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Abstract

This paper describes two implementations of a e field sharing’ multi-agent system which wernteas
‘pessimistic’ and ‘optimistic’. Unlike other muldgent systems in which coordination is designedi@tp, it is

an emergent property of our system. The agentomerho reasoning and are purely reactive in naflihe
motivation behind this work is to develop a concefly simple system that can be used in a number of
applications. Experiments were conducted in theukitad search and rescue problem, although it lisveel

that the system is applicable to other common okl such as formation control, coverage and hunting
Statistical analysis showed that systems of sieight agents that shared potential fields outperéat the
equivalent non-sharing system. We conclude tharmiatl field sharing has a positive impact on agém¢olved

in a search and rescue problem.

Keywords: potential fields, multi-robot systems, multi-agemllaboration systems, autonomous systems,
search and rescue

potential fields has incorporated the concept of
1 Introduction sharing potential field information amongst agents.

Potential fields [1] have been used in robot naidga Unlike perception-reason_ing-(_axecution architectures
[2] for a number of years, despite a number of well [9] the system presented in this paper does nsbrea
known problems [3]. Examples of problems incIudeabOUF its environment. WQ dgscrlbe our system as a
oscillation near obstacles and in narrow passage&gactive system [10]. Motion is based purely on the
Modifications to the potential field algorithm have Potential field created by the sensor data in tieas-
been proposed [4] to overcome these problems. Othdfhere is no concept of teamwork [11] or role sedect
approaches to potential fields include that of Reif [12] in that each agent performs actions as an
al. [5] in which an individual agent's motion is a individual. Agents are not aware that they are phst
result of an artificial force imposed by other agen collective; —coordination becomes an emergent
and components of the system, and that of Damas Bfoperty of the system through the implicit sharaig

al. [6] in which the potential fields are modified  Potential fields by the agents.

enhance the relevance of obstacles in the diredtion |, this paper, we use potential fields in the sead

the agent's motion. Howard et al. [7] divide their rescye problem. However, we believe our system may
potential field into two components, a field due tope applied to many other problems such as robotic

obstacles and a field due to other agents. Pathak e gqccer [6] [13], the coverage problem [7] and Mt
[2] stabilize their agent within a surrounding ciliar 14].

area (‘bubble’) using two potential field controie
the agent is centred within a bubble and then it§ Potential Field Implementation
orientation is corrected. P
In our approach, an agent’s motion is a resulthef t Before a description of the ‘sharing’ agents isegiv

: ’ " . the ‘individual’ agent system will be summarised, a
force imposed by obstacles. In addition, a IOCaIthe sharing agents are based upon this individual

group’ of agents share information on COMMON, yent system and they are compared against itgdurin
potential field regions so that an agent’s motiam c 9 ys d they are P 9
the experimentation in section 3.

be a result of obstacles not perceived by the iddai
agent. The concept of a local group is similariatt The individual agent system, as the name suggests,
of dynamic robot networks [8]. However, instead ofmade up of a number of agents who attempt to solve
broadcasting trajectories and plans of agents,un o task individually without any communication or
system the potential field information is broadcadst coordination with one another. The system is
the best of our knowledge, no previous researaigusi implemented using potential fields modelled on
simple electromagnetic theory (as described in)[15]



The system is composed of positively chargedrherefore, by knowing only the relative positions
particles, which are used to calculate the fieldthsy (based upon odometric readings and the initial

inverse square law (Coulomb’s Law) below (1): location of all agents) of other agents in the exyst
agents can assign themselves to a local group.l&imp
F =% (1) geometrical calculations (the intersection of

r2

lines/circles), are used to see which agents ij are

in the local group. The world is represented ag@ t

dimensional plane. If any of the lines (represeantin

the direction of ultra-sonic sensors) from any agen

intersects a circle (representing the local radfs)
nother agent then the potential field informatain

he involved agents are shared. An example is given

below in figure 2.

whereq; andqg, are the charges of two particles and
is the distance between them. The resultant fd¥ce,
either repels or attracts the particles to one raarot
Using (1), we calculate eight individual forcesFsg;
ris therange to an object (in metres) obtained from a
ultra-sonic sensor readingy is the charge of the
agent andqg, is the charge of the object. For
simplicity, all objects are represented by a pesiti
unit charge. Rather than formally resolving into a
single force, the agent’s motor control is a simple
action selection of either move forward or rotate.
When moving forward the speed of the agent is
relative to the force acting upon it (2), when tioig
the angular speed is 0.5 r/s and the forward speed
0.025 m/s. The agent calculates the minintuifr,i,)
and rotates in the direction &%, If the direction of
the agent matches the directionFyf, then the agent

moves forwards.
= Figure 2: (Two agents): The large circles represent
- (2) the range of the agent’s sensors and thus the grey
1C square is an obstacle only observed by agent A. The
t white square represents what agent B would “see” if
the pessimistic system was implemented.

S=1

Using this conceptually simple algorithm the agen
moves away from areas of positive charge (obstacles
As a target is indistinguishable to an ultra-sonicwe describe two types of sharing systems. They are
sensor a camera is used to distinguish betweepferred to as ‘pessimistic’ and ‘optimistic’ ineth
obstacles and targets using blob detection (thee@m context of sensor noise. Consider, for example, the
tracks for the colour blue, the target). Howevather  sjtuation as in figure 2 in which Agent A detects a
than giving the target a negative unit charge th€)  obstacle that is not within Agent B’s sensor rane.
task is said to be complete once the target has beeney both belong to the same local group (within 2m
found (this is a simplification due to the natufatee  of each other), a shared potential field is comséul
task described in section 3) The orientation @& th Agent A would suggest a h|gh Charge, whereas Agent
camera is fixed to the forward orientation of tiget. B would suggest a low charge. In the pessimistic
i5 system, the highest charge is selected and so &Rjent
is repulsed by an obstacle outside its own sensor
16 range. In the optimistic system, the lowest chasge
selected and thus Agent A is no longer repulsed by
3 7 the obstacle initially detected by its sensors. The
advantage of the pessimistic system is that agaets
less vulnerable to false negatives (and so avoid
obstacles that they have not detected due to sensor
L noise), but the disadvantage is that they are more
susceptible to false positives (and so avoid olegac
they do not need to). The advantage of the optienist
Figure 1: (Model of agent): Dots represent position system is that agents are less vulnerable to false
of ultra-sonic sensor. The straight-line arrow aadés  positives but are more susceptible to false negsitiv
the forward orientation/motion of the agent.

4

3 Experiments

2.1 Potential Field Sharing All  experiments were conducted using the
As noted above the sharing agents are based upon thlayer/stage [16]  simulator. Real  world
individual agent system. In fact, they are ideriticaexperimentation is one of our key objectives, aad a
apart from the implicit sharing of potential field such, the robots modelled in the simulator aree&hos
information. Agents share their potential field that we intend to use in experiments in the futlitee
information with other agents within a local group.robots simulated for the experiments were Miabot



Table 1: Mean completion time (seconds) for each multi-aggstem in each world, for two to eight agents

(to 1d.p.).
Number of Agents
2 3 4 5 6 7 8

Individual
world 1| 300.0 250.7 255.9 225.1 205.2 273.0 288.2
world 2 | 153.8 129.6 70.1 31.7 32.4 33.2 29.9
world 3| 52.2 91.2 69.6 73.6 62.7 112.7 134.4

Pessimistic
world1| 203.4 211.1 1726 1339 1216 1243 120.6
world2 | 77.2 57.9 43.2 49.9 8.0 4.3 11.9
world 3| 115.5 141.8 67.9 78.8 64.7 1335 95.9

Optimistic
world 1| 262.5 198.8 150.2 109.4 98.0 110.2 116.0
world 2 | 132.1 42.6 31.7 26.3 11.4 4.3 9.5
world 3| 1155 1285 70.5 105.7 66.7 106.6 110.0

Pro’s [17], with an ultra-sonic range finder and-av chosen to detect the existence of association leetwe
cam modules. The ultra-sonic range finder ischaracteristics of a population.

composed of eight ultra-sonic sensors that give®® 3

field of view with a range of 3cm — 1m. The avr-cam3,1 Kruskal-Wallis Rank Sum Test

has a field of view of 30° and can track up to &igh ) . i .
blobs at the same time. The environment simulated® investigate quantitively which system performs

has approximately the same dimensions (5m x 3m) agetter we use_d the KruskaI-WaIIis ran_k sum tests Th
our real robot arena. As an initial test-bed, thénvolves ranking all of the times provided from bac
problem of search and rescue was chosen. It f&YStem; the mean of the sum of ranks for each (see

defined as follows; Agents have the task of naiigat table 2) was taken and the significant differences
an unknown environment in order to find a target”Oted- This was repeated for all three worlds dhd a

(once the target is found it is presumed rescued). ~ SEVen sizes of groups. The null hypothesig @and
alternative hypothesi$y) were as follows:
The environment consists of obstacles, agents, a

deployment zone and a target. Obstacles wero: The medians of thiepopulations do not differ.

generated within the environment (world) randomly;i: At least two of the medians differ.

the size of the obstacle, its position and itsrdé8on  As detailed in [18], the Kruskal-Wallid test statistic

all varied. The positions of the target and thewas produced whilst correcting for ranking tiesthié
deployment zone for the agents were also generate@rrectedH value was greater than the seleckd
randomly. However, these positions were fixedyalue (0.1)h, could be rejected in favour of ohy. If
throughout the experiments. The only differencethe differences between the means of ranks (table 4
between each experimental run is the noise withen t did not satisfy (3) (wherk=3,N = 60 andz= 2.1 (to
simulation in the form of ‘bad’ data e.g. sonarg®@g 1 d.p.)) and was negative this meant that the first
through obstacles. The deployment zone is a pasitiogroup had a significantly smaller completion time
in the world that all the agents start in (everggeed  than the second group. However, if it was positive,
0.1m from one another in concentric circles stgrtin can be concluded that the second group had a
from this initial position). significantly smaller completion time. This is basa

For these experiments, three worlds were generatefl. /argér mean difference relates to a longer
For each world, all three of the systems (individua COmpletion time.

pessimistic and optimistic) attempted twenty ruratt K(N +1)

were repeated for groups of two to eight agente Th‘Ri -R, ‘ <z /— 3)
time recorded for the first agent to find the targas 6

the metric recorded. Failure to complete the task

within three hundred seconds resulted in a score &.2 Friedman Rank Sum Test

three hundred seconds. The means of the results are . . h f h b f had
provided in table 1. Two statistical tests weresgio | O Investigate what effect the number of agents ha

to analyse the data. The Kruskal-Wallis test wa®" Performance, the Friedman rank sum test was

chosen, as it is useful in detecting a differencehie conducted. This involves ranking all of the times

medians of distributions. The Friedman test wadrovided from each system from all group sizes. The
sum of ranks for each (see table 3) was taken laand t



Table 2: Mean rank sum for each multi-agent system in eemttd, for two to eight agents (to 1 d.p.).

Number of Agents
2 3 4 5 6 7 8

Individual
world 1| 38.0 35.6 41.0 38.8 41.1 44.8 46.3
world2 | 225 42.1 35.2 32.2 45.7 50.5 47.0
world 3| 12.0 195 27.3 23.1 27.0 28.5 32.2

Pessimistic
world 1| 225 29.2 27.8 27.0 26.9 24.4 24.1
world2 | 39.1 26.5 29.2 325 22.1 20.0 24.3
world 3| 39.9 37.9 30.1 321 321 30.5 27.9

Optimistic
world 1| 31.0 26.8 22.7 25.7 23.5 22.3 21.1
world2 | 29.9 22.9 27.1 26.8 23.7 21.0 20.3
world 3| 39.6 34.1 34.1 36.4 325 32.5 31.5

Table 3: Column sum of ranks for each multi-agent systemaich world, for two to eight agent (to 1 d.p.).

Number of Agents
2 3 4 5 6 7 8

Individual
world1| 97.5 81.0 77.0 68.5 64.5 82.0 89.5
world2 | 121.0 118.0 79.0 62.5 53.0 59.5 67.0
world 3| 46.5 66.0 92.5 81.0 79.0 1015 93.5

Pessimistic
world 1| 101.5 100.0 89.5 75.5 60.0 68.0 65.5
world2 | 109.0 117.0 1025 93.5 57.0 26.0 55.0
world3| 91.5 110.0 74.0 74.0 64.5 81.5 64.5

Optimistic
world 1| 120.0 101.0 81.5 72.5 58.5 64.0 62.5
world 2 | 120.0 1145 102.0 85.5 59.0 31.0 48.0
world 3| 85.5 89.5 76.5 82.5 65.0 82.5 78.5

significant differences noted. This was repeatedafio
three worlds. The null hypothesilsgl and alternative 4  Results
hypothesislf;) were set as follows:

. Table 4 shows the significant differences betwéwn t
ho: The number of agents of tlepopulations has N0 means of ranks for the, individual system (R1),
effect. pessimistic system (R2) and the optimistic system
hy: The number of agents has an effect. (RBf). Rows with_ no significant differences have rbee

omitted for brevity. As only values above, 11.8 {to
As detailed in [18], the Friedman Q test statist&s  .p.) are significant it can be seen that both the
calculated. If the Q value was greater than thecsell  pessimistic and optimistic systems perform bettant
P-value (0.1) théy, could be rejected in favour of our the individual system, in groups of six or more in
h,. If the difference between column sums (table$ 5-7worlds one and two. For groups of less than six the
did not satisfy (4) (where k=20,n=7and z8 @  results are mixed. The individual system performs
1 d.p.)) and was negative this meant that the firstignificantly better in world 3 for group sizes g to
group had a significantly larger completion timarth  five beyond that the differences become insignifica
the second group. If positive, it can be conclutted |t can also be observed that there was no significa
the first group had a significantly smaller comjplet  gifference between the pessimistic and optimistic

time. systems. Table 5 shows significant differences
between the pairs of column sums for the individual

‘R —R.\s . [kn(n+1) (4) system. As only values above 38.6 (to 1 d.p.) are
! 6 significant, it can be seen that in world 2 the



individual system performs better with four or mo
agents. However, for world 3 the individual syste Table5: Significant differences between the numbers
performs better with two agents only. It can also of agents, for the individual system. (to 1 d.p.)
observed that there is no significant impact ofugro
size in world 1. Table 6 shows the same data fer
pessimistic system. It appears to perform bettéh w
six or more agents in all three worlds (which idife

Number of Agents
4 5 6 7 8

world 2

with the results from table 4). Table 7 again sho 2 agents 42.0 585 68.0 615 54.0
the same data for the optimistic system, whi 3agents 39.0 555 650 585 51.0
performs better in worlds 1 and 2 with four or mo d3

agents. There were no significant differences wor

world 3. 2 agents -46.0 -345 -325 -55.0 -47.0

Table 6: Significant differences between the numbers

f ts, for th imisti tem. (to 1 d.
Table 4: Significant differences between the of agents, for the pessimistic system. (to P)

individual (R1), pessimistic (R2) and optimistic Number of Agents
(R3) systems (to 1 d.p.) 6 7 3
Differences world 1
TwoAgents| R — R R -B 2 agents 41.5 335 36.0
’ "R RR 3agents 400 320 345
world 1 15.5 7.0
world 2 -16.6 -7.4 world 2
world 3 279 277 2 agents 52.0 83.0 54.0
Three Agents 3 agents 60.0 91.0 620
world 2 15.7 192 4 agents 45.5 76.5 475
world 3 18.4 147 5 agents 36.5 67.5 385
Four Agents world 3
world 1 13.2 18.3 3 agents 455 285 455
Five Agents Table 7: Significant differences between the numbers

world 1 11.7 13.1 of agents, for the optimistic system. (to 1 d.p.)
world 3 -9.0 -13.3 Number of Agents
Six Agents 4 5 6 7 8
world 1 14.3 17.6 world 1
world 2 23.6 22.0 2agent§ 385 475 615 560 57.5
Seven Agents 3agentsy 195 285 425 37.0 385
world 1 20.4 22.6 world 2
world 2 304 29.5 2agent§ 18.0 345 61.0 890 720
Eight Agents 3agents 125 290 555 835 66.5
world 1 22.2 25.2 4agent | NJA 165 43.C 71 54
world 2 22.6 26.7

shows that a system less inclined to avoid obstacle
performs better with a smaller group size than a
system that is inclined to avoid obstacles. Thioal

S5 Discussion makes sense as the smaller the group size, the less
From the results in the previous section, it can bdKely it is that more (previously unseen) obstacle
observed that both the pessimistic and optimistitVill be discovered. The observation that there ds n
systems perform better than the individual systen$ignificant difference between the performancehef t
(when in groups of 6 or more). It can also be okeér Pessimistic and optimistic systems is also inténgst
that both the pessimistic and optimistic system@S this implies that the ability to detect moretables
perform better in larger group sizes (6 or more 4nd Nas the same benefit as the ability to ignore more
or more respectively). These results make sengleeas SON&r noise.  This finding was unexpected and
presence of more agents implies a higher probgbilit"®auires further investigation.

that the agents can take advantage of potenti@ fie A major limitation of the pessimistic and optimésti
sharing, instead of reverting to the individualsystems is their reliance upon accurate odometric
behaviour. The second observation is interestiny as readings. In the experiments carried out in thisepa



it was assumed that no errors occurred. In the real
world errors occur frequently due to wheel slippage
This will have to be accounted for in real world
experiments. [9]

Future work
systems to include group member recognition inorde
improve agent dispersal. We also intend to
investigate the effect of the local group radiustiib

to

systems using dynamic networksiEEE Int.
Conference on Robotics and Automati@n pp
4222 -4227 (2003).

X.-W.T. Liu and J. Baltes, “An intuitive and

flexible architecture for intelligent mobile

robots”, The Second International Conference on
Autonomous Robots and Agents(ICARA)
Palmerston North, pp 52-57 (2004).

includes adapting the multi-agent

increasing and decreasing its size). Other possibld0] R. Arkin, “Reactive robotic systems”, in M.

future work includes, applying this work to a very
large-scale robotic system (hundreds of robots) [5]
and implementing the sharing agents in other common

Arbib, editor, The Handbook of Brain Theory
and Neural NetworksCambridge, MIT Press, pp
793-796 (1995)..

problems such as robotic soccer [6] [13], formatior‘[ll] P.R. Cohen, H.J. Levesque, I.A. Smith, “Omtea

control [19], the coverage problem [7] and hunting
[14]. 1t is hoped the work in this paper can form a
basis for future work in the real world.
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