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Abstract - Achieving cooperation in a team of autonomous
agents is a complex task. To achieve success requires each agent
to have a well grounded understanding of the task and how to
achieve the objectives. As a basis for designing new multi-agent
control architectures, we introduce the notion of gspatial
representation in a group of autonomous football playing robots.
Using Voronoi diagrams to examine data from simulated football
matches, we identify a correlation between our spatial structures,
and the events during match.

I. INTRODUCTION

A common question in robotics and Al is “how do get
a group of agents to self organise?” Humans havacate
ability in this area, whether as part of small aoimous teams
or large hierarchical organisations. We are capabforming
both practical workgroups to undertake tasks orsthe of the
moment, and coordinating by committee to plan foturfe
events. Our ability to cooperate is one that gaveur whole
society. In robotics we endeavour to reproducsat@mmplex
relationships to create robotic teams that are ldepaf a
wider variety of tasks, and more effective operatioGiven
this objective, how can we get robots to plan, dbvi
workloads, coordinate, and interact to make teammem
capable than the sum of their parts?

We approach these problems through our interesihbiot
soccer [1], in which robots compete in teams agaome
another to score goals. Traditionally the aim bése
competitions has been to drive forward robotic tetbgy,
with particular focus on machine vision,
communications and low level control. Now, tearooas the
globe are reaching a stage where there are dinmgishturns
in having the fastest robots, highest resoluticsiovi system,
or most accurate control algorithms. We have neached the
point when robots need to use teamwork to win.

Robot football provides us with an excellent foation on
which to investigate the challenges of
cooperation. It encompasses the traditional proble
associated with multi-robot research, such as machision,
communication, task allocation and planning, buggdeo in a
highly dynamic and competitive environment, whishunusual
in most other team working applications. The aimscore

goals against an opponent team is easy to expreds a

understand, and has the added benefit of allowimgctd
measurement of success against alternative comtethods.

implementing

In contrast, we can also reflect on aspects of nufoatball
and compare their performance with that of our tsho
Specifically we are interested in the complex ietathips
human players form on the pitch.

A. Mirosot Robot Football

We are involved in the competition of Mirosot robot
football, as regulated under the association of AFIR
(Federation of International Robot-soccer Assooigti and
with our partners at the University of Plymouth atite
University of Warwick, we represent the UK at imational
competitions [2]. The Mirosot leagues are playeth weams
of 3, 5, 7, or 11 robots. In this paper we wiltdis on the most
demanding of these, 11-a-side.

The rules of 11-a-side Mirosot state that robotsukh be
less than 7.5cm*7.5cm*7.5cm in size, and play withorange
golf ball on a black pitch, 440cm*280cm. Each teafmobots
is controlled from a central PC through a cameraimted
directly above the pitch (Figure 1). Robots amentified by a
colour patch on their top sides, and controlledatety from
the PC. The vision system identifies the positiand
orientation of each robot, and the position of tial, and
passes this information to the strategy softwardichv
calculates the actions of each robot and broadtiasits via a
radio link. Although essentially a centralised ttohsystem,
we are developing a distributed architecture, sating the
multi-agent dynamics within the PC.

Strategies in Mirosot robot football are curreriibsed on

hardware,hierarchical roles, plays and strategies [3-5],hwite high

level strategy layer governing the overall diregtiof play.
Based on factors such as ball state, player stade pday

Figure 1: Mirosot robot football system



feedback, the strategy level selects plays frormegagmpiled
playbook. Each play contains information concegrtime role
of every robot in that play, additional specific leo
information, and any sequencing or rules for sviftghroles.
At the lowest level, the role layer holds pre-peagmed
positions and actions for each robot. Roles avallysdefined
for the duration of a play, such as goal keepeierdker, and
sweeper etc. but they can also be switched or rassig
temporarily to extend functionality [6]. An exareplvould be
for a kick off, where robots might be given a sewee of
movements to perform before defaulting into theainmrole.
Simple role, play and strategy structures are gindrigure 2.
Strategies may consist of as few as only one orglays.
For example, a one-play strategy would simply use dame

ability to adapt, and tends not to incorporate taeperation.
Any apparent cooperation is usually short lived #rel effect
of a pre-programmed set piece, such as a kick wifiere
robots might be issued with a set sequence of passd
moves. At other times, players tend to work cailaltively,
working toward the same goal, and supporting orghem, but
there is no explicit cooperation between them. hgaayer, in
this case, is usually only a back up in case a gtes foul.

An exception to this rule is the work of Bowlingad. [7]
Their architecture holds a number of alternativaypl and
switches between them during a game by using alinen-
selection algorithm, which adapts to the playingesof the
opponents and promotes plays which produce betteomes.
However, the plays themselves are still pre-prognady with

number of attackers and defenders throughout a hmatcany cooperation confined to set pieces as descebede.

perhaps with some role switching. A two-play gt would
consist of a defensive play, for when the ballnghe home
half, and an attacking play, for when the ball is the
opponent’s half, with different numbers of attagkimnd
defending players. Although sufficient for 5-aesithatches,
the recent introduction of 7 and 11-a-side Mirdseues has
highlighted weaknesses in this approach. A teath Wi
robots requires a much wider variety of roles andram
complex plays. For human coaches this is a diffimental
task, and the mathematical complexity causes pnubléor
automatic role selection algorithms.

Furthermore, this type of architecture is limited its

Role: Goalkeeper

X_target = Goal_X_position

If ball_y_position > Goal_top
Y_target = Goal_top

If ball_y_position < Goal_bottom
Y_target = Goal Bottom

Else
Y_target = ball_y_position

End

Goto (X_target, Y_target)

Play: Defensive
Priorityl = Nearest_Robot_to_Goal
Priority3:PriorityN = available_robot_ID
Role(Priorityl) = Goalkeeper
Role(Priority2) = Arc_Defender(origin, offset_angtadius)
Role(Priority3) = Arc_Defender(origin, offset_aagtadius)
Role(Priority4) = Line_Defender(pointl, point2)
Role(Priority5) = ...

Strategy: Basic

If user_event = center_kick
Play = Kickoff

Else if ball_X_position < centreline
Play = Defensive

Else
Play = Attacking

End

Figure 2: An example of simplified role, play artthgegy functions

B. Multi-Agent Architectures

Cooperative multi-robot architectures are maidgused
on two areas: Task allocation and task executiohask
allocation is the autonomous division of a taskuitgd by a
user, between available robots. Schemes for thgkation
are based on several approaches, the most pogitay: b

* Auctions and markets — based on the contract net

protocol. An auctioneer agent broadcasts a task fo
execution. Each agent makes a bid for that taskda
on its estimated costs. By holding a number of
rounds of auction, a near optimal solution can be
found. In some systems it is possible to sub-ancti
tasks [8-10].

* Voting — each agent votes on which task it should
perform based on it's perception of the situatiod a
it's abilities [11, 12].

e Motivation — agents are motivated by concepts such
as impatience and acquiescence. If an agent spends
too long doing a task (which may indicate robot
failure) another agent will become bored of waiting
and seize the task. Similarly, if a robot repelgted
fails to perform a task, and can sense it's fajlitre
will retire from that job and search for anothe3][1

Task execution is the problem of carrying out aktas

shared among robots. For example, a popular proldewo
or more robots moving an object too large or hefawvyone
robot to handle. Schemes for task execution irclud

» Behaviour exchange — a behaviour-based approach
where high level functionality is composed by
coordination of more basic behaviours distributed
across a set of robots. Behaviours can interaosac
the network, allowing sensors on one robot to drive
motors on another [14].

e Leader-follower — One agent becomes a team leader
and takes responsibility for the entire task, dafieg
commands to other agents for the duration of its
leadership [15].

* Markets — similar to the auction method of assignin
tasks, but using shorter duration tasks and holding
auctions more frequently. This is adequate fokgas



where jobs are not closely coupled, i.e. where jobgass to player B, player C must move intercept plaasts. In

are not closely orchestrated simultaneously [16].
All the above schemes require well defined tasksh as
move object A to point B, or assign destinations D,, and

doing so, player C moves out of position, and pia&yean slip
past. We say that player B has drawn player Gbpbsition.
Human players find it relatively easy to spot thepatial

Ds to robots R R,, and R. Although the end result of robot structures, which enable players to cooperate @fulisvays.

football, to score goals, is well defined, how thiave them is
not so obvious. At a simple level, we could saig imply to
move object BALL to point GOAL, but of course thesee
many more factors involved.

In contrast, these spatial configurations are daliffi to spot,
and under utilised in robot football.
By representing these ideas in a form comprehengipl

How do we move BALL toour robot footballers, we aim to create a form obat

GOAL whilst avoiding OPPOSITION? How do we know perception which will simplify the problem of coalling a

when to pass, and when to shoot? Before we cdthetéioe
problem of coordination in a team of robots, wedée be
able to clearly identify the tasks required to freabeir
objective. The role selection protocols used irrent robot
football architectures are based on an over simaglifiew of

the game, and so our aim is to find new and more

comprehensive ways of representing the robot foiotidosk.

This, then, is our problem. How can we repreghat
intricate requirements imposed upon a team in aegafmobot
football? Can we identify structures and sub-goatsch
simplify the overall objective of robot football tm
comprehensible tasks?

In this paper, we describe our experiments ineggmting
the task of robot soccer at a team level by anadyie spatial
distribution of agents using Voronoi diagrams.

C. Spatial Awareness and Perception

Human footballers are experts at mastering spadeey
demonstrate remarkable skills in movement and pémg
well beyond the current state of the art in rotsti@lthough
they base their game on the skills and set pidess ractice
before a match, the successful implementation edettactics
depends on the players’ abilities to control spacdadentify
predefined plays from the positions of players atbthem,
and create formations on the pitch to enable thaags.
Players do not even need to touch the ball to lestalmake a
great contribution to their team. Consider thel\kebwn set
piece described in Figure 3. Players A and B dr&cleers
from the same team. Player C is an opponent defemdho
threatens to tackle player A for the ball. If @ayA feigns a
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(a) Player C threatens player A,(b) Player C moves to intercept
who feigns a pass the pass, allowing player A to slip
past

———

Figure 3: The two-on-one configuration

team of cooperative agents, to one that is alnmbgitive.
Our interest in these spatial configurations lesl ta
develop the space-time possession game.

Il. THE SPACETIME POSSESSIONGAME

In our earlier work [17], we separated the concept
spatial representation from the game of footbdlhe result
was the space-time possession game, a cellulamatdoin
which two teams of agents competed to control sjpaca 2-
dimensional pitch. In the game, the pitch is didddup into
cells, each of which is owned by the closest adplayer
space), and, by extension, that agent’s team (&gmoe). By
outmaneuvering the opposition, it is possible foe deam to
control a larger area of the pitch. Results frdris twork
showed that a team in which agents cooperated datped a
team composed of non-cooperating individuals.

In these initial experiments we used image proogssi
techniques to evaluate the ownership map. Theepsing
time for this analysis increased exponentially witch size,
leading to a slow turn rate on pitches representiad world
camera resolutions. Although not critical in tlguirements
of the space-time possession game, a faster methieduired
to analyse the images captured in a robot footbgdtem.
Predicting these problems, we improved our methods,
implementing an analysis based on Voronoi diagrams.

A. The Voronoi Diagram

A standard Voronoi diagram is composechdéssellating
convex hulls, or Voronoi polygons, which are definas
follows. Consider a set of points in a plaRe{p1,pz,....7}-
For any poinf; there exists a locus of points (X,y) in the plane
that are closer tp, than any other point in the d&t These loci
form the Voronoi polygons, which we have referren t
previously as a player’s space. In ordinary Vorddiagrams,
boundaries between external pointsPirstretch of to infinity,
and have infinite area. Since we are only integtsh a
player's space within the perimeter of the pitche w
constructed a bounded Voronoi diagram, in which gteh
boundaries were added to all open Voronoi cellgui& 4).

Since the Voronoi Diagram is calculated directlynfrthe
positions of the players, it is much more efficiemt
segmenting large areas than the cellular automatach
analyses the empty spaces. This means a Vororagr&m
can be used on much larger pitches and create rhighe
resolution divisions of space. The complexity lné &/oronoi
diagram varies with the number of agents, whereas¢llular
automata varies with pitch size. Since we will Usng a



Figure 4: Bounded Voronoi diagram showing playerd #heir associated
areas

relatively small number of agents in comparisonhi® size of
the playing area, the Voronoi diagram is the magmerapriate
option for our task.

I1l. ROBOCUP SIMULATION LEAGUE ANALYSIS

Using our new model of spatial perception, we tdrne
back to the game of football to investigate the aiyits of
team space during a match. Our aim was to findtlvenea
relationship exists between the distribution ofmespace and
the states of play during a football match. Similsork by
Kim [18], examined player space with relation tatery
conditions in a simulation of real football. Henctuded that
to win, a team did not necessarily have to corttnel largest
area on average during a match, but that in omlescore a
goal, a team did need to be in control of a laagea of pitch
at that moment. Our experiments differ from Kiririghat we
are not only examining victory conditions, but s#démg for
relationships which exist throughout a match.

We based our own tests on data from the RoboCup
simulation league. In this league, teams of 1Inegyeompete
in a simulated environment, based on the RoboCugll simed
league, which is itself similar to Mirosot. Thensilator logs
information about the agents and the ball, for ywaiatch
played, and records are published on the intertiding our
possession game, we examined seven different nsatche
representing a variety of winning conditions, amserved the
changes in team space, player space, the goaklsdsaord the
position of the ball during play.

Figure 5 shows the time taken to run 1000 gameesycl A. Team Space Analysis

using both the cellular automata and the Voronaesieas of
the possession game, with players making randonements.
For large numbers of players on a small pitch, ¢eular
automata gives the fastest response, but its spagidly
decreases as pitch size is increased. Convetbkely/oronoi
method is much faster, slowing only as large nusbafr
players are introduced.

Mirosot robot football is typically played using ages of
640*480 pixels, at 30 frames per second (fps). Hoa-side
games, the Voronoi method can analyse one framgame

We began by measuring the amount of pitch owned by
either team in each of the seven matches, and cechpheir
average ownership to the number of goals scordte r@sults
are shown in Table 1. In Match 5 we observed #woisd
largest goal difference of any match, and the ktrgeerage
margin in pitch possession by the winning teamweieer, the
largest goal difference is in match 2, which has of the
smallest average pitch possession margins. Exagithie
relations between goal difference and pitch maifgin the
remaining matches, it is difficult to suggest tbhantrolling the

cycle in 22.9*10s, or a rate of 43fps, within the requirementsmajority of the pitch is sufficient to win a match.

of our robot football system.
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Figure 5: Speed comparison of the cellular autoraathVoronoi
possession games

We furthered this research by analysing the change
possession throughout game 5. By monitoring andrding
key events, such as an intercepted pass, we formed
relationships between our definition of team spaoe the
changing state of the game. Figure 6 shows hosndéiam A
controlled specific quantities of pitch.

The total area of the pitch is 7140 units, and we c
clearly see that team A mainly controls only a ti@t of this,

TABLE 1
AVERAGE POSSESSION SCORES IN SIMULATED ROBOT FOOTBAMATCHES
Match | Score | Average team| Average Maximum team
(A-B) possession as % possession | possession as %

of pitch difference | of pitch

A B A B
1 0-0 44.89 55.11 10.22 74.42 78.50
2 10-0 51.73 48.27 3.46 71.54 78.59
3 1-2 48.39 51.61 3.22 75.41 75.46
4 0-0 54.48 45.52 8.96 74.95 79.13
5 0-6 42.14 57.86 15.72 76.01 79.97
6 4-3 54.23 45.77 8.46 80.36 74.648
7 3-0 51.28 48.72 2.56 76.76 74.41
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Figure 6: Frequency with which team A controlledas of pitch

around 2500 units. This low ownership is reflectsdthe
team B being in possession of the ball for 78%hef atch,
and team A playing defensively. It should be noteat the
significant feature relating to a possession sobr&600 is an
effect of the time spent in the kickoff positiorteafeach goal
is scored, and as such is not a proportional reptason of
team A’s influence.

From the simulations, we observe that larger tepates
are usually linked to attacking plays, and smabees to
defensive plays. In terms of spatial configuragion large
team space facilitates easier passing and movementercept
stray balls, which is desirable in an attackingrfation. In
contrast, small team and player spaces
configurations of players, which are better for tpoting a
small area and intercepting passes and shotstinetijian.

However, as concluded earlier, it is not sufficiemtstate
that by controlling more space a team is more Yikel score
goals. Neither is it appropriate to state thagaart in control
of a larger area will be on the attack. For eitbbthese to
hold any merit, the team in question must be irspssion of
the ball.

B. Movement on the Ball

We examined the relationships between team spate
ball position. Figure 7 shows ball position datad space
distribution from a portion of match 5. The ardat [is taken
from the perspective of team A, with equal contretween
teams indicated by a magnitude of zero. Positiatues
indicate more control exerted by team A, and negatalues
indicate increased control by team B. The plotbafl x-
position has been rescaled in amplitude, but hdasbeen
altered frame wise. The x-axis for ball positiendefined as
the line passing through the centre of both goalth®

A relationship can be seen between the two ploi) w
both having similar major features. These featam@sear in
close phase to one another, with a difference mgrigetween
20 and 30 frames. This relationship between kaditipn and
team space is evident throughout each of the sswemlated
matches. The relation between these two signalsiase
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Figure 7: Comparison of ball movements and coredodipace

clearly shown in Figure 8, which depicts the speofrthe two
signals over the entirety of the match. From thesalts, it is
clear that there is a relationship between tearsespad ball
position.

Our experiments indicate that once a team has ggisse
of the ball, it adopts a broad spatial configunatiavhich
facilitates passing and safe movement about thud.pitit the
same time, the opposition forms a much tighter iapat
configuration to protect specific areas of pitctr, lmock
opponent players. As the ball is moved furtheraaivthe
goal, the attacking players increase their cortvelr the pitch,
whilst their opponents form tighter, more defenssteictures

indicatdt tig around their home goal. The phase lag betweenigheals in

Figure 7 is due to the reaction times of the rofomtball
system.

An example of this spatial structuring is showrFigure
9. Here, team A (controlling the area in whiteydahe ball
and are attempting to shoot at team B’s goal, errigght hand
edge of the image. Team B (grey area) has respohgle
forming a tight defensive structure around the @tayn
possession. To keep the ball, team A must makasa o a
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Figure 8: Spatial control and ball variance spectra



Figure 9: A tight defensive configuration restriats opponent’s passing
opportunities

safe, team controlled area (indicated by the aryowhich is

made difficult by the intermediate opposition spacéy

focusing on the key area surrounding the ball, tBaoontrol

more useful areas, enabling them to intercept assgs, or
stray balls in the region. In contrast, the spatimfiguration

of team A, although covering more, gives it litthfluence in

the region of interest, making it difficult to shfg@ass the ball.
In this instance, Team A fails to make a pass,taath B gains
possession of the ball.

IV. CONCLUSIONS

In this paper we have introduced spatial repretientas
a technique for control and analysis of teams afagyically
interacting agents. We have identified robot fadiths a task
with interesting spatial structures, and highlightéhe
shortcomings of typical control strategies in thedd. After
considering popular multi-agent architectures, vemctude
that a better representation of the game is firsityuired.

Taking inspiration from the spatial perception ainfan
footballers, we introduce the Voronoi diagram aehnique
for representing a teams control over the pitchl, iamestigate
the ideas of player space and team space in sidutatot
football matches. Our results show a strong cafii
between the movements of the ball, and the digtabuof
team space, whilst also proving that simply cotitrgimore of
the pitch is not sufficient to win a match. We whihat the
control a team exerts over the pitch is proportioma its
attacking or defending stance, and demonstratertpertance
of controlling specific areas of useful space.

The findings of this work provide us with a ba$s
forming more flexible team strategies. Using thieas
presented here, we will implement a high leveltettg on our
Mirosot system.
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