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Abstract

Given a robot and a workspace, probabilistic roadmap
planners (PRMs) build a roadmap of paths sampled from
the workspace. A roadmap node is a single collision{free
robot con�guration, randomly generated. A roadmap edge
is a sequence of collision{free robot con�gurations which
interpolate the path from one roadmap node to another.
Queries to the roadmap are (start, goal) pairs. If both the
start and goal of a pair can be connected to the same con-
nected component of the roadmap, the query is solved.

Many promising variants of the PRM have been pro-
posed, each with their own strengths and weaknesses. We
propose a meta{planner for using many PRMs in such a
way that the strengths are combined and the weaknesses
o�set. Our meta{planner will perform the combination in
the following manner. i) Provide a framework in which
di�erent motion planners are available and to which new
ones are easily added. ii) Characterize subregions (possibly
overlapping) based on sample characteristics and connec-
tion results. iii) Assign subregions to one or more planners
which are judged promising. iv) Provide stopping criteria
for roadmap construction.

We present experimental results for four characteriza-

tion measures. A general technique we call `�ltering' is

presented for keeping roadmaps compact.

1 Introduction

The basic motion planning problem is to compute
a collision{free path for a moving object through a
workspace which may contain obstacles. The moving
object can be simple or complex as can the workspace.
In robotics, the moving object is referred to as a
`robot'. For convenience we will do the same. The
problem however arises in many �elds other than
robotics - drug design, space exploration, virtual real-
ity, computer aided design, surgical training, and ma-
terial management to name just a few.
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9975018, EIA-9805823, and EIA-9810937, and by the Texas
Higher Education Coordinating Board under grant ARP-
036327-017. Work completed while Dale at Texas A&M Uni-
versity.

Motion planning is an intractable problem. The
lower bound is known to be PSPACE-hard [4, 13, 20,
26, 27] while the upper bound is likely to be expo-
nential in the number of degrees of freedom the robot
possesses [10, 11]. In light of these complexity results,
our work, as well as that of many other researchers in
this area, is experimental and heuristic in approach.
The approaches we will focus on are the probabilistic
roadmap method (PRM) [17, 19, 24, 25] and proba-
bilistic `growth' planners [7, 22].

Given a robot and a workspace, (PRMs) build a
roadmap, usually stored as a graph, of the robot's
workspace. As described by [17, 19, 24, 25] the basic
PRM uses uniform sampling to generate, uniformly at
random, con�gurations (a.k.a. nodes) of the robot in
the workspace. Con�gurations which are in collision
are discarded. For those collision{free nodes remain-
ing, pair-wise connections are attempted using a local
planner which interpolates a path from one node to an-
other. Collision-free connections are retained and the
result is a basic PRM roadmap. Attempting exhaus-
tive pair-wise connections is uncommon. Instead, for
each node, the remaining nodes are sorted by distance
[1] and connections are attempted for a user{selected
small constant number k of them. After construction,
queries to the roadmap are (start, goal) pairs. If both
the start and goal of a pair can be connected to the
same connected component of the roadmap graph, the
query is solved. Many queries can be rapidly solved
or rejected in real-time by a single roadmap. If a sin-
gle speci�c query is known beforehand and is the only
query of interest for the robot, some motion planning
approach other than one which builds a roadmap for
the entire workspace should be selected [17, 19, 24, 25].

If the robot can move without collision from point
A to point B in the workspace, a connecting path be-
tween the two points should exist in a roadmap of
that workspace. Good roadmaps accurately re
ect
the connectivity of workspaces with respect to given
robots. A PRM roadmap records a sample of all feasi-
ble paths. If allowed to run long enough, a probabilis-
tically complete algorithm returns a correct solution,
if one exists. Usually only probabilistically complete
[18], PRMs trade complete solutions for faster ones.
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Probabilistic growth planners employ a growth
paradigm [7, 22] which, starting with one or more
collision{free nodes (seeds), attempt to generate new
nodes and edges in such a way as to move out from
the initial seeds. The goal may be to explore a region
or to reach one or more other seeded regions. Every
seed initiates a growing connected component for the
roadmap.

2 Philosophy

An example of a motion planning problem environ-
ment (workspace and robot) is shown in Figure 1. In
this workspace the robot, lower left hand corner, is free
to move about within the white areas. The shaded re-
gions represent physical barriers to the robot's move-
ment. At no time may the robot enter or cross a
shaded region. Types of regions we are interested in
include:

� free - The region is free from obstacles.

� cluttered - The region is cluttered with obstacles.

� narrow passage - The region provides a passage
between other types of regions.

� blocked passage - The region suggests a passage
but does not in fact provide one between other
types of regions.

� blocked - The region is completely �lled with ob-
stacles.

Figure 1 provides examples of each. Some areas, A &
E, are relatively free from obstacles. The robot can
move freely in these areas which are easily located and
explored using relatively simple and inexpensive plan-
ners. Other areas are more problematic. Label B is
near an opening of a narrow passage connecting the
free areas of A and E. The robot can crawl through
from one to the other. Di�erentiating a narrow pas-
sage from a blocked passage such as that near label C
can be quite challenging. Area D contains a clutter of
closely spaced obstacles. This can be viewed as many
intersecting narrow passages.

The characterizations of di�erent subregions,
\free", \cluttered", \narrow", and so on, depend on
the robot as well as the workspace. When the robot is
smaller or more maneuverable (more degrees of free-
dom) a workspace will seem more open than when the
reverse is true.

Many di�erent motion planning algorithms have
been proposed. The basic PRM can discover and
map the free regions of the robot's navigable space
[14, 17, 19, 24, 25]. Variants of the PRM have been
proposed that propose, with varying degrees of success,
to map narrow passages and cluttered environments
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Figure 1: Work space exhibiting areas which allow the
robot, located at lower left, di�ering amounts of maneu-
verability among the shaded obstacles.

[3, 6, 15, 25, 28, 29]. The distinction between passages
(Fig. 1B) and promising but ultimately blocked pas-
sages (Fig. 1C) or isolated regions (Fig. 1F) is often
impossible.

In addition to the basic PRM and variant meth-
ods, planning methods have been proposed which are
also based on probabilistic approaches but are unique
in some way [7, 22]. Other recent work aims to im-
prove the eÆciency of PRMs by postponing most of
the validation to the query stage [8, 23]. Each has, as
described by its authors, a unique set of strengths and
weaknesses.

We propose a synthesis. If the original problem
can be broken down into subproblems which match or
approximate the various sets of strengths and weak-
nesses, then the appropriate motion planner can be
assigned to work on the appropriate subproblem. A
summary of planners and our understanding of their
strengths is provided in Table 1.

Breaking the original problem into subregions is
problem dependent, as is the assignment of appropri-
ate planners. We are aware of no work being done
to make such subdivisions or to assign the planners
automatically. Currently, problem subdivision is done
manually or, more often, not at all, while choice of
planner is made by users, based on non-deterministic
criteria such as intuition, estimates of gross computa-
tional expense, and/or software availability.

We propose a meta{planner which will do the fol-
lowing.

� Provide a framework in which di�erent motion
planners are available and to which new ones are
easily added.

� Characterize subregions (possibly overlapping)
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Algm open clutter

less more most
Basic PRM [19]

p p

Fuzzy PRM [23]
p p

Lazy PRM [8]
p p

RNG [30]
p p

OBPRM [3]
p p p

Gauss PRM [9]
p p

Visibility Rdmp[21]
p p p

MAPRM [28]
p p p

Ariadne's Clew [7]
p p p

RRT [22]
p p

Dilated Spaces [15]
p p

ClosestVE (surfaces) [12]
p p p

User Input [6]
p

Table 1: Many more shaded graduations between `less'
and `most' clutter exist than could be shown here.

based on sample characteristics and connection
results.

� Assign subregions to one or more planners which
are judged promising.

� Provide stopping criteria for roadmap construc-
tion.

As described in [12], we have already developed the
framework. To date it includes our Obstacle{Based
PRM (OBPRM) as well as our interpretations of sev-
eral other PRM's and PRM variants. We have made
a proto-type of this framework available to selected
researchers and expect to have a publicly available
version by December 2000. Thus much of the basic
functionality for our meta-planner already exists. The
control 
ow of our meta-planner is described by the
following pseudo-code.

Meta-Planner Pseudo-Code

1. BasicPRM \to distinguish free regions"
2. While Stopping conditions NOT satis�ed,
3. Partition regions into subregions
4. Assign subregions to more sophisticated planners
5. endwhile

In Step 1 we always use a basic PRM to discover
and map all the open areas of Cfree, the union of all
collision{free robot con�gurations. Basic PRM meth-
ods perform this function quickly and eÆciently and
they are very simple to implement.

In Step 2 the results of the previous step are used
to determine if stopping conditions are satis�ed or not.
A stopping condition in Step 2 may be any one of the
following. i) Evidence exists that the entire workspace
is satisfactorily mapped. ii) Mapping progress has
ceased and all motion planners which show promise
have already been applied to all appropriate subre-
gions. iii) Maximum computation time has expired.

Step 3 is responsible for division of the entire prob-
lem into subproblems (subregions).

In Step 4, we assign subregions to more sophisti-
cated planners than those to which they have previ-
ously been subjected. We describe as `more sophisti-
cated' those methods which are algorithmically more
complex as well as certain instantiations of relatively
simple methods. Since PRMs are, in general, proba-
bilistically complete, we refer to them as `more sophis-
ticated' if we can limit them to smaller regions and
run them longer.

An important issue when working with probabilis-
tic roadmaps is controlling the size of roadmaps. We
prefer to represent a workspace with as small a map
as possible. Nodes and edges represent redundant
information when they lie in areas which are al-
ready well{covered by other nodes and edges in the
graph. Roadmaps with many redundant nodes and
edges are more expensive to build (preprocessing),
search (run-time), and maintain (re-use). Oversam-
pling a workspace can be avoided i) by sampling the
workspace in a limited way, sampling more only as
necessary, ii) by con�ning the operation of a motion
planner to its regions of strength, iii) and by �ltering
out redundant information as it is recognized. The
�rst technique is utilized by many existing PRMs, the
remaining two we will explore in more detail.

3 Characterizing Regions

Analyzing PRMs and characterizing con�guration
spaces and roadmaps has proven remarkably diÆcult.
Under the assumption that properties assuring a cer-
tain `goodness' of the space hold, it has been shown
that the running time of the basic PRM grows slowly
with the probability of tolerable failure [16, 18]. As
noted [5], this is less than practically useful because the
quanti�cation of `goodness' is assumed, rather than
perceived or calculated.

In order to con�ne the operation of a motion plan-
ner to its regions of strength, we must be able to char-
acterize regions. We would like to do so based on read-
ily available generation and connection phase results of
roadmap construction. Because a motion planner can
collect this information during its regular execution, it
is computationally free. In this paper, we present four
characterizing measures and discuss the collection and
interpretation of each.

First, the ratio of non{colliding nodes to all nodes
sampled is one simple measure which we call the
FreeSpace Ratio.

� FreeSpace Ratio = #free nodes

#sampled nodes

In regions where the robot is allowed completely \free"
movement, this ratio will be one. The more \clut-
tered" the region, the closer the ratio approaches zero.
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Figure 2: Dots represent robot con�gurations (nodes). Shaded areas are obstacles. Dashed lines are straightline connec-
tions. a) FreeSpace Ratio varies left to right. b) FreeSpace Ratio ambiguous. c) Number and size of connected components
varies left to right. d) A is too \rough" for connections between near neighbors (adjacent dots). B is \smooth".

Figure 2a shows a workspace which we assume to have
been sampled uniformly. Each of the small black dots
represents a collision{free robot con�guration (node)
in the sample. The FreeSpace Ratio for the \free" left
half of the �gure is one. The FreeSpace Ratio for the
\cluttered" right half, is approximately 1=3. The value
approximates the amount of free space there.

Referring to Figure 2b, we observe the FreeSpace
Ratio is not unambiguous. Figure 2b shows, sampled
much less densely, the same workspace as in Figure 2a.
In this case, assume all nodes were collision{free. That
is, although collisions were possible on the right, by
chance, the sample did not contain any. The num-
ber of collision{free nodes on the left and right half of
the space is equivalent. Therefore, although the two
halves of the �gure are quite di�erent, for the node
sample shown, the di�erence cannot be detected using
the FreeSpace Ratio. Other characterization measures
are necessary.

Second and third, we consider two more measures:

� number of connected components

� size of connected components

In Figure 2b, the FreeSpace Ratio was insuÆcient to
show the di�erence between the two halves of the ex-
ample region. However, connection results quickly dis-
ambiguate the situation. Between any pair of collision
free nodes, in a truely free region, a collision free edge
exists. The same does not hold in a cluttered region.
In Figure 2c we observe a marked di�erence in the
number of collision{free straightline connections be-
tween members of the sample. On the left, the num-
ber of connected components is small and their size
is large. On the right, the number of connected com-
ponents is large and their size is small. The di�erence
allows us to again characterize the left half of the �gure
as \free" and the right half as \cluttered".

Finally, given that nodes can be obtained arbitrar-
ily close to con�guration obstacle surfaces [2, 9], the
results of connection attempts between nodes near the
surface of an obstacle can be used to provide a surface
characterization for the obstacle.

� SurfRatio = #surface connections

#surface connections attempted

For a \rough" obstacle, the Surf Ratio will be near
zero. For a smooth one, Surf Ratio will be nearer to
one. In Figure 2d, the surfaces of obstacle A and ob-
stacle B have been sampled as shown by the black dots.
The dashed lines are roadmap edges made by straight-
line local planners. The lack of successful straightline
connections between near neighbors located near the
surface of obstacle A indicate its surface is \rougher"
than that of obstacle B where the surface presents
fewer impediments to near neighbors connections.

4 Filtering

A good roadmap will accurately re
ect the connec-
tivity of the workspace. An important issue when
working with probabilistic roadmaps is controlling
their size. It is preferable to represent a workspace
with as small a map as possible. Nodes and edges
represent redundant information when they lie in ar-
eas which are already well{covered by other nodes and
edges in the graph. Roadmaps with many redundant
nodes and edges are more expensive to build (pre-
processing), search (run-time), and maintain (re-use).
Applying �lters which recognize and delete, or pre-
vent the addition of, redundant information from a
roadmap allows us to keep the roadmaps compact.

The bene�ts of intelligent �ltering at each stage
of roadmap construction (e.g. node generation and
node connection) are not limited to any speci�c mo-
tion planning algorithm but rather can be generally
applied.

In a basic PRM, the computational cost of building
the roadmap is limited from the outset. The method
generates no more than n nodes (robot con�gurations)
and attempts to connect each to no more than k of its
nearest neighbors. The size of the roadmap is limited
by the user's choice of n and k. Limiting the sam-
pling density to n is a primitive �lter. The limitation
of connection attempts to the k closest neighbors is
another form of �ltering { on inter{node distance. For
each node, its neighbors are sorted by distance and
connection will be attempted with no more than k of
them.
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a) b) c)

Figure 3: a) Suspect `free' by FreeSpace Ratio. b) Suspect `free' by FreeSpace Ratio. Detect `clutter' by connect ed
components info. c) Detect `clutter' by FreeSpace Ratio.

a)

b)

Figure 4: Smooth surface obstacle. Dark triangluar poly-
hedrons are roadmap nodes. Lines are roadmap edges. a)
side view b) top view

More sophisticated methods �lter nodes based on
their distance from obstacle surfaces rather than from
each other. In cluttered environments and narrow
passages, the enclosing obstacles are what limits the
robot's movement. Filtering the sample to retain only
those nodes close to obstacle surfaces makes the dis-
covery of narrow corridors delineated by those surfaces
more likely. Gaussian PRM provides such a �lter [9]
while OBPRM generates such nodes directly [2, 3].

Without �ltering of some kind, growth planners
[7, 22] can oversample an area. Filtering also serves to
keep the growth planner limited to the diÆcult area.
If excessive growth seems possible from a sample seed,
the seed may not be in a diÆcult region or the plan-
ner may have grown away from one. Growth can be
pruned away without loss of information. If only lim-
ited growth is possible, we can assume that exploration
is taking place in a truely diÆcult region.

Filters can be simple or complex. Some are gen-

eral, such as limiting sampling density, while others
are more specialized, such as pruning growth algo-
rithms back into their areas of strength. Nodes and
edges represent redundant information when they lie
in areas which are already explored and represented in
the graph. Filtering applied to every phase of PRM
roadmap construction keeps roadmap sizes reasonable
by preventing the addition of redundant information.

5 Results

In this section we demonstrate the results of �ltering
one PRM method (OBPRM, [2]) to obtain good seeds
for a growth planner (RRT, [22]. We also demonstrate
the characterization of various spaces and surfaces us-
ing the measures discussed in Section 3. Knowing what
kinds of regions we are dealing with allows us to take
advantage of the summary provided in Table 1. There
we list many probabilistically based motion planners
and indicate the types of regions where each can ex-
pect strong performance. When selecting any planner,
points which must also be considered are the usual
ones of cost, complexity and availability.

All experiments were conducted on a PC i686 run-
ning Linux. The code, written in C++, implements a
3D motion planning testbed for rigid bodies and gen-
eral articulated linkages.

5.1 Free vs. Cluttered

In our �rst set of experiments, we consider charac-
terizing \free" versus \cluttered" regions. Results are
reported in Table 2, where the FreeSpace Ratio val-
ues are recorded in the column labeled ` V

rV
'. For the

three experiments, free, clutterA, and clutterB, we
use the same elongated pyramidal robot. Two di�er-
ent workspaces, one free of obstacles, Figure 3a, and
the other somewhat cluttered, Figure 3b, are used. In
the �gures, the wire frame bounding box delimits the
workspace. Obstacles are large light{shaded polyhe-
drons. The small dark objects are robot con�gura-
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CHARACTERIZE - Free vs. Cluttered
V

rV
V rV cc 1 2 3 iso

free 1 15 15 1 15 0 0 0
clutterA 1 15 15 7 4 3 2 2
clutterB .88 44 50 8 21 10 5 4

Table 2: FreeSpace Ratio values are recorded in col-
umn labeled ` V

rV
'. `rV' is #nodes requested. `V' is

#nodes sampled. `cc' values indicate #number of con-
nected components in the roadmap while those labeled
by numbers give the size in nodes for each of the largest
3 cc's. `iso' is #isolated nodes.

CHARACTERIZE - Smooth vs. Rough
E

rE
E rE cc 1 2 3 iso

smooth .58 22 38 1 23 0 0 0
roughA .15 20 134 4 18 3 2 1
roughB .03 5 163 15 4 3 1 13

Table 3: Surf Ratio values are recorded in column la-
beled ` E

rE
'. `rE' is #surface connections. `E' is #surface

connections attempted. Other values are the same as
described for Table 2.

tions (nodes). Lines between nodes represent roadmap
edges made by a straightline local planner.

In free, all sampled nodes are, trivially, collision{
free. The FreeSpace Ratio is 1. The roadmap is a
single large connected component of nodes as shown
in Figure 3a.

For the clutterA experiment, we �t obstacles into
the free workspace in such a way as to not collide
with any of the nodes generated in the free experi-
ment. Figure 3b shows a basic PRM map built for
the region. Because of the adversarial design of the
experiment, the FreeSpace Ratio value is misleading.
However, we can refer to the number and size of the
connected components in the roadmap and correctly
conclude that the region is \cluttered".

In clutterB, we sample more densely than we did
for the same workspace in clutterA. Figure 3c shows
the sample. In this case the FreeSpace Ratio value is
suÆcient to determine the region is \cluttered".

5.2 Rough vs. Smooth

In our second set of experiments, we characterize
smooth versus rough surfaces and suggest a method
to connect, into the roadmap, nodes which are lo-
cated close to a rough surface. Results are reported in
Table 3, where the Surf Ratio values are recorded in
the column labeled ` E

rE
'. For the three experiments,

smooth, roughA, and roughB, we again use the
pyramidal robot. After running the OBPRM planner,
we consider the Surf Ratio for three di�erent surfaces.

In smooth, shown in Figure 4, the surface is com-
pletely smooth. Connection between near neighbor
con�gurations should be simple. The Surf Ratio value
(0.58) is not 1 because at times nodes were so near
the surface that the straightline path between them
collided with the surface. Because the surface was
smooth, however, these failures did not prevent the
planner from connecting all nodes to the same con-
nected component in the roadmap.

For roughA, shown in Figure 5, the obstacle sur-
face contained many protrusions which blocked the
simple local planner from making connections between

a)

b)

Figure 5: RoughA surface. a) side view b) top view

some near neighbors. This is re
ected in a correspond-
ingly smaller Surf Ratio (0.15) and the presence of
several connected components in the roadmap. For
roughB the obstacle surface is identical to that of

Figure 6: A wireframe bounding box encloses the
workspace. ClosestVE uses a straightline local planner to
connect small robot block con�gurations perpendicularly
to the single pre-existing roadmap edge passing from left
to right over the large vertical obstacle walls.
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a) b) c) d)

Figure 7: a) Alpha Puzzle with full size robot. b) OBPRM generated nodes, each scaled (.1). c) Filter on connected
components. d) Use RRT to grow seed nodes.

roughA with the exception that the protrusions have
greater volume. The Surf Ratio is very small (0.03)
and there are not only many more connected compo-
nents, but also many isolated nodes, those which could
not be connected to any of their neighbors.

We have developed a connection method for which
a \rough" surface is a strength area. ClosestVE can
be used to connect nodes generated near the surface
of \rough" obstacles to nearby pre-existing roadmap
edges and nodes.

Figure 6 demonstrates the abilities of ClosestVE
[12]. The small rectangular objects shown are dif-
ferent robot con�gurations (nodes) which are in the
roadmap. Roadmap edges, shown as lines between
roadmap nodes (small blocks), are made by a straight-
line local planner.

Initially the roadmap consists of all the nodes shown
and a single edge between two of them. That edge con-
nects two nodes located at the extreme left and right
of the wireframe bounding box. It lies above the top
edges of the larger parallel obstacle walls below. The
86 nodes shown were connected to the pre-existing
roadmap edge using ClosestVE. ClosestVE can con-
nect new nodes to roadmap nodes and the implicit
nodes on edges. Other connection methods only con-
sider inter-node connections.

5.3 Filtering

In our �nal set of experiments, we apply a �lter
to nodes generated for our hardest example problem.
The alpha puzzle, as shown in Figure 7a, consists of
two identical twisted tubes. One tube is the robot, the
other an obstacle. Going from linked to unlinked re-
quires the robot to simultaneously translate and rotate
in a very speci�c sequence which has so far eluded all
PRM attempts to capture. In our �nal set of experi-
ments we use OBPRM to generate a preliminary map.
Robot nodes generated near the outer circumference
of the obstacle are easily connected to one another.
Those on the inside are more diÆcult. We want the

ones on the inside. So the map is �ltered. Only nodes
which could not be connected to any other roadmap
node are retained. We can use the �ltered set of nodes
as seeds for one of the growth paradigm planners, our
interpretation of the Rapidly{Exploring Random Tree
(RRT) [22]. Figure 7b-d shows the result. In all the
�gures, the large tube is the obstacle. The small dark
tubes are scaled (.1) versions of the robot tube. The
scaled versions of the robot sometimes appear in col-
lision but the full sized versions never are. Figure 7b
shows the map nodes resulting from the initial applica-
tion ofOBPRM. Figure 7c shows the the isolated nodes
remaining in the roadmap after all larger connected
components have been removed. Figure 7d shows the
progress that RRT is able to make with the \good"
seed nodes provided by OBPRM after �ltering.

6 Conclusion

We have proposed an iterative adaptive meta{
planner for motion planning. Many components of
such a system are available today. Our group has de-
veloped a basic framework which provides implemen-
tations of our own algorithms and those (our interpre-
tations) of others.

To implement our meta{planner we need to sub-
divide the problem environment and and characterize
the subregions. Towards that end, we use and recom-
mend the basic PRM when confronted with an unex-
plored instance of the motion planning problem. A
basic PRM builds a nice roadmap for open areas and
allows us to gather information with which to char-
acterize \free" versus \cluttered" regions. Such infor-
mation can drive the next iteration towards building
a better roadmap.

We highly recommend an Obstacle{Based PRM
(OBPRM) in areas identi�ed as \cluttered". For ob-
stacle surfaces which can be identi�ed as \rough", we
present ClosestVE as a connection method for nodes
generated near the surface. Such nodes cannot easily
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connect to one another because of the surface irregu-
larities lying between them.

Finally, to keep computational costs down, the
roadmap must be kept compact. We propose the �lter-
ing of probabilistically generated information which is
redundant and discuss several di�erent types of �lters.
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