesan overview
of our approach. Section 4 describeshow we ¯nd `ap-
proximate' paths for a deformableobject, and we dis-
cussour deformation methods in Section 6. Our ex-
perimental results are presented in Section7 and Sec-
tion 8 concludesour paper.

2 Related work

Deformable modeling and manipulation are essen-
tial in computer graphics. Deformable models are
often used to design complicated objects. As in [9],
thesedeformation methods can be classi¯ed into non-
physical methods and those basedon mechanic prop-
erties. Deformations which do not address physi-
cal properties include functional deformations (scale,
bend, twist) [3] and free-form deformation [17]. Mass-
spring and ¯nite element methods are the most com-
monly used strategies for building deformable ob-
jects with physical properties. Deformation meth-
ods without constraints are very useful in interac-
tiv e shape editing since they are fast and deform ob-
jects smoothly. However, physically{based deforma-
tions, which respond to applied external forces and
constraints, are often required for simulation and an-
imation, such as deformable tissue [7, 8], blood cells,
creatures[14, 19], sand,mud, and snow [20], and cloth
[10].

Although work on the motion planning problem has
producedmany practical plannersfor rigid robots, not
as much work has been done in motion planning for
deformableobjects. The f-PRM framework [2, 13] has

beenproposedfor planning for modelsusingphysically
correct deformations. Due to expensive operations for
solving mechanical modelsand generatingcollision de-
tection data structures, their planner is not suitable
for real-time use and has so far only been applied to
simple objects, such as a sheet of metal or a pipe-
like robot. In [6], deformed distance ¯elds were used
to control the amount of penetration between non-
penetrating °exible bodies.

3 Overview

As mentioned in Section 1, our approach is based
on the probabilistic roadmap (prm ) approach to mo-
tion planning [12]. Brie°y , prm s work by sampling
points `randomly' in C-spaceand retaining those that
satisfy certain feasibility requirements (e.g., they must
correspond to collision-freecon¯gurations of the mov-
able object). Then, these points are connected to
form a graph, or roadmap, using some simple plan-
ning method for connecting `nearby' points. During
query processing,paths connecting the start and goal
con¯gurations are extracted from the roadmap using
standard graph search techniques.

Our approach is similar to a traditional prm . In
our casewe modify the feasibility requirements used
during the roadmap construction stage so that our
roadmaps may contain paths having somecollisions.
Later, during query processing,if a path containing
collisions is extracted from the roadmap, we attempt
to deform the robot to avoid those collisions. An ex-
ample of such a deformation is shown in Figure 1,
where the brick robot is deformed to avoid a collision
with a spherical obstacle. If we do not succeed,we
remove the corresponding edgefrom the roadmap and
search for a new path.

Motion Planning f or Def ormable Objects
1. Build a feasible roadmap
2. while (a valid path is not found)
3. ¯nd a feasible path
4. foreac h path con¯guration
5. if (there is collision)
6. deform robot
7. if (not deformable)
8. remove path segment from roadmap
9. endwhile

The way we have implemented this strategy is to
usea rigid robot during roadmap construction, and a
soft (deformable) robot during query processing.The
key to our approach is to de¯ne appropriate feasibility
metrics which enableoneto construct usefulroadmaps
with rigid robots. The two feasibility tests we have
studied thus far are:
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1. A reduced-scaleversionof the rigid robot (in some
nominal shape con¯guration) is not in collision in
the sampledcon¯guration.

2. An original-scale version of the rigid robot (in
somenominal shape con¯guration) penetratesan
obstacleonly within someacceptablelimit.

Clearly, both tests can acceptcolliding con¯gurations.
During roadmap generation, we use heuristics to as-
sign edgeweights to denote the di±cult y of deforming
that edge, and during query processinga minimum
weight path is extracted.

This philosophy is similar to Fuzzy prm [16], Lazy
prm [5], or Customizebleprm [18] wherethe roadmap
nodesand/or edgesare not validated, or are only par-
tially validated, during roadmap construction and are
validated completely only at query time. Thesemeth-
ods have beenshown to greatly decreasethe roadmap
construction costs, while only slightly increasing the
query costs. Moreover, as noted in [18], there are ac-
tually some other bene¯ts to this approach, such as
enabling the same roadmap to be used for di®erent
robots, or for querieswith di®erent requirements. Our
approach is also related to a method we have success-
fully employedwhenincorporating haptically collected
user-input with a prm planner [4]. In this work, the
user collects an `approximate' path, which may con-
tain collisions, and the planner tries to `push' the col-
liding path segments to nearby free space. So, the
planner deformed the path but not the robot, which
is the opposite of the approach taken here.

In the following sectionswe describe our algorithm
in more detail. Our deformation methods are de-
scribed in Section 6.

4 Roadmap Construction

As discussedin Section 3, our strategy is to build
roadmaps which may include somecolliding con¯gu-
rations. To increase the probabilit y that we can in
fact deform the colliding con¯gurations to free con¯g-
urations during the query phase, we place somefea-
sibilit y requirements on the acceptablecolliding con-
¯gurations. We also attempt to weight our roadmap
edgesto denote the expected di±cult y (cost and fea-
sibilit y) of deforming that edgeif necessary. That is,
the weights are selectedto denote the expecteddefor-
mation energy required to deform the edge. Sincethis
energyis not known a priori , we useheuristic methods
to assignweights that are related to the parametersof
the feasibility metrics used to de¯ne acceptablecon-
¯gurations.

In this section,we describe in detail the two strate-
gies mentioned above for constructing the roadmap.

In the ¯rst, roadmap nodesare acceptedif the con¯g-
uration corresponding to a reduced-scaleversionof the
rigid robot is collision free, and in the second,the con-
¯guration is acceptedif the amount of penetration by
the original robot is lessthan someacceptablebound.
In both casesour goal is to build a roadmap contain-
ing paths that are either already valid, or that can be
made valid by deforming the robot.

4.1 Shrink able Rob ots

We would like to weight roadmap edgeswith some
estimation of deformation energy. One heuristic esti-
mate of this energyis the volumeof the robot/obstacle
intersection. While such intersection volumesare di±-
cult to compute, the `shrink' factor required to obtain
a free robot in a particular con¯guration does o®er
some indication of the deformation energy and is at
least loosely correlated with the intersection volume.
Moreover, theseshrink factors can be computed rela-
tiv ely inexpensively if we have pre-computed a set of
scaledmodels, which can be viewed as a \uniformly
deformed robot." The scaled robot models are con-
structed in a straightforward manner by scaling all
verticesde¯ning the robot model, and maintaining the
robot topology. Thesescaledrigid modelsare usedfor
collision detection in node generationand connection.

No de Generation and Connection. During
node generation, for each node, we begin with the
largest robot and progressively reduce its scale,while
maintaining the con¯guration, until a collision free
robot size is found. After the roadmap nodes have
been generated, the roadmap is connectedas with a
traditional prm . In particular, any of the normal local
plannersor connectionmethodscould beemployed [1].
An edgeweight is set as the sum of the shrink factors
of the two scaled models that de¯ne the (potential)
edge'sendpoints. (A larger (smaller) robot model has
a smaller (larger) shrink factor.)

Figure 2(a) shows a roadmap generatedwith spher-
ical robot. The variable sized roadmap nodes cor-
respond to the shrink factors used to generate the
roadmap nodes. One clearly seesthe smaller nodes
surrounding the obstacles, which should be avoided
by the deformableobject if possible.

4.2 Penetration

As discussedpreviously, another estimate of defor-
mation energy is penetration depth. The deeper the
robot penetrates inside an obstacle the harder it will
be to deform the robot into a collision free shape. Un-
fortunately, penetration is hard to measure in most
casesand is not provided by collision detection li-
braries (except for special casessuch asconvex objects
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(a) (b) (c)

Figure 2: (a) A roadmap generated with shrinkable robots; roadmap con¯gurations are shown in their accepted shruk
size with wired surfaces. (b) A roadmap generated with penetrating robots. (c) The swept volume of a path found.

[15]).
Here,we proposeusing C-spacepenetration instead

of workspacepenetration. While C-spacepenetration
is not easier to compute, we use a probabilistic ap-
proach to compute an estimate. Let c0 be our initial
con¯guration of interest. We generate n random C-
spacevectors which originate at c0, and have random
directions and lengths in some predetermined range
(our allowable penetration depth). The choiceof n af-
fects the accuracyof the estimate. As n increases,the
probabilit y of ¯nding a value closeto the real penetra-
tion and the computation time both increase. In our
experiments, the value of n is 20.Note that the sizeof
a C-spacevector depends on the distance metric se-
lected and can be de¯ned as jci ¡ c0j whereci is a con-
¯guration representing the i th vector. Adding these
vectors to c0 returns con¯gurations within the allow-
able penetration distance. If any of them is collision
free, then we accept con¯guration c0. The minimum
penetration depth found can be used to provide edge
weights in the roadmap.

No de Generation and Connection. In this
method, collision detection is replaced by a test for
allowable penetration, i.e., if the penetration is small
enough, a con¯guration which is in collision is ac-
cepted into the roadmap. The advantage of this ap-
proach is that wecanusea standard prm , including all
node generation and connection methods. For exam-
ple, the intermediate con¯gurations that a local plan-
ner tests during the connectionphasecan be accepted
basedon their penetration. SeeFigure 2(b).

5 Query

While the roadmap was constructed using rigid
bodies,a deformableversionof the robot is usedin the
query phase. Sinceroadmap nodesand/or edgesmay

be in collision, the query processmust check them for
collision and then, if collisions are found, call on some
deformation method to try to deform the o®ending
con¯gurations into collision-free con¯gurations. The
query processbelow applies to roadmaps generated
by either of the methods described above.

Path Quer y
1. Test if robot can be deformed in start and goal.
2. Connect start and goal to roadmap (same Connected

Component, CC).
3. Connected=false;
4. while ( !Connected )
5. Find a path connecting start and goal.
6. Sort edgesfrom largest weight to lowest.
7. for each edge
9. if ( test failed ) Delete this edgeand break;
10. endif
11. endfor
12. Connected=true;
13. endwhile

In the query, the deformation test essentially re-
places the collision detection test for traditional mo-
tion planning. Now, a con¯guration will be accepted
if its deformation energy is lessthan somethreshold,
that can be user-de¯ned to give the user somecontrol
over the deformations.

Becausedeformation is an expensive operation, we
need a quick way to determine if a path edgecannot
be deformed. To do this, we sort path edgesaccording
to their weights (which are estimates of deformation
cost), and test the edgeswith highest weights ¯rst as
they are the most likely to fail. If a test fails, the edge
is deleted from the roadmap and the processrepeats.

Figure 2(c) shows a path found by a query. Al-
though the shortest path is on the right side of ball,
our planner selecteda longer path which had a smaller
deformation energy.
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6 Deformation

To construct huge numbers of deformable models
on{line (at query time), we should have fast deforma-
tion methods. However, it is also important to con-
sider the physical properties of the model. Although
we consider physical properties, our approach is not
physically complete, since our goal is to produce re-
alistic looking deformations fast. For example, we do
not attempt to precisely compute energy, as in [2].

Of the two objects participating in a deformation,
one is the deformable object and the other is called
the deformer. The deformer pushes (a portion of)
the deformable object towards a collision-free state,
and deformable object then changesshape according
to these external forces. We implemented two defor-
mation methods: bounding box deformation and geo-
metric deformation.

6.1 Bounding-Bo x Deformation

The bounding box deformation deforms the given
model hierarchically. First, the bounding box of the
model is deformed, and then the model itself is de-
formed accordingto the deformation computed for the
bounding box.

Our approach combinesstrategiesof the ChainMail
Deformation [7] and Free-Form Deformation (FFD)
[17] to create a real-time deformation with reason-
able physical properties. First, a bounding box of
the model is deformedby ChainMail deformation, and
then this model is deformed by FFD according shape
of its bounding box. Figure 3 illustrate this process.

The ChainMail deformation was created to model
tissue in surgical simulations [7]. Brie°y , for a 3D
ChainMail Box, each vertex is connectedto (at most)
six neighboring vertices, and the maximum and min-
imum distances to these neighbors are set according
to the material property (e.g., a rigid body will have
maximum=minim um). The following shows the basic
operations of the ChainMail deformation. In line 1,
vertices are moved by user or deformersin our case.

ChainMail def orma tion
1. Put moved vertices in queue, Q.
2. while( Q is not empty )
3. vertex v = dequeue(Q)
4. for( all neighboring vertices, n, of v )
5. if( n violate constraints )
6. resolve constraints and enqueue(Q, n)

Free Form Deformation, or FFD [17], is a well
known interactive modeling tool which uses a±ne
transformations to map local coordinates to deformed
global coordinates. The third step in Figure 3 shows
a model deformed when control points on the FFD
lattice are moved. While FFD is extremely fast, it is

Figure 3: BBX deformation with 13*9*7 lattices. (1)
Build voxel bounding box for a given model. (2) Bound-
ing box deformed by ChainMail deformation. (3) FFD uses
deformed bounding box to deform internal model. (4) De-
formed model.

generally di±cult to obtain physically-baseddeforma-
tions since it requires tweaking many control points.

There are several bene¯ts of this hybrid, hierar-
chical bounding box deformation. First, ChainMail
provides physical properties, such as preservation of
inter-vertex distancesand elastic properties, and later
FFD smoothly deforms the real model. One of the
best aspects is that the motion planner can use only
ChainMail, since it only requires the deformation en-
ergy, and utilize FFD during rendering. Thus, the
motion planning cost is independent of the complex-
it y of the model since only the ChainMail bounding
box is deformed during planning. The display cost,
which usesFFD, will still be dependent on the model
complexity.

After the object is deformed, the deformation en-
ergy can be calculated as the summation of the dis-
placement of each vertex from its initial position to its
deformedposition.

The deformer pushesthe deformable object to a
collision free condition. Sincethe deformableobject is
converted to a bounding box, the implementation of
the deformer is quite simple. The center of the bound-
ing box is the guide for pushing all points. First, we
check if the center of the bounding box is insideor out-
side the deformer (it is always outside the obstaclesif
shrinkable robots are used,but may be internal for the
penetration method). For each point on the surfaceof
the bounding box, we shoot a ray to the center point.
If the ray intersects the deformer, the point is pushed
along the ray until no intersection exists.
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6.2 Geometric deformation

In this approach, we use the obstacle as the de-
former, and directly deform the colliding portion of the
robot. If we knew the colliding volumes of the robot
and obstacle, it would be relatively easyto move the
colliding part of the robot out of collision. Unfortu-
nately, for the complex models we consider, collision
detection routines only return the intersecting poly-
gonsof the models.

Our algorithm continuously moves the colliding
polygons of the robot until they are outside the ob-
stacle. The most challenging part of this algorithm
is to decidewhich direction to move intersecting poly-
gons. An intuitiv e approach would be to move the
robot polygons in the direction of the obstacle poly-
gons'outward normals. Unfortunately, there are some
important caseswherethis approach doesnot produce
the desired result. For example, if most of the robot
is on the `other' sideof the obstaclefrom the colliding
polygons, we would prefer to deform the robot in the
opposite direction. To addressthis, we employ a sam-
pling strategy to identify the correct direction. If we
select directions randomly, we expect that directions
toward the larger external portions of the robot should
becomecollision free faster than other directions. To
improve e±ciency, we restrict our sampling to the fol-
lowing directions: (i) normals of colliding polygonson
the robot, (ii) normals of the colliding polygons (or
average of several colliding neighbors) on the obsta-
cle, (iii) someuniformly selecteddirections, and (iv)
the inverseof the directions in (i-iii).

Figure 4 shows an example. The robot is the elbow
shaped object and the obstacle is the hole shown in a
colliding con¯guration in Figure 4(a). Somecolliding
polygons are shown in 4(b). After we chosea correct
direction (from the types i-iv mentioned above), we
move the robot's colliding polygons in that direction
until we reach the collision free shape shown in 4(c).

If the robot doesnot ¯t in a narrow passage,then
this method will fail to ¯nd a pushing direction unless
we use a reduced-scaleversion of the robot. When
the smaller robot is free, the colliding polygonsof the
original robot are moved towards the corresponding
polygonson the smaller robot. Another problem with
this method is that it can be distracted by remote
collisions that occur when deforming some colliding
region of the robot. To avoid this, we de¯ne a neigh-
borhood function which eliminates the in°uence of the
remote collisions. Finally, this method can produce
unrealistic looking deformations becausethe resulting
polygons may be quite large. In somecaseswe may
even have topological changes.To addresssuch issues,
we added a constraint which states that none of the
deformed edgescan be shorter or longer than some
percentage of the original edge. After the deforma-

(a) (b) (c)

Figure 4: (a) Colliding con¯guration where robot is elbow
and obstacle is hole, (b) intersecting polygons of robot and
obstacle and normals to try , (c) deformed version.

(a) (b)

Figure 5: Snapshotsof the stamping environment; (a) box
deformation, (b) geometric deformation.

tion a smoothing operation is applied to enforce this
constraint. However, after smoothing we may end up
with a shape that is in collision. If this occurs, we
simply continue deforming, and then smoothing, until
a valid deformation or the maximum number of itera-
tions is reached.

7 Exp erimen ts

In this sectionwereport on experiments designedto
study the shrinkable robot and penetration techniques
for roadmap construction (Section 4) and the bound-
ing box (BBox) and geometricdeformation techniques
(Section 6). All experiments were implemented on a
PC with a Athlon 1.33 Mhz CPU and 256MB RAM.

Our experiments investigate the performance of
our algorithm in three situations requiring diversede-
formations. In the sliding experiment, the letters
"DSMFT" simulate multiple robots following a path
passing very close to an obstacle; the path is found
for one letter and then applied to the others. In the
narro w passage experiment (Figure 6), a deformable
sphere (the robot) passesthrough a narrow passage
bounded by four di®erent-sized rigid spheres(obsta-
cles)in a bounding sphere(front part not shown). The
stamping experiment (Figure 5) enablesus to seethe
e®ectof pushing the teapot (robot) against a complex
seal (the obstacle).

Our ¯rst set of experiments studies the BBox and
geometricdeformation techniques. As reported in Ta-
ble 1, both deformation techniques were applied to
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(a) Bounding Box Deformation

(b) Geometric Deformation

Figure 6: Snapshotsof a path in the narrow environment; (a) box deformation, (b) geometric deformation.

paths extracted from roadmapsconstructed using the
shrinkable robot and the penetration methods. Snap-
shots of the deformed robots in the stamping and
narrow enviroments are shown in Figures 5 and 6,
respectively. Snaphsots for the sliding environment
and movies for all three environments can be found at
http://www.cs.tam u.edu/facult y/amato/dsmft/. Our
results show the BBox deformation is several hundred
times faster than the geometric deformation. This
is due to the high cost of the search for the push-
ing directions and becausecollision detection costsare
higher than in the BBox deformation where only the
bounding box is tested for collision (as opposed to
the entire model in the geometric deformation). The
BBox method also produces smoother deformations,
which is asexpectedbecauseChainMail directly prop-
agatesa deformation towards the neighboring points,
whereasthe geometric deformation propagatesdefor-
mations recursively (i.e., indirectly); this di®erencein
the methods canbemitigated by a good neighborhood
function, perhapsdetermined experimentally for each
environment. We note that the averagecost of the de-
formations varies with the complexity of the environ-
ment and the deformations; in the BBox deformation,
this is also a®ectedby the number of lattice points in
the bounding box.

Our secondset of experiments studies the e®ectsof
the parametersfor the roadmap generationtechniques
in the narrow passageenvironment (the spheres).For
the shrinkable robot method, roadmaps were con-
structed using two and six scaledrobots (models). For
the penetration method, we consider two penetration
depths, 15r (small) and 25r (large), where r is the en-
vironmental resolution set for collision detection. As

previously discussed,theseparametersshould approx-
imate the deformation energy. The results in Table 2
show that both the shrink factor and the penetration
value are good indications of deformation energy. As
expected, if a larger number of reduced-scalerobots is
used,or a smaller penetration is allowed, the resulting
roadmap will be more expensive to compute, but will
contain paths that are easierto deform. We also note
that most (99% to 100%)of the query time is spent on
deformation processing. (The geometric deformation
did not ¯nd a solution within acceptable time limits
for the roadmap generatedby the two scaledrobots.)

Although the main disadvantage of the geometric
deformation is speed, it was also observed to some-
times alter the topology of the model. This could be
solved by including self-collision checks as the object
is deformed. Nevertheless,this method is suitable for
some types of situations, e.g., narrow passageprob-
lems where the robot must assumethe shape of the
surrounding environment.

8 Conclusion and Future Work

This paper considers motion planning for de-
formable objects. We have suggestedtwo di®erent
methods for constructing and querying roadmaps,and
have presented two deformation techniques that can
be applied to the resulting path. This approach de-
couplesmotion planning and deformation, and enables
hybrid methods utilizing multiple methods in a plug
and play fashion. Our future work includesoptimizing
the geometric deformation method and applying our
algorithm to particle systemswhereseveral robots de-
form independently .
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Roadmap and Deformation Statistics
Roadmap Genera tion Avera ge Def orma t ation

Shr unk Robot Penetra tion Times(s)
Total Time (s) Total Time(s)

Envir onment #CC (gen.+con.) #CC (gen.+con.) Bounding Box Geometric
Sliding 65 5.4(2.7+2.7) 16 16.5(8.4+8.1) 0.04 13.3
Narro w 87 16.2(0.5+15.7) 35 116.9(25.9+91) 0.40 86

Stamping 9 5.2(0.1+5.1) 1 124.2(50.54+73.77) 0.86 536

Table 1: Roadmap and Deformation statistics. Total time includes node generation time and connection time for 1000
nodes. We use OBPRM for Sliding and PRM for Narrow and Stamping. Deformation time includes time for deformation,
time for relaxation (for BBox only), and time for energy calculation. The average deformation time is for the successful
deformations. All times are in seconds.

Comparison of Roadmap Generation and Deformation T echniques
Roadmap Bounding Bo x Geometric

Genera tion Time(s) Time(min)
Genera tion Method #CC Time(s) Query Deform #Deform #F ailed Query Deform #Deform #F ailed
Shrunk (2 mo dels) 22 2.8 619 617 1403 25 N/A N/A N/A N/A
Shrunk (6 mo dels) 21 4.3 82 81 199 0 322 322 212 1
Penetration (large) 3 14.9 144 144 328 4 514 514 344 3
Penetration (small) 14 25.6 75 75 162 2 255 255 174 1

Table 2: Comparison of roadmap generation (350 nodes) and deformation methods for the narrow passageenvironment.
The table shows query and total deformation times as well as number of deformations and the number of the failed
deformations. These values are for di®erent roadmap generation methods; using 2 shrunk robots and 6 shrunk robots,
enabling small and large penetration. Deform time is total deformation time in the query phase. The times for Bounding
Box Deformation are in secondswhile the times for Geometric deformation are in minutes.
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