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1 Problem description
The problem consists in de�ning the precisesequenceof roto-
translations of a rigid holonomic object of arbitrary shape
that has to be transported from an initial to a �nal location
through a large, cluttered environment. We propose a dis-
tributed planning systemmodeled as a swarm of �ying robots,
each equipped with a camera and wir elesscommunications,
that are init ially deployed in the environment and take static
positions at the ceiling, forming a distributed cameranetwork.

As reference models for the robots we consider the eye-bot
robots, that have been developed in the Swarmanoid project
(http://www.swarmanoid.org). Each robot is equipped with a
video camera pointing to the �oor , and has an infrar ed sys-
tem for measuring the relative bearing and distance between
two robots and for wir elesscommunications.

A scenarioof the experiment. An example of the planned path.

2 Path planning
Our distributed planner is derived from the classicalnumerical
potential�eld technique for a single camera planner (Latombe
et al., 1991;Choset et al., 2005)which is computed using the
wavefront expansionwith skeletonon a bidimensional uniform
cell partitioning. This solution �rst spreadsthe potential over
a subsetof the freespace,called skeleton, which correspondsto
the Voronoidiagram; then the potential is computed in the rest
of the map. The potential descentis performed using A � .

Dif fusion of the potential �eld over the skeleton.

Dif fusion of the potential �eld over the remaining freespace.

3 The three phasesof the process
The distributed algorithm has threephases:

1.Neighbor detection. Each robot builds a neighbor table, in
which the relative positions of nearby nodes are stored with
someestimation error.

2.Potential �eld dif fusion. Each robot expands the potential
�eld on its part of the map, and sends to its neighbors the
frontier values.

3.Path calculation . The robot above the start position begins
path calculation. When the trajectory exits from its area of
view, the robot sends the object coordinates to a selected
neighbor. Then the processiterates from robot to robot until
the target position is reached.

3.1 Heuristics to reduce local minima attraction

Given the distributed nature of the approach, the same local
minimum in the potential �eld can negatively affect the path
calculation phase of multiple robots. We propose two setsof
heuristics: a �rst set for the detectionandremovalof localminima
from the map, and a second set for reducingthenegativeeffects
of thelocalminimaattraction(computational time and quali ty of
the trajectories).

Referencepath from the
global planner

The path of the system
without heuristics

With Heuristics.

3.2 Local Adaptivity

An important advantage of our distributed system is that it
can locally and quickly detectandadaptto a changein theenvi-
ronment(e.g.,dynamic obstacles).A centralized system would
correct the Voronoi skeleton, repeat the potential �eld dif fu-
sion and restart the path planning. In our distributed architec-
tur e, the systemcanreducethe re-initialization costsby locally
replanning only a limited part of the path. A node that detects
a change in its local map informs the other nodes only if an
alternative local partial path cannot be found.

4 Implementation with real robots
The proposed approach was validated on a setof experiments
in a real setup. The holonomic object moving on the ground
is implemented through a set of 2 non-holonomic robots, the
e-pucks, interconnected by a rigid structure. In this way, they
form an object with a relatively large shape, which is able to
rotate and move in any dir ection. The size of the moving area
is 33m2. The multi-r obot system on the ceiling is implemented
with a setof 4 camerasconnected to dif ferent computers. Each
camera is controlled by an independent process, which co-
operates and communicates with the other processes,locally
plans the path, and then dir ects the navigation of the e-puck
system through the ground areaunder its local �eld of view.

5 Experimental results
We studied in simulation the performan ce of the proposed
planning solutions in terms of: effectiveness, ef�ciency , scal-
ability , and robustness to alignment errors. As performance
metrics, we selectedsuccessratio, the percentageof successful
runs, and pathquality, the relative length of the path compared
to the path calculated by a centralizedalgorithm with complete
and perfectknowledge. We considered a set of 25 sample sce-
narios with varying areadimensions, position and number of
eye-bots,shapesof moving object, and obstaclepositions.

5.1 Effect of heuristics vs. position errors

We assumethat the partial view of neighbor robots overlaps,
in order to permit the sharing of the rigid object position.
However , the overlapping is subject to errors deriving from
errors in cameracalibrations and in the measure of robots' rel-
ative positioning. We studied the effect of the relativeposition-
ing error between nodes in terms of angleand distanceerror for
the algorithm with and without the heuristics.
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Performance vs. errors. The error values on the x-axis indicate the stan-
dard deviation of a zero mean Gaussian distribution used to sample the
distance/angle error between the robot pairs. For eachscenario we ran 40
trials. Eachdata point representsthe averageof 25x40experiments.

For relatively low errors the performance is always very close
to that of the centralized algorithm, while for increasingerrors:

� The algorithm with heuristics degrades rapidly in terms of
successrate but slowly for path quality .

� The algorithm without heuristics behavesin opposite way.

In both cases,the system is relatively sensitive to errors on the
angle, while it is quite robust to distance errors.

5.2 Scalability performances

We study the performance of the distributed system with re-
spect to an increaseof system's resources. In the plots below
we show the effect of increasing the densityof thenodesover a
�xed areawhile varying angle errors. Increasing node redun-
dancy allows the system to deliver a higher successratio. This
effect is more marked in the experiments with larger errors, in
which the presenceof a larger number of robots can balance
the effect of theseerrors to �nd alternati ve valid paths. On the
other hand, the increasein the density leads to longer paths.
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