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Abstract: With reference to the motion planning problem, we present a simple
strategy for improving the connectivity of probabilistic roadmaps by genetic post-
processing. In particular, our objective is to increase the roadmap density in narrow
passages, where many of the existing probabilistic planners perform poorly. To this
end, we associate to each individual (i.e., to each robot configuration) an easily
computable fitness function based on the distance between disjoint components
of the roadmaps. Straightforward selection, crossover and (possibly) mutation
operators are then applied to improve the quality of the population. Numerical
results in different workspaces, including a well-known benchmark, show the
effectiveness of the proposed strategy. Copyright (©2006 IFAC
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1. INTRODUCTION

In recent years, the concept of Probabilistic
Roadmap (PRM) has proved to be a powerful
tool for motion planning in the presence of ob-
stacles, particularly for robots with many de-
grees of freedom (Kavraki et al., 1996; Nissoux et
al., 1999; LaValle and Kuffner, 2001). The basic
idea of PRM-based planners is to generate random
samples of the robot configuration space, check
the samples for collision with obstacles in the
workspace, and connect feasible samples through
a roadmap which captures the connectivity of the
collision-free configuration space.

PRM-based planners are only probabilistically
complete, but perform very well on the average,
chiefly in terms of time efficiency. However, some

instances of the motion planning problem are ex-
tremely difficult !. A critical situation for PRM-
based planners is the presence of narrow passages
in the free configuration space. On the one hand,
the small volume of these regions makes their sam-
pling less likely. On the other, the knowledge of
the obstacle geometry in the workspace provides
no direct clue about the location and shape of
these passages in the configuration space, espe-
cially when the latter is high-dimensional. Proba-
bilistic techniques aimed at increasing the density
of samples in narrow passages have been pre-
sented, e.g., in (Boor et al., 1999; Hsu et al., 1999).

1 Indeed, it should be noted that the motion planning
problem is PSPACE-hard (Reif, 1979) and becomes un-
decidable in the presence of frictional surfaces (Reif and
Sun, 2003).



In this paper, we present a simple genetic strategy
for increasing the connectivity of PRMs in critical
areas. The idea is to use one of the existing PRM-
based planner for a limited time so as to obtain
a rough roadmap. If this contains unconnected
components, it is taken as initial population for
the genetic process. A fitness is then computed for
each individual (i.e., for each robot configuration),
based on the distance between the current and
the other components. Straightforward selection,
crossover and (possibly) mutation operators are
then applied to improve the quality of the popula-
tion. As experimental results show, the increased
computational cost of our particular type of non-
uniform sampling is compensated by the reduction
in the number of disjoint components, ultimately
resulting in a connected roadmap.

The paper is organized as follows. The formulation
of the problem and our approach to the solution
are outlined in Section 2. The proposed method is
explained in detail in Section 3. Section 4 reports
the results of planning experiments. A discussion
on the genetic aspects of our techniques, given in
Section 5, concludes the paper.

2. THE BASIC IDEA

We address the motion planning problem with ref-
erence to the classical formulation in (Latombe,
1991):

e Let A be the robot, i.e., a single rigid object
or a collection of linked rigid objects moving
in a Euclidean space W, called workspace,
represented as IR>;

o Let By,..., By be fixed objects distributed in
W, called obstacles.

o Assume that the geometry of A, By,..., B,
and the locations of the B;’s in W are known.
Assume also that A is free-flying, i.e., it is not
subject to any kinematic constraint.

Given an initial and a goal pose (i.e., position and
possibly orientation) of A in W, a collision-free
path 7 is seeked, i.e., a continuous sequence of
poses of A which avoid contact with the B;’s and
connect the initial with the desired pose. Failure
should be reported if no such path exist.

Our approach prescribes two phases (Figure 1):

(1) In the first phase, we let an existing PRM-
based planner run for a short time to obtain a
rough roadmap. All such methods try to con-
nect feasible samples by means of a local plan-
ner. If this roadmap contains unconnected
components, it is taken as initial population
for the next step. In our experiments we have
used various planners, including the basic
PRM (Kavraki et al., 1996) and the Visibility
PRM (Nissoux et al., 1999).

any PRM-based

planner - genetic post-processing

PRM taken as

initial population modified PRM

Fig. 1. The proposed two-step approach.

(2) In the second phase, a genetic reproduc-
tion process takes place. Each node of the
roadmap is an individual of the initial pop-
ulation. A fitness function based on the dis-
tance between each node and the other com-
ponents is used to sort the population before
applying selection, crossover and (possibly)
mutation operators. The process stops when
the roadmap becomes connected or a maxi-
mum number of generations is reached.

A solution to the motion planning problem is
then seeked by connecting the initial and final
configuration to the roadmap.

In the next section, we explain the structure of
the second phase.

3. GENETIC POST-PROCESSING

The proposed genetic algorithm works on a pop-
ulation of individuals that represent samples of
the free configuration space. Each individual is
coded through a single chromosome of genes, i.e.,
a vector of generalized coordinates corresponding
to the particular configuration. The initial popu-
lation is defined as the roadmap provided by the
first step in Figure 1.

A pseudocode of the algorithm follows.

the GENETIC POST-PROCESSING algorithm
{P,N} — INIT_POP
{P, M} — CONNECT(P)
i1
while M > 1 and i < Ihax do
{P,N} «— FITNESS(P, N, M)
{P,N} — MERIT_CROSSOVER(P, K, Niax)
{P,N} — RANDOM_CROSSOVER(P, K{,, Nmax)
{P,N} — MUTATION(P, Kmut, Nmax)
{P,M} «— CONNECT(P)

i— 1+ 1

return P
with:
P: roadmap (population)
N: number of individuals in P
M: number of connected components in P
i iteration (generation) counter
Tnax: maximum number of iterations
Nmax: maximum number of individuals in P
K2 number of individuals chosen for merit crossover
K.: number of individuals chosen for random crossover
Kmut:  number of random mutation attempts

In the following, we discuss in some detail the
single procedures.



Fig. 2. The fitness of n is d3 = min (dy, da, d3).
3.1 Initialization

The INIT_POP procedure creates the initial pop-
ulation P as a copy of the roadmap produced
by the first step (one individual for each node
of the roadmap) and computes the population
size N. Then, the CONNECT function evaluates
the number M of connected components in P; all
possible connections so far undetected are investi-
gated at this stage according to the local planner.

3.2 Fitness

The choice of the fitness function is critical be-
cause, in a genetic algorithm, it will orient the
evolution of the individuals towards a generation
with certain characteristics. In our case, we would
like to generate configurations that increase the
connectivity of the roadmap by sampling narrow
passages. In the absence of knowledge about the
geometry of the free configuration space, we sim-
ply chose to privilege nodes that reduce the dis-
tance between unconnected components. In prac-
tice, after determining which component of the
roadmap each node belongs to, the FITNESS
function computes the minimum distance between
the node and the other components (Figure 2),
and sorts the population in decreasing order of
fitness. Note that the fitness function is symmet-
ric, i.e., for each node with a certain fitness there
is (at least) another node with the same value.

The effect of this definition of fitness is illustrated
in Figure 3, which shows that nodes that close
the gap between unconnected components (such
as node 2) are preferred over others (such as node
1). In some sense, this fitness function acts as an
attractive potential field (Khatib, 1986) during the
genetic process, pulling new individuals towards
the nearest connected components. Note that ob-
stacle avoidance is not obtained by repulsive fields
(we assume no knowledge of configuration space
obstacles) but implicitly guaranteed by collision
checking.

Fig. 3. The fitness of node 2, which reduces
the distance between the two unconnected
components, is larger than the fitness of 1.

3.3 Crossover

Once the population has been sorted according
to the fitness function, crossover takes place.
This step, which is aimed at generating new
samples approaching unconnected components,
takes place sequentially on two subsets of the
population: first, on the best K2 individuals
(MERIT_CROSSOVER), and then on K[, ran-
domly chosen individuals among the remaining
population (RANDOM_CROSSOVER). The ob-
jective of random crossover is to preserve the
probabilistic nature of the roadmap.

The crossover operator on a generic node n works
as follows. First, the component defining the fit-
ness of n is identified (this is the unconnected
component to which n is closer). Then, a new
sample (a son) is randomly placed along the line
connecting n to each node of that component
(recall that we assume a free-flying robot, so that
the local planner generates straight lines).

To be added to the population, each son must
go through a validation step, which verifies if the
following properties are satisfied:

(1) the son is collision-free;

(2) the son can be connected via a collision-free
path to one of its parents by the local planner;

(3) if N = Npax (i-e., if the population has
reached its maximum size), the fitness of
the son, which can be computed once the
new configuration has been connected to a
parent, must be larger than that of the worst
leaf (i.e., without sons) individual in the
population.

While the necessity of the first two properties is
self-evident, a comment is in order with respect
to the last one. If N = Npa.x, we enforce a
‘one birth-one death’ policy to contain the pop-
ulation size and guarantee its evolution toward



the desired generation. However, to preserve the
current degree of connectivity in the roadmap, the
death of individuals with sons must be avoided.
On the other hand, while the death of low-fitness
leaves will not affect the roadmap connectivity, it
will decrease its coverage of the free configuration
space. For this reason, it is advisable to merge the
genetically modified roadmap with the initial one
before solving a planning query.

If a mutation step is included in the algorithm, all
the sons generated during crossover that have not
been validated because they are in collision are
stored for possible later use (see next subsection).

3.4 Mutation

After crossover, an optional mutation (MUTA-
TION) phase takes place. Unorthodoxly, however,
in our algorithm mutation does not occur in indi-
viduals that belong to the population; instead, it
involves only those crossover samples (sons) that
have not passed the collision check. These samples
will not be added to the population, but will be
used for mutation before being discarded.

The idea is to take advantage of all sons in col-
lision for performing a bridge test, as proposed
in (Hsu et al., 2003). In particular, denote the
generic son in collision by ¢;. A second configu-
ration ¢ is generated in a random direction at
a given (small) distance from ¢;. If also ¢o is in
collision, a new sample ¢, is generated halfway
along the segment connecting ¢; to g2 (the bridge).
At this point, ¢, goes through a validation phase
similar to the one described above, with a key
difference: in the second step, since ¢; and ¢o are
in collision, one tries to connect ¢, to the parents
of q1. If qp is validated, it is added to the roadmap;
otherwise, it is discarded and a new son in collision
is chosen for the bridge test.

Fig. 4. A typical result of the proposed strategy.
Nodes and links in red were added in the
genetic post-processing phase.

Similarly to the crossover step, we have chosen
to perform an additional mutation phase on a
random base. In particular, K,,; random samples
are generated from scratch and, if found to be in
collision, used for performing a bridge test.

3.5 Connectivity test

The final step before starting a new iteration is
to check if the newly added individuals allow a
reduction in the number M of unconnected com-
ponents, and to update the roadmap accordingly.
This is done by the same CONNECT function
used in the initialization phase. If M = 1, the
algorithm stops. A typical result of the algorithm
is shown in Figure 4.

4. PLANNING EXPERIMENTS

The proposed two-step strategy (PRM genera-
tion and genetic post-processing) has been im-
plemented in C on a Pentium IV PC running
at 2.80 GHz. In particular, we have integrated
our algorithm in Move3D (Simeon et al., 2001), a
software platform developed at LAAS-CNRS and
dedicated to motion planning? .

In the presented experiments, the initial PRM is
obtained by running the Visibility PRM (Nissoux
et al., 1999) for a limited time. This planner has
the desirable property of generating a very com-
pact roadmap, which is then given to our genetic
post-processing phase. The results (in particular,
the CPU time needed to reduce the number of
components to one) are then compared with those
obtained by letting the Visibility PRM run on its
own. All the reported numerical data are averaged
over 10 runs of the algorithm.

The first problem we consider is illustrated in Fig-
ure 5. The free configuration space of the mobile
robot is a copy of the free workspace (a subset of
]Rz)7 and includes a narrow passages between two
walls. The Visibility PRM has been allowed 100
iterations, while the parameters for the genetic
post-processing phase are the following: N = 100,
Imae = 500, K2 o = 15, K. = 5 (see the
algorithm pseudocode in Section 3). We have run
the proposed algorithm in two versions: in the
first, mutation is completely discarded, while in
the second it is included with K, = 20 for the
random mutation phase.

In the result table included in Figure 5, we report
the results of the first phase, performed with the
Visibility PRM method (V-PRM), and those of

2 Move3D is at the origin of the product Kine-
oWorks currently marketed by the company Kineo CAM
(www.kineocam.com).



Parameter V-PRM GPP GPP_Mut Parameter V-PRM GPP GPP_Mut
roadmap size 8 100 61 roadmap size 15 200 200
random confs 100 820 764 random confs 100 1926 1179
free confs 40 105 69 free confs 42 165 148
LP calls 525 2868 1169 LP calls 3361 9367 12841
CC calls 3338 4096 5507 CC calls 30685 40497 51892
CPU time (sec) 0.32 2.61 1.82 CPU time (sec) 4.87 4.92 2.88
components 2 1 1 components 6 1 1

Fig. 5. Results in a simple environment.

the genetic post-processing phase, without (GPP)
and with (GPP_Mut) mutation. The reported
parameters for each phase are: the number of
nodes in the roadmap, the total number of random
samples, the total number of samples that are
not in collision, the number of calls to the local
planner and to the collision checker, the CPU time
and the number of components in the roadmap.
While there are two unconnected components in
the initial population, both GPP and GPP_Mut
are able to join them, although the latter is
slightly faster.

Note the following points.

e The size of the initial roadmap is very small
(8 individuals) thanks to the V-PRM prop-
erty of including only configuration that are
guards of their visibility domain (Nissoux et
al., 1999). The population is increased to its
maximum size N by GPP, while GPP_Mut
increases the number of individuals but does
not reach the limit.

e The number of CC calls is much higher than
the number of free configurations because the
collision checker is also invoked for testing the
feasibility of local paths connecting two free
configurations.

e The V-PRM method on its own would have
built a connected roadmap in 8.79 sec. The
total time with our two-step strategy is 2.93
(without mutation) or 2.14 (with mutation)
sec.

The environment chosen for the second experi-
ment includes a long, tortuous corridor (see Fig-
ure 5). The Visibility PRM has been allowed 1000
iterations, while the parameters for the genetic

Fig. 6. Results in a corridor-like environment.

post-processing phase are the following: N = 200,
Iaz = 9500, Koo = 10, K.« = 5. For the
version including mutation we have used again

Kmut == 20

The results show that in this case both GPP
and GPP_Mut were able to reduce the number of
unconnected components from 6 to 1, increasing
the population to its maximum size N in the
process. In particular, the total CPU time is 9.79
(without mutation) or 7.75 (with mutation) sec.
V-PRM on its own would have needed 15.68 sec
to obtain the same result.

The third experiment refers to a ‘puzzle’ prob-
lem (Kavraki and Latombe, 1998), which has be-
come a sort of benchmark for probabilistic plan-
ners (see Figure 7). The configuration space is 6-
dimensional and includes two large free regions
connected by a small passage, whose size depends
on the relative dimensions of the hole and the
object. In particular, we have used the same di-
mensions adopted in (Nissoux et al., 1999).

The Visibility PRM has been allowed 3000 itera-
tions, while the parameters for the genetic post-
processing phase are the same of the second ex-
periment. Both GPP and GPP_Mut were able to
reduce the number of unconnected components
from 4.5 (remember that results are averaged over
10 runs) to 1, increasing the population to its
maximum size N in the process. The total CPU
time is 117.83 (without mutation) or 105.43 (with
mutation) sec, while V-PRM on its own would
have found a solution in 279 sec, a result consis-
tent with the CPU time indicated in (Nissoux et
al., 1999).



Parameter V-PRM GPP GPP_Mut
roadmap size 80 200 200
random confs 3000 1366 1131
free confs 1934 5256 613
LP calls 38604 530 39312
CC calls 394923 79917 342085
CPU time (sec)  48.83  69.00 56.60
components 4.5 1 1

Fig. 7. Results in a puzzle example.

5. DISCUSSION AND CONCLUSIONS

We have presented a genetic approach aimed
at increasing the connectivity of probabilistic
roadmaps in narrow passages of the free config-
uration space. Our algorithm is intended as a
post-processing step to be performed over poorly
connected roadmaps. In particular, we associate
to each individual (i.e., to each robot config-
uration) an easily computable fitness function
based on the distance between disjoint compo-
nents of the roadmaps. Straightforward selection,
crossover and (possibly) mutation operators are
then applied to improve the quality of the popu-
lation. Numerical results in different workspaces,
including a well-known benchmark, have shown
that the addition of the proposed post-processing
strategy is more efficient than the use of a PRM
planner on its own, with a 50% decrease in cost
(CPU time) on the average.

This work is to be considered as a preliminary
investigation into the potentiality of genetic al-
gorithms in probabilistic motion planning. Much
work remains to be done, including a performance
comparison with PRM planners especially devised
for environments with narrow passages, e.g., those
in (Boor et al., 1999; Hsu et al., 1999).

From a genetic perspective, the proposed algo-
rithm is interesting in view of the peculiarity of
the application to motion planning. In particular,
while genetic algorithms typically aim at generat-
ing a single individual with outstanding features
(e.g., when they are used for solving optimization
problems), in our case the objective is to increase
the quality of the whole population from a con-

nectivity viewpoint. For example, this observation
led us to forbid the death of low-fitness individuals
whose presence was however necessary to preserve
connectivity. Moreover, it could be interesting to
allow the birth and growth of new unconnected
components by eliminating the connection test in
the validation phase.
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