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ABSTRACT

Previously our novel Shared Potential Field (SPF) method
has been introduced and compared against a non-sharing
control in both simulation and laboratory settings. In this
paper, we compare the SPF against an existing type of robot
architecture, a hybrid robotic system. The task given to the
multi-robot systems is to traverse an unknown environment,
in search of a single target. The metric of performance was
the time taken to find the target. Experiments show that
the hybrid system showed similar performance to the non-
sharing control. In contrast, our Pessimistic variant of the
SPF outperformed the hybrid system in the cluttered envi-
ronment, and the Optimistic SPF variant outperformed the
hybrid system in the sparse environment. We conclude that
the SPF method reacts more robustly to the dynamic na-
ture of the real-world, and so performed significantly better
throughout the experimentation.

1. INTRODUCTION

In [2, 3] Baxter et al. introduced the Optimistic SPF and the
Pessimistic SPF, by comparing them against a non-sharing
control in simulation, over a number of search problems
varying in object density and the number of targets. The
systems were termed optimistic and pessimistic in terms of
belief in sensor readings. With the optimistic variant of the
SPF being more inclined to believe in the absence of ob-
stacles. Whilst the pessimistic variant is more inclined to
believe in the presence of obstacles. Results showed that
the SPF approaches significantly out-performed the non-
sharing system. The fact that no difference was observed
between the two SPF systems was a result of the lack of
noise within the simulated environment. In [4] the SPF
approach was transferred onto a real robotic system and
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the single target search problem was repeated in a labora-
tory environment. Results showed that unlike in the simu-
lation, only the Pessimistic SPF significantly outperformed
the non-sharing control. This was attributed to the noisy na-
ture of the real world, resulting in pessimism being the best
practice. The SPF can be defined as a reactive robotic sys-
tem. Therefore, it was decided to compare the SPF against
a different type of robotic architecture. In this paper we de-
scribe the experiments that compare the SPF method against
a hybrid system, such as those pioneered by R. C. Arkin [1].

This paper is structured as follows: In section 2 the SPF
method will be described in detail. Two variants will be in-
troduced a pessimistic and an optimistic approach in terms
of belief in sensor values. Section 3 will describe the hy-
brid system that we will compare our SPF method against
in this paper. The hybrid system consists of two modules,
a deliberative path planner, and a reactive motor controller.
In section 4 the experimental setup will be explained in de-
tail, including a description of the robots used and of the
laboratory environment. Section 5 will present the results
obtained, and will show that the SPF method significantly
outperformed the hybrid system in almost all cases. Section
6 will conclude this paper, with a discussion of the results
obtained and some proposals of possible future areas of re-
search.

2. SHARED POTENTIAL FIELD (SPF)

The basis of our SPF is Coulomb’s law of electrostatic force,
as given by

F =k B2 )
T

where F'is the force, ¢, represents the unit charge of the
robot and ¢, the unit charge of an obstacle detected by an
ultra-sonic sensor. r is the sensor reading from the relevant
ultra-sonic sensor, i.e. the distance of the closest object. For
simplicity, all obstacles and robots are given a unit charge
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of 1 and k¢ (the electrostatic constant) we ignore (set to 1).
Therefore, the calculation is now the inverse square law:

1
F= 72 (2

So the smaller the reading from the ultra-sonic sensor
the greater the force. The reason why we have simplified
Coulomb’s law in this manner, is that as we are only using
ultra-sonic sensors to create the potential field, there is no
way of distinguishing between objects, as such all objects
have to be assigned the same unit value. Therefore the unit
charge of the robot is also set the same unit value, in order
to get the appropriate behaviour (attracted to regions of low
resistance). The electrostatic constant is ignored as it is just
a constant and has not direct affect in this application. As
the system was designed with the Miabot Pro class of robot
in mind, we calculate eight forces per robot corresponding
to the fact that each robot has eight ultra-sonic modules in
an array.

After each robot has calculated its own local potential
field, local groups of robots are formed (see figure 1), which
share this information. The process is similar in concept to
“dynamic robot networks” in Clark et al. [5] but instead
of sharing trajectories and plans, pose and potential field
information is shared. Local groups are formed by sequen-
tially going through the robots within the environment and
assigning other robots to their group if they are within a
given distance of that robot. Robots that move out of range
are no longer considered a part of the local group. This pro-
cess enables robots to join and leave multiple local groups
throughout the life-time of the task. A distance of 70cm
was used in the laboratory as this is approximately double
the boresight reflection  of the ultra-sonic sensors.

Once local groups have been assigned, pose and poten-
tial field information is shared. This is achieved through the
following process. To provide a brief example we will use
figure 2:

1. The robots are modelled within 2-dimensional space.
Ultra-sonic ranges are represented as lines on a plane
and the sensory limits of a robot are represented as
circles on a plane.

2. All ultra-sonic ranges that intersect the line A (the
radical line) are available to share information. These
lines are marked with a [im figure 2.

3. Information is shared between these ultra-sonic and
any of the other robot’s ultra-sonic ranges that they in-
tersect. It shares information with 3 ultra-sonic ranges
(thick lines). In such cases, calculations are com-
pleted on intersections sequentially. In the example,
the force of B would be compared with the force of 1,
then the force of 2, then 3.

1The boresight of an ultra-sonic sensor is the angle to which it is point-
ing. Boresight reflection refers to the response received by the ultra-sonic
sensor from the ground.
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Figure 1: Local Groups: Robots 1, 2 and 3 form group A.

Robots 2, 1 and 3 form group B. Robots 3, 1, 2 and 4 form

group C. Robots 4 and 3 form group D. Finally, Robot 5 is
in a group of its own.

Figure 2: Obstacle Detection: Robot 3 detects obstacle X,
robot 4 detects obstacle Y.

We have implemented two versions of the SPF approach,
referred to as Pessimistic and Optimistic in terms of sensor
noise. In the Pessimistic SPF, when two lines intersect their
forces are compared and the highest value is used. In the
Optimistic SPF the lowest value is used. In our example
(figure 2), robot 3’s ultra-sonic sensor detects the obstacle
X. However, robot 4 detects obstacle Y. In the Pessimistic
SPF, robot 4’s force value, being the greater of the two, is
used by robots 3 and 4, hence robot 3 would detect an obsta-
cle closer than would have been previously possible. Con-
versely, in the Optimistic SPF, robots 3 and 4 would use the
smaller force value from robot 3 and so robot 4 would de-
tect an obstacle further away than previously. As you can
see the sequence of comparisons can make a huge differ-
ence to the resulting potential field, the difference being the
scale to which the system is pessimistic or optimistic. Cur-
rently no further research has been done on the effects of
the scale of optimism or pessimism. However, it would be
of interest to see if the scale had any significant effect.

The desired advantage of the Pessimistic SPF is that it
will be less vulnerable to false negatives (not detecting ob-
stacles that are there). However, it will be more suscepti-
ble to false positives (detecting obstacles that are not there).
The desired advantage of the Optimistic SPF is that it will
be less vulnerable to false positives. However, it will be



more susceptible to false negatives.
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Figure 3: Action Selection: (a) the robot calculates the min-

imum force, f3, (b) the robot rotates towards the minimum

force, (c) the robot moves forwards (towards the minimum
force).

Once the combined potential field has been calculated
(or not in the case of the non-sharing control), the mini-
mum force fmin is discovered (figure 3a). The robot has
a default forward motion within the environment unless it
comes across an obstacle in its path (a force value of 25 or
less, even though this is approximately 20cm from an obsta-
cle, due to lag in communications, the robot will not avoid
the obstacle until a distance of about 5¢m), in which case
the robot rotates towards fmin (figure 3b). Once the for-
ward orientation of the robot equals the direction of fmin,
the robot resumes its forward motion (figure 3c).

3. THEHYBRID SYSTEM
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Figure 4: Hybrid System Architecture.

The hybrid system we implemented was comprised of
two modules. A diagram of the complete hybrid system
architecture is given in figure 4. The first module, a delib-
erative module, was the Wavefront propagation path plan-
ner, which given a map of the environment calculated the
shortest path to randomly generated targets. Random targets
were generated using a lagged Fibonacci pseudo-random

number generator over a uniform distribution. The targets
x and y positions and 0 orientation were all generated sepa-
rately. This provided a visually nice spread of targets across
the environments. It should be noted that the target genera-
tion did not take into account obstacles within the environ-
ment, as such if a target was generated within an obstacle,
the Wavefront algorithm would request a new goal.
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Figure 5: Example path planning by the Wavefront propa-
gation path planner.

The robots in the system were unaware of the other robots.
However, the current goals of all robots taking part in the ex-
periment were globally available, and so the current goals of
other robots were taken into account when generating new
goals for individual robots (new goals were forbidden to
be generated within a 20cm radius of current goals), this
is shown in figure 5.

The second module which was reactive in nature, was
the Nearness Diagram (ND) algorithm developed by Minguez
etal. [9, 10], which enables the Miabot to avoid non-mapped
obstacles. The basic algorithm is as described in figure 6.
Given a goal location and current sensor readings, the al-
gorithm attempts to match the current situation, to one of a
list of pre-defined situations. These situations described the
obstacle layout of the environment. Each of the pre-defined
situations had a series of actions associated with it, which
the robot attempted to complete. This process was contin-
ually looped until either the goal was reached or the robot
“gave up” (determined by a pre-defined threshold value) i.e.
the robot did not make enough progress towards the target
in terms of distance or time. The main advantage of the
ND algorithm over other conventional reactive controllers
is its ability to actively avoid oscillation scenarios, which
are prevalent in potential field based approaches [8]. ‘U’
shaped obstacles were actively avoided by the robot.

Both the Wavefront propagation algorithm and the ND
algorithm were already implemented in Player 2 which made
the deployment of the hybrid system within our robotics lab-
oratory a simple process.

2An open source robot controller. More information about the Player
project can be found at http://playerstage.sourceforge.net/
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Figure 6: Basics of the ND algorithm.

4. EXPERIMENTAL SETUP

The type of robot used in the experimentation was a Merlin
Miabot Pro, see figure 7. Each Miabot was approximately
18cm % 8cm * 8cm and was equipped with the following
sensors/actuators:

« Differential Drive: with an optical encoder resolu-
tion of 0.04mm and a maximum reported speed of
3.5m/s, this is limited to 1m/s in the experimenta-
tion in order to allow accurate tracking by the over-
head camera system. The Miabot is non-holonomic.

e Ultra-sonic Array: with a range of approximately
3em—2m and a field-of-view of approximately 360°.
Small gaps of approximately 15° existed between each
individual sensor.

« Blob-finder: a camera with a fixed forward orienta-
tion and 30° field-of-view. An on-board blob-finder
algorithm tracked the environment for a single blob
defined by an RGB value sampled from a single frame
grabbed from a camera approximately 30cm away
from the target.

Figure 7: Miabot Pro.

A global vision system tracked the position and orienta-
tion of the Miabots within the environment. This is due to
limitations within the Miabot that rule out any reliance upon
odometric readings.
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The hybrid system completed the task on the same en-
vironments as the SPF methods. These environments dif-
fered from each other, in the number of obstacles present,
from a sparse environment (20% obstacle coverage) to a
cluttered environment (40% obstacle coverage), see figures
8, 9 and 10. The positions of obstacles, the target and the
Miabot starting location in the cluttered environment were
generated randomly. To create the sparser environments
four obstacles were removed randomly (one from each im-
age quarter) to create environment 2 and another four to
make environment 3. Each environment was approximately
1.7m>2.5m and was enclosed within 15¢m high walls. The
target was a pink can approximately 12e¢m < 7em X 7em.
Obstacles were rectangular boxes approximately 16¢m %
12em % 8cm.

Figure 8: Cluttered Environment.

Figure 9: Normal Environment.

Figure 10: Sparse Environment.



During the hybrid experiments the Miabots had a max-
imum velocity of approximately 0.1m/s or 10deg/s and a
minimum velocity of 0.02m/s or 5deg/s. The on-board
blob-finder algorithm in the camera was used to detect the
colour of the target. The Miabot(s) came to a permanent
halt once the target was found. As with previous experi-
ments the Miabots were controlled through Player servers.
The hybrid architecture was deployed as a Player client.

5. RESULTS

Table 1 shows the average time taken, in seconds, for the hy-
brid system to complete the search task with a given number
of Miabots. The best results for a given number of Miabots,
in a given environment, are shown in bold. The hybrid sys-
tem clearly performs best in the sparse environment (envi-
ronment 3). However, this is still markedly worse than the
two potential field sharing systems. Further detailed statis-
tical analysis follows.

Table 1: Mean completion (seconds) for each system in each
environment for 2-8 Miabots, to 1 d.p.

2 3 4 5 6 7 8

Env1
non-sharing [266.0 220.6 216.3 232.8 219.3 236.1 172.4
pessimistic 273.7 228.9 177.9 174.6 187.3 212.9 167.2

optimistic [291.0 243.2 221.8 197.1 194.8 225.3 169.2

hybrid  264.6 267.9 248.4 254.0 209.7 246.6 232.3

Env 2
non-sharing [219.4 184.4 160.1 219.4 180.9 184.5 167.4
pessimistic [182.5 161.8 140.2 115.4 164.4 189.0 153.7

optimistic [216.2 212.1 134.5 183.9 167.4 187.8 178.2

hybrid  210.8 230.4 168.9 200.6 219.5 155.0 161.4

Env 3
non-sharing [189.4 161.6 143.9 154.9 111.8 84.9 102.1
pessimistic 216.8 177.4 171.7 143.9 107.1 102.2 100.1

optimistic {207.0 163.1 117.0 97.3 65.0 119.7 101.2

hybrid [156.7 142.5 128.6 176.8 126.5 115.7 117.9

5.1. Comparison Between Systems

The Kruskal-Wallis test [7] was used to compare the perfor-
mance of the hybrid system against the three systems previ-
ously defined (in [2, 3, 4]), over the different environments.
The parameters were set as follows, £ = 4 (the number of
samples), N = 80 (the total sample size) and z = 2.4 (to 1
d.p.), where the critical z value is for a level of significance
of 0.1. Table 2 shows the differences between the means
of ranks for the three potential field systems and the hybrid
system, significant differences are in bold, non-significant
differences are omitted where possible for brevity. As only
values of 17.6 (to 1 d.p.) or more are significant it can be
seen that in environment 1, the hybrid system performs as
good as the non-sharing system, but worse than the Pes-
simistic SPF with 5 or less and 8 Miabots. The Optimistic

SPF also performs better with 5 and 8 Miabots. In envi-
ronment 2, the hybrid system performs as well as all of the
potential field systems, in all but one case. In environment
3, the hybrid system has the same performance as the non-
sharing and pessimistic systems. The Optimistic SPF per-
forms better with 5 to 6 Miabots.

Table 2: Significant differences between the potential field
systems (non-sharing (R1), pessimistic (R2) and optimistic
(R3)) and the hybrid (R4) system (to 1 d.p.)

4 5 6 7 8

Env1
Ry — R4[F109 -6.1 3.1 -29 -17.5
Ry — R4}-23.2-235 -6.8 -9.9 -19.9
R3— R4|-8.3 -18.2 -43 -5.7 -19.5

Env 2
Ry —R4|-78 45 -108 6.0 0.6
Ry — R4|-9.6 -24.3-158 9.1 -4.2
R;— R41-16.8 -5.4 -142 84 39

Env 3
Ry — R4|-05 -59 -106-17.1-11.8
R, —R4| 69 -11.0-11.2 -85 -13.1
R3— R4|-6.3 -20.4-22.1 -4.4 -145

5.2. Comparison Between Environments

Again we employed the Kruskal-Wallis test to compare sys-
tem performance across the three different environments.
This time however, using the parameters £ = 3, N = 60
and z = 2.1 to 1d.p. As only values above, 11.8 (to 1
d.p.) are significant, it can be seen that the hybrid system
clearly performs better in environment 3 than in environ-
ment 1. The performance across the other environments are
mixed, with the hybrid system performing better in environ-
ment 2 than in environment 1 with 4 and 7 or more Miabots.
Whereas, the hybrid system performs better in environment
3 than in environment 2 in just two cases (3 and 6 Miabots).

Table 3: Significant differences between means, hybrid sys-
tem, to 1 d.p.

2 3 4 5 6 7 8

envl-env2|95 6.3 143 9.2 -1.2 18.015.3
envl1-env3(18.621.823.914.018.3 26.324.5
env2-env3|92 155 95 4.8 194 83 9.2

5.3. Comparison Between Group Sizes

The Friedman test [7] was used to compare the performance
of each system with differing group sizes. With the follow-
ing parameters; k = 20, n = 7and z =2.8to 1 d.p. As such
all values above 38.6 (to 1 d.p.), were significant. However,
the number of Miabots in the experiment had no significant
effect on the performance of the hybrid system in any of the
environments. Therefore, the results are not shown.
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6. DISCUSSION

In this paper we have presented the findings from comparing
the SPF against a hybrid system, in a laboratory setting.

The results section clearly shows that the hybrid system
performed best in the sparse environment (environment 3),
this is due to two main reasons. Firstly, the sparser the en-
vironment, the more valid paths/goals the Wavefront algo-
rithm could plan, which lead to a greater area of the environ-
ment being explored. Secondly, as there were less obstacles
in the environment the ND algorithm could move the Mi-
abot at its maximum velocity more frequently.

The hybrid system performed as well as the non-sharing
system but worse than both variants of the SPF. The Opti-
mistic SPF perfored better with 5 to 6 Miabots in the sparse
environment (environment 3), the Pessimistic SPF performed
better in the cluttered environment (environment 1) with
5 or less and 8 Miabots whilst the optimistic system per-
formed better with 5 or 8 Miabots. This is because, whereas
the hybrid system plotted a path of least resistance to a goal,
the SPF reacted to the least resistance in the field, which was
more adaptable to environmental changes than the Wave-
front algorithm i.e. other Miabots moving in the environ-
ment. The embodied behaviour of the SPF to spread out
(robots repulse each other), enabled the systems to cover
a larger area of the environment more frequently than the
hybrid system which relied upon a good random spread of
target locations.

The number of Miabots within the hybrid system had no
bearing on its performance. This was due to the relatively
small increase in group size, which did not lead to any sub-
stantial increase in probability that the global planner would
select target locations near the actual position of the target
within the environment.

6.1. Future Work

In the current system, only ultra-sonic data is embodied
within the SPF. Our architecture could be extended to al-
low the input of multiple sensors. In particular, blob finder
data could be fused within the SPF in order to encourage
robots to move towards areas that possibly include targets.
The blob-finder could also be used to aid robot dispersal, as
currently other robots are treated as obstacles, rather than
the special case obstacle which they are.

Currently, the potential fields are combined by either
taking the maximum or minimum of two intersecting fields.
It would be interesting to investigate the effect of using other
methods to combine the two. For example, the mean of the
two potential fields may be used, or a method based on the
comparison of two robots internal beliefs [6].

We simplify Coulomb’s law to an inverse square law, it
would also be interesting to see what effect implementing
Coulomb’s law fully would have on system performance.
This would enable us to assign different types of obstacles
different unit values. For example, if other robots had a
higher unit charge, the repulsion rate would increase, which
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may help the robots to disperse more evenly throughout the
environment.
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